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Abstract
Computational Modeling of Metal-Organic Frameworks for the Catalytic Hydrolysis of Nerve
Agents and Their Simulants

Matthew L. Mendonca

The effective capture and detoxification of chemical warfare agents (CWAs) is a pressing
need in the modern world. Materials are needed for both the destruction of weapon stockpiles and
personal protection via fabric coatings or respirators. Attractive candidates for these applications
include metal-organic frameworks (MOFs) — highly crystalline materials composed of metal
nodes connected by organic linkers — due to their high porosity, large surface area, high
concentration of active sites, and chemical functionality that can be tailored towards specific target
molecules. Previous experiments, performed in buffered solution, have shown that Zr(IV)-MOFs
can catalytically degrade organophosphate-based nerve agents into nontoxic products within
minutes via hydrolysis of the phosphate ester bond. This dissertation uses a molecular modeling
approach to study the detailed reaction mechanisms and binding interactions involved in MOF-
catalyzed nerve agent hydrolysis to help elucidate experimental observations and screen for
promising candidate materials with potentially better performance for CWA detoxification.

By performing density functional theory (DFT) calculations, we explore the effects of
temperature-induced node dehydration and distortion as well as varying node topologies,
connectivities, and metal identities on the catalytic activity of M(IV)-MOFs for solution-phase
organophosphate hydrolysis. To address the recent experimental observation of product inhibition
in gas-phase nerve agent hydrolysis by Zr-MOFs, we examine the promising alternative of

depositing single-atom transition-metal catalysts on MOF nodes to facilitate catalytic turnover.
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Additionally, we perform a DFT screening to identify highly predictive nontoxic simulant

molecules as candidates for safer and more accurate experimental studies of nerve agent
hydrolysis. Throughout the dissertation, we also derive quantitative structure-activity relationship
models and perform statistical analyses to determine the most important features for describing the
hydrolysis barriers and binding energetics involved in organophosphate hydrolysis reactions.
Broadly, the body of work described in this dissertation establishes design principles that can be
used to guide future experimental testing for the optimization of MOF catalysts for nerve agent

hydrolysis.



Acknowledgements

I would like to thank my advisor, Professor Randall Q. Snurr, for his mentorship,
encouragement, and support throughout my PhD. The research in the Snurr group was what
convinced me to come to Northwestern, and I am so grateful that I was able to work on such an
interesting topic for the past few years with one of the world leaders in molecular modeling
research. To the rest of my committee, Professors Linda J. Broadbelt, Omar K. Farha, and Justin
M. Notestein, thank you for your time and valuable suggestions and for providing challenging and
insightful discussions during my PhD milestones.

I am also grateful to all previous and current members of the Snurr group for their help.
The presentations at group meetings and the discussions in the office have helped me become a
better researcher and communicator. I would especially like to thank Dr. Haoyuan Chen for being
an excellent collaborator and source of knowledge in our subgroup. I am very thankful to have had
the opportunity to learn from Professors Omar K. Farha and Joseph T. Hupp; without their
experimental expertise and their pioneering of the field of MOFs for CWA detoxification, my
research would (literally) not have been possible. I would also like to thank Prof. Peilin Liao,
Debmalya Ray, Prof. Christopher J. Cramer, Dr. Rungmai Limvorapitux, and Prof. SonBinh T.
Nguyen for their collaboration and input on various manuscripts.

I would like to thank movies/TV shows/board games for keeping me sane and my Chicago
Fire Rec Soccer team, Give ‘Em El, for keeping me healthy. I would especially like to thank my
friends and family for all their support. Most importantly, I would not be here without my mother
(Thelma Mendonca), my father (Daniel Mendonca), and my brother (Michael Mendonca); thank

you for always believing in me. To Jessica (Jorp) Yu, this dissertation is dedicated to you.



Table of Contents

ADSIIACE ..ot e 3
ACKNOWIEAZEIMENLS ... ..ttt et 5
LSt Of FiGUIES .. .e ettt e e 10
LASt OF TaDIES ...t 18
List OF SChEMIES ... .ottt 27
Chapter 1: INtrodUCHION ......u i e et e e 28
1.1 Methods for Detoxification of Chemical Warfare Agents .................ccoveiiiiin... 28
1.2 Metal-Organic Frameworks ...........ooiiiiiiiiiiii e e 30
1.3 MOFs as Catalysts for Nerve Agent Hydrolysis .............cooiiiiiiiiiiiiiii, 31
1.4 Density Functional Theory Calculations ...............cooiiiiiiiiiiiiiii e 33
1.5 Importance of Modeling for CWA Detoxification Research ......................coooia. 37
1.6 Outline of DISSETtation ........c.ciuitintit ittt e 40

Chapter 2: Screening for Improved Nerve Agent Simulants and Insights into Organophosphate

Hydrolysis Reactions from DFT and QSAR Modeling ...........c.ccoiiiiiiiiiiiiiiiiii, 42
0 B 012 (0T L1 T3 T ) 42
2.2 Computational Details ..ot 46
2.3 Results and DISCUSSION ..e...etttntit ettt e 47

2.3.1 DFT Screening for Improved Nerve Agent Simulants ....................coooeiian 47
2.3.2 QSAR Modeling — Calculation of Molecular Descriptors ...............ccceevviininnnn. 54
2.3.3 QSAR Modeling — Linear QSAR Model Development .................ccoovvienn..n. 58

2.3.4 QSAR Modeling — QSAR Model Validation and Predictions ......................... 61



7
2.3.5 QSAR Modeling — External Predictions and Assessment of Applicability Domain

2 CONCIUSIONS e, 68

Chapter 3: Insights into Catalytic Hydrolysis of Organophosphate Warfare Agents by Metal—

Organic Framework NU-1000 ....... ..ottt e 71
R 0107 1817 5103 71
3.2 Computational Details ...........oouiiiiiii e 73
3.3 Results and DISCUSSION .. ..euuutntintinttttett ettt et 74

3.3.1 Uncatalyzed Hydrolysisof DMNP ..ot 74
3.3.2 Catalytic Effects of NU-1000 ........ccoiitiiiiiiii e 75
3.3.3 Effect 0f NOde DiIStOTtION ....eetuentitieiit et 79
R 0] 1 o3 L] 103 41 83

Chapter 4: Exploring the Effects of Node Topology, Connectivity, and Metal Identity on the

Binding of Nerve Agents and Their Hydrolysis Products in Metal-Organic Frameworks ......... 84

O T 113 (04 L et o) P 84
4.2 Computational Details ............ooiiiii i &9
4.2.1 Periodic Calculations ...........o.oiiuiitintii i &9
4.2.2 Cluster Model Calculations .............ooueiiiiiiiii e 89
4.2.3 QSAR Modeling Details ........o.oiuiiiiiii i 91
4.3 Results and DISCUSSION .. ....uuueutintintet ettt e 91
4.3.1 Rationale for Molecules Chosen for Study ..o, 91

4.3.2 Binding Energy Formulas .............oooiiiiiiiii e, 94



8
4.3.3 Effects of Node Topology and Connectivity on Binding Energies for Zr(IV)-MOFs

......................................................................................................... 96
4.3.4 Effect of Node Metal Identity on Binding Energies for M(IV)-MOFs ............... 104
4.3.5 QSAR Modeling: Rationale for Selected Descriptors .............ccevvviviiiinnnnnnn. 110

4.3.6 QSAR Modeling: Most Important Descriptors for Describing Organophosphate

Binding to MOF NOAES ... ..oniiiiiiee e e e 117
4.3.7 QSAR Modeling: Model Predictions and Applicability Domains ..................... 121
4.4 CONCIUSIONS ...tee ettt ettt aeaea 126

Chapter 5: Computational Screening of Metal-Organic Framework-Supported Single-Atom

Transition-Metal Catalysts for the Gas-Phase Hydrolysis of Nerve Agents ......................... 129
ST INITOAUCTION ..ottt e e e e e 129
5.2 Computational Details ...........oouiiuiiiii i 133

521 CIuster MOdelS ..neeneiei e 133
5.2.2 Electronic Structure Calculation Details ..., 134
5.3 Results and DISCUSSION ..ceu.uuntttt ettt 136
531 BInding ENeTgIies ......onuiniiii e 136

5.3.2 Catalytic Cycle and Validation of Formate Cluster Model for Ti'V-NU-1000 ...... 138

5.3.3 Effect of Transition Metal on Key Barriers .................oooiiiiiiiiiiiiinnn. .. 142
5.3.4 Comparison of Full Pathways ..............cooiiiiiiiii e 145
5.3.5Relative TOFS ...t 149
5.3.6 Catalytic Descriptor Relationships ..............oooviiiiiiiiiiiiii e 155
5.4 CONCIUSIONS ..ttt ettt ettt et et e aeaees 158

Chapter 6: Conclusions and Future DIreCtions ...........o.oviiiiiiiniiiiiiiii i eieiieeeenaans, 161



0.1 SUIMIMATY ...ttt e e e e et et e et e e e eaens 161
6.2 Recommendations for Future Research ... 164
RETETONCES .....eeeei e 167
Appendix A: Supporting Information for Chapter 2 .............c.oooiiiiiiiiiiiiiiiiice 185
Appendix B: Supporting Information for Chapter 3 ... 226
Appendix C: Supporting Information for Chapter4 ...t 238

Appendix D: Supporting Information for Chapter S .............cooooiiiiiiiiiiiie 292



10
List of Figures

Figure 2.1. Differences in DFT-calculated hydrolysis free energy barriers for the first transition
state, |AAGTsi|, for simulants relative to (a) soman and (b) sarin vs. their toxicity endpoint. The
horizontal grey line indicates [AAGrsi| < 3.25 kJemol! as the energy barrier criterion for an
improved simulant. The vertical purple line indicates LDso —logio < 2.50 molekg™! as the
toxicity criterion. The black vertical line indicates LDso —logio = 4.88 molekg™! (toxicity of
DMNP), the red vertical line indicates LDso —logio = 5.66 molskg™' (toxicity of soman), and
the blue vertical line indicates LDso —logio = 5.41 molekg! (toxicity of sarin).................. 51

Figure 2.2. Calculated molecular descriptors used in the QSAR analysis, using the structure of
soman as a representative example. *Note that all descriptors were obtained through DFT
calculations, except for the conjugate acid pK, of the leaving group. The experimental pKa
values were taken from available databases and correspond to those values listed in Table
7 P 55

Figure 2.3. Comparison between observed (DFT-calculated) free energy barriers with
those predicted by the optimal predictive QSAR model developed using the random
selection algorithm, eq 2.12. The dashed line shows the relationship ypred = Vobs, where
data points for ideal models should lie close to this line....................oooii 64

Figure 2.4. (a) Williams plot showing the applicability domain for the optimal predictive
QSAR model developed using the random selection algorithm, eq 2.12. The horizontal
purple lines signify the bounds for the standardized residuals (at + 3 standard
deviation units). The vertical purple line represents the cut-off leverage (A*). The
numbers correspond to molecule numbers, established in Table A.3. (b) The structures
of the five numbered molecules.............oooiiii 66

Figure 3.1. Chemical structures of two G-series nerve agents and a simulant that have been

studied for catalytic hydrolysis on Zr-based MOFs.............ccoiiiiiiiiiiiiiiii i, 72
Figure 3.2. Illustration of the uncatalyzed alkaline hydrolysis mechanism of DMNP.
Optimized TS structure and key bond lengths (in A) are also shown........................ 75
Figure 3.3. The catalytic cycle of DMNP hydrolysis on a NU-1000 node....................... 76

Figure 3.4. Schematic drawing (bottom) and optimized RS (node-DMNP complex) and TS
structures (top) of the DMNP hydrolysis reaction catalyzed by the Zrs node in NU-1000.
Key bond lengths are expressed in A. The organic linker molecules in NU-1000 are also
included in the computational model but omitted in the images for clarity................. 77

Figure 3.5. Comparison of the reaction free energy profiles of uncatalyzed (black), regular
NU-1000 node-catalyzed (blue), and distorted NU-1000 node-catalyzed (red) DMNP
hydrolySiS TEACTIONS. . . ...ttt ettt ettt et e et e e e e e e 78



11

Figure 3.6. Partial charges on key atoms at the TS on the NU-1000 node (light grey bars) and
at the uncatalyzed TS and metal node alone (dark grey bars), from NBO analysis........ 79

Figure 3.7. Schematic drawing (bottom) and optimized RS (node-DMNP complex) and TS
structures (top) of the DMNP hydrolysis reaction catalyzed by the distorted Zrs node in
NU-1000. Key bond lengths are expressed in A. The organic linker molecules in NU-1000
are also included in the computational model but omitted in the images for clarity....... 81

Figure 3.8. Fitting of experimental kinetics data from Mondloch et al.! of the catalyzed and
uncatalyzed DMNP hydrolysis reactions. Adapted from ref 1 with permission from
Springer Nature: Nature Materials. Copyright 2015....... ..., 82

Figure 4.1. (a) Chemical structures of the 24 molecules explored as adsorbates in our study,
including 6 nerve agents, a nerve agent simulant (DMMP), and their hydrolysis products.
Structures in red, green, and black correspond to neutral molecules, bidentate anions, and
monodentate anions, respectively. The numbering of molecules is used for simpler reference
throughout the text. (b) Cluster model representations of the fully hydrated states of the 6 MOF
node sites that we considered as binding sites for the 24 molecules. Dark gray, white, and red
spheres represent C, H, and O atoms, respectively. The spheres below each node represent the
different metals (M = Zr, Hf, Ce, Th) considered for that particular node. Dashed trapezoids
are included for NU-1000 (large pore) and NU-1000 (c pore) to clarify which binding site was
considered for these NOAES. .........ooiui i 85

Figure 4.2. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol
and thiol hydrolysis product molecules, (d) bidentate anion products, and (e) monodentate
anion products bound to 6 different Zr(IV)-MOF node sites............ooviviiiiiiiiiineennn.. 97

Figure 4.3. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol
and thiol hydrolysis product molecules, (d) bidentate anion products, and (e) monodentate
anion products bound to the nodes of M-bi(trans)-defect UiO-66 (M = Zr, Hf, Ce, Th)...... 106

Figure 4.4. Top-down view of the node-noOH; binding site of Zr-NU-1000 (large pore) with
labels for the metal, bridging oxo, bridging hydroxyl, and terminal hydroxyl atoms referenced
in the node descriptors used for QSAR modeling. Dark gray, white, red, and turquoise spheres
represent C, H, O, and Zr atoms, respectively. The purple sphere denotes a dummy atom used
to help visualize the linker bite angle, which is shown by the dashed lines.................... 115

Figure 4.5. Comparison between observed (DFT-calculated) binding free energies with those
predicted by the optimal predictive QSAR model developed for (a) the neutrals dataset (eq 4.9)
and (b) the bidentates dataset (eq 4.10). The dashed line in each plot shows the relationship
Vpred = Yobs, Where data points for an ideal model lie close to this line.......................... 124

Figure 4.6. Williams plot showing the applicability domain for the optimal predictive QSAR model
developed for (a) the neutrals dataset (eq 4.9) and (b) the bidentates dataset (eq 4.10). The



12
horizontal lines in each plot signify the bounds for the standardized residuals (at + 3 standard
deviation units). The vertical line in each plot represents the cut-off leverage (h*)........... 125

Figure 5.1. (a) Structure of NU-1000, viewed along the crystallographic ¢ direction,
highlighting the 31 A hexagonal and 10 A triangular channels (visualized using iRASPA?).
Brown, white, red, and green spheres represent C, H, O, and Zr atoms, respectively. (b)
Simplified representation of a NU-1000 node before and after metal deposition by AIM
or SIM. For simplicity, only one single-atom site is depicted, although it is possible to
deposit additional single-atom sites on the three remaining faces of the node............ 131

Figure 5.2. (a) Representation of M—NU-1000 systems with metals in +2, +3, and +4 oxidation
states. (b) Optimized NU-1000 and (¢) Ti'V-NU-1000 (base catalyst denoted as Ti'V—OH)
formate cluster models. Dark gray, white, red, turquoise, and light gray spheres represent
C,H, O, Zr,and Ti atoms, respectively........cooooiiiiiiiii e, 133

Figure 5.3. Binding free energies for sarin, water, and IMPA to (a) M'-NU-1000, (b) M-
NU-1000, and (¢) M!V-NU-1000 SYStEMS. . ... ...ueurineerie ettt eeeaeeeaeananenns 137

Figure 5.4. Comparison of the reaction free-energy profiles for gas-phase sarin hydrolysis
catalyzed by the formate (solid line) and benzoate (dashed line) cluster models of Ti'V—
NU-TO00. .. e 140

Figure 5.5. Effect of transition-metal identity and oxidation state on the free-energy barrier to
form INT; and the free-energy barrier to desorb the IMPA product from the active site of
M-NU-1000 systems, where the optimal metals are located closest to the origin. As a
visual aid, we classify metals as “ideal” if they exhibit barriers lower than 100
KI/MOL. . . 143

Figure 5.6. Comparison of the reaction free-energy profiles for gas-phase sarin hydrolysis
catalyzed by single-atom M—NU-1000 systems as well as unfunctionalized NU-1000. The
labels I; and 7; correspond to the terminology used in the energetic span model for
intermediates and transition states, respectively.........ocoeviiiiiiii i, 148

Figure 5.7. Calculated activation free energy (AGITUC) for nucleophilic attack as a function of
(a) the reaction free energy (AGrn) for nucleophilic attack, (b) the calculated NBO
population of the d orbitals of the base catalyst (M—OH) metal atom, and (c) the calculated
NBO charge of the base catalyst (M—OH) metal atom for 19 M—NU-1000 systems. The
dashed lines represent linear regression relationships. ..., 156

Figure A.l1. DFT-calculated free energy barriers for the first (or only) transition state in the
hydrolysis reactions for 119 organophosphate molecules vs. their toxicity endpoint. The
negligible correlation coefficient indicates no correlation...............c.oooviiiiiiiinnn.. 199

Figure A.2. Differences in DFT-calculated hydrolysis free energy barriers for the first transition
state, |[AAGrsi|, for simulants relative to (top) soman and (bottom) sarin vs. their toxicity
endpoint. The horizontal grey line indicates |AAGrsi| < 3.25 kJ/mol as the energy barrier



13
criterion for an improved simulant. The vertical purple line indicates LDso —logio <2.50 mol/kg
as the toxicity criterion. The black vertical line indicates LDso —logio = 4.88 mol/kg (toxicity
of DMNP). The red vertical line indicates LDso —logio = 5.66 mol/kg (toxicity of soman). The
blue vertical line indicates LDso —logio = 5.41 mol/kg (toxicity of sarin)........................ 200

Figure A.3. Training set leave-one-out correlation coefficients for the 100 QSAR models generated
using (top) random selection, (middle) cluster by rank, and (bottom) modified cluster by rank
algorithms. Red points indicate the optimal model for each dataset division algorithm...... 216

Figure A.4. Test set correlation coefficients for the 100 QSAR models generated using (top)
random selection, (middle) cluster by rank, and (bottom) modified cluster by rank algorithms.
Red points indicate the optimal model for each dataset division algorithm..................... 217

Figure A.5. Test set root-mean-square errors for the 100 QSAR models generated using (top)
random selection, (middle) cluster by rank, and (bottom) modified cluster by rank algorithms.
Red points indicate the optimal model for each dataset division algorithm..................... 218

Figure A.6. Test set Spearman’s rank correlation coefficients for the 100 QSAR models generated
using (top) random selection, (middle) cluster by rank, and (bottom) modified cluster by rank
algorithms. Red points indicate the optimal model for each dataset division algorithm...... 219

Figure A.7. Comparison between observed (DFT-calculated) free energy barriers with those
predicted by the optimal predictive QSAR model developed using the random selection
algorithm (eq 2.12 in the main text). The dashed line shows the relationship y,res = Vos, Where
data points for ideal models should lie close to this line..................cooooi . 223

Figure A.8. Distribution of residuals for the optimal predictive QSAR model developed using the
random selection algorithm (eq 2.12 in the main text). The (top) histogram of raw residuals
and (bottom) normal probability plot of raw residuals show that the residuals have an
acceptable normal distribution, with one outlier (molecule 119).......................ooni. 224

Figure B.1. Starting structures of (left) regular and (right) distorted NU-1000 node used in this
work. Color scheme: H - white, C - grey, O -red, Zr-cyan............cccooevviiiiiiiiennannn... 228

Figure B.2. Comparison of the binding mode of DMNP on (left) regular and (right) distorted NU-
1000 node. Color scheme: H - white, C - grey, N - blue, O - red, P - orange, Zr - cyan...... 228

Figure B.3. Comparison of the free energy profiles of the DMNP hydrolysis reaction catalyzed by
(top) regular and (bottom) distorted NU-1000 node obtained (left) without and (right) with
dispersion corrections. “Sep. R”, “RS”, “TS”, and “Sep. P correspond to separated reactants,
node-DMNP complex, transition state, and separated products, respectively.................. 229

Figure C.1. Hypothetical hydrolysis pathways for the nerve agent and simulant molecules
occurring on M(IV)-MOF nodes, using the molecule numbering established in Figure 4.1a of
the main text. The terminology “Node—N" represents molecule N bound to the node. Numbers
listed above the curved reaction arrows represent hydrolysis product molecules (monodentate



14
anions, alcohols, and thiols) released into solution. The question marks in the pathways for A-
230 and A-232 indicate that the full hydrolysis mechanisms for these Novichok agents are
currently UnKnOWN. ... 238

Figure C.2. Optimized cluster models for the (a) node-noOH>, (b) node—-noOH, and (c) node—
noOH>,OH bare node structures of Zr-NU-1000 (large pore). The benzoate linkers around the
binding site are shown in tube format for clarity, and only the top half of the node is shown to
highlight the site where binding occurs. Dark gray, white, red, and turquoise spheres represent
C,H, O, and Zr atoms, respectiVely.........ooiiiiiiiiii e, 239

Figure C.3. Optimized cluster models for molecules (a) 6 (sarin, GB), (b) 8 (isopropanol), (c) 7
(isopropyl methylphosphonic acid, IMPA), and (d) 10 (fluoride anion) bound to the node of
Zr-NU-1000 (large pore). The benzoate linkers around the binding site are shown in tube
format for clarity, and only the top half of the node is shown to highlight the site where binding
occurs. Dark gray, white, red, orange, light blue, and turquoise spheres represent C, H, O, P,
F, and Zr atoms, 1€SPeCtiVely . ......oiiiit ittt 240

Figure C.4. Optimized cluster models for the three possible orientations of GB (6) bound to the
node of Zr-NU-1000 (large pore), along with their relative binding free energies. Each
orientation is named according to the R group (F, CH3, or OiPr) that is approximately collinear
with the neighboring terminal node Zr—OH group. The benzoate linkers around the binding
site are shown in tube format for clarity, and only the top half of the node is shown to highlight
the site where binding occurs. Dark gray, white, red, orange, light blue, and turquoise spheres
represent C, H, O, P, F, and Zr atoms, respectively...........c.ooiiiiiiiiiiiiiiiiiieenn. 241

Figure C.5. The effect of molecular solvent-accessible surface area (S4.0/) on (a) the dispersion
energy and (b) the binding free energy computed for node-bound neutral molecules. Neutral
molecules refer to molecules 1, 3, 6, 8,11, 13, 14, 17, 18, 20, 22, 24, and H20............... 243

Figure C.6. Optimized cluster models for the two possible orientations of IMPA (7) bound to the
node of Zr-NU-1000 (large pore), along with their relative binding free energies. Each
orientation is named according to the R group (CHj3 or OiPr) that is directed towards the
bridging node hydroxyl group at the binding site. The benzoate linkers around the binding site
are shown in tube format for clarity, and only the top half of the node is shown to highlight the
site where binding occurs. Dark gray, white, red, orange, and turquoise spheres represent C,
H, O, P, and Zr atoms, reSpectively...........ooiiiiiiiii e 243

Figure C.7. The effect of molecular solvent-accessible surface area (S4..0/) on (a) the dispersion
energy and (b) the binding free energy computed for node-bound bidentate anions. Bidentate
anions refer to molecules 2,4,7,9,12,15,16,19,21, and23............ccviiiiiiiiiinnin.n. 245

Figure C.8. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol
and thiol hydrolysis product molecules, (d) bidentate anion products, and (e) monodentate
anion products bound to the nodes of M-MOF-808 (M = Zr, Hf, Ce, Th)...................... 247



15
Figure C.9. The effect of the electronegativity of M** cations in the nodes of M-bi(trans)-defect
UiO-66 on the binding free energy for water............oooiiiiiiiiiiiii e, 248

Figure C.10. The effect of the electronegativity of M** cations in the nodes of M-MOF-808 on the
binding free energy fOr Water.........ooiiiiiii i 248

Figure C.11. Heatmap of absolute value Pearson’s correlation coefficients between molecular
descriptors for the neutral molecules. ...........cooiiiiiiii i 253

Figure C.12. Heatmap of absolute value Pearson’s correlation coefficients between molecular
descriptors for the bidentate anions. ............couiiiiiiiiiii i, 254

Figure C.13. Heatmap of absolute value Pearson’s correlation coefficients between node
descriptors for the node—noOH> binding SiteS..........coiuiiiiiiiiiiiiiiiii i, 262

Figure C.14. Heatmap of absolute value Pearson’s correlation coefficients between node
descriptors for the node—noOH2, OHbinding Sites.........ccuviiiiiiiiiieiiiiiie e 263

Figure C.15. Distribution of binding free energies for (a) the neutral molecules bound to node—
noOH.; sites and (b) the bidentate anions bound to node—noOH, OH sites..................... 276

Figure C.16. The 10 most important descriptors for describing the binding free energies of neutral
molecules to node—noOH: sites, as identified by uniparametric coefficients of determination
(R?uni) for simple linear regression using individual descriptors..................coooeeuen.... 277

Figure C.17. The 10 most important descriptors for describing the binding free energies of
bidentate anions to node—noOH> OH sites, as identified by uniparametric coefficients of
determination (R? i) for simple linear regression using individual descriptors................ 277

Figure C.18. (a) Training set Q*L00, (b) test set coefficients of determination, (¢) test set root mean
square errors, and (d) test set Spearman’s rank correlation coefficients for the 100 predictive
QSAR models generated for the neutrals dataset. Red points indicate the optimal model (i.e.,
the model with the lowest RMSE ., which also satisfies the minimum QSAR criteria of Q%00
> 0.5, CR%,> 0.5, a0d R2e5t > 0.6) . nvvinie ettt et e 280

Figure C.19. (a) Training set Q*L00, (b) test set coefficients of determination, (¢) test set root mean
square errors, and (d) test set Spearman’s rank correlation coefficients for the 100 predictive
QSAR models generated for the bidentates dataset. Green points indicate the optimal model
(i.e., the model with the lowest RMSE/.s;, which also satisfies the minimum QSAR criteria of
0%00>0.5,CR%> 0.5, and R2test > 0.6). ... ooeeeei e 280

Figure C.20. Distribution of residuals for the optimal predictive QSAR model developed for the
neutrals dataset (eq 4.9 in the main text). The (a) histogram of raw residuals and (b) normal
probability plot of raw residuals show that the residuals have an acceptable normal distribution,
WIth N0 Clear OULHETS. . ..ceu e e, 286



16

Figure C.21. Distribution of residuals for the optimal predictive QSAR model developed for the
bidentates dataset (eq 4.10 in the main text). The (a) histogram of raw residuals and (b) normal
probability plot of raw residuals show that the residuals have an acceptable normal distribution,
WIth N0 Clear OULHETS. . ..ceu e e, 290

Figure D.1. (a) Optimized NU-1000 (“fully hydrated”), (b) “partially dehydrated” NU-1000, and
(c) Ti'Y-NU-1000 benzoate cluster models. Dark grey, white, red, turquoise, and light grey
spheres represent C, H, O, Zr, and Ti atoms, respectively...........cooevieiiiiiiiiiiiiinnannn... 292

Figure D.2. (a) Optimized Fe!'-Sarin and (b) Fe!'-IMPA species, highlighting the different
binding geometry for each adsorbate species that contributes to the stronger binding energies
for IMPA compared to sarin. Dark grey, white, red, turquoise, and purple spheres represent C,
H, O, Zr, and Fe atoms, respectively...........c.ooiiiiiiii e 294

Figure D.3. Comparison of the reaction free energy profiles for gas-phase sarin hydrolysis
catalyzed by the formate cluster model of Ti'V-NU-1000, following the (a) OiPr and CH3
pathways and (b) the F pathway...........oooiiiiii e 296

Figure D.4. The effect of transition metal identity and oxidation state (shown in Fig. 5.5) on the
free energy barrier to form INT; and the free energy barrier to desorb the IMPA product from
the active site of 32 M-NU-1000 systems, where the optimal metals are located closest to the
origin. A pseudo-Pareto front curve shows the tradeoff between the energy barrier for
nucleophilic attack and the product desorption energy, such that no metal has perfectly low
barriers for both steps. Pd!V-NU-1000 is omitted from this plot, as it falls outside the Pareto-
front curve for the other 32 metals......... ... 298

Figure D.5. Free energy barriers for the four elementary steps in gas-phase sarin hydrolysis:
nucleophilic attack, Berry pseudorotation, HF elimination, and IMPA desorption. The dashed
line indicates the smallest “rate-determining step” barrier for all systems (AGivpa,des. = 75.2
kJ/mol for PA"-NU-1000)........ oottt e 298

Figure D.6. Illustration of the proposed catalytic cycle of gas-phase sarin hydrolysis on a NU-1000
cluster. The sarin and ambient water molecules are colored red and blue, respectively, to clarify
the movement of atoms during the course of the reaction mechanism........................... 300

Figure D.7. Optimized NU-1000-IMPA species where IMPA is bound in a (a) monodentate and
(b) bidentate fashion, highlighting the different binding geometries that contribute to the
stronger binding energy for bidentate-bound IMPA compared to monodentate-bound IMPA.
Dark grey, white, red, and turquoise spheres represent C, H, O, and Zr atoms,
TESPECHIVELY ..o 301

Figure D.8. Reaction free energy profiles (at T = 298.15 K and P = 1 atm) for gas-phase sarin
hydrolysis catalyzed by single-atom M-NU-1000 systems, as well as unfunctionalized NU-
1000. The TDTS (turnover-frequency-determining transition state) and TDI (turnover-
frequency-determining intermediate) for each system are colored red.......................... 304



17
Figure D.9. Calculated absolute TOFs for gas-phase sarin hydrolysis catalyzed by Cu™-NU-1000
using different free energy values for the TDTS and TDI.............coooiiiiiiiiiiiiin.n 305

Figure D.10. Reaction free energy profiles for gas-phase sarin hydrolysis catalyzed by Cu''-NU-
1000 at P =1 atm and temperatures ranging from 298.15 K to 500.15 K. The labels Ix and T;
correspond to the terminology used in the energetic span model for intermediates and transition
States, TESPECHIVELY .. .oee it e 306



18
List of Tables

Table 2.1. Effect of Conjugate Acid pK. of Leaving Groups on Organophosphate Hydrolysis
IMECRANISIN. . .ttt e 48

Table 2.2. Improved Soman (Top) and Sarin (Bottom) Simulants, Labeled Using Their Unique
Chemical IAentiflers. . ... oouei i 52

Table 4.1. Ranking of Optimal Zr(IV)-MOF Node Sites for Hydrolyzing Nerve Agent and
Simulant MOLECULES. .......oiei i 103

Table 4.2. Ranking of Optimal M-bi(trans)-defect UiO-66 Node Sites for Hydrolyzing Nerve
Agent and Simulant Molecules. ....... ... e 108

Table 4.3. Ranking of Optimal M-MOF-808 Node Sites for Hydrolyzing Nerve Agent and
Simulant MOLECULES. .......oiei i 109

Table 5.1. Key Barriers for M—NU-1000 Systems..........ooeeeiiuiiieeiiiiieeeaiiiieeeeainneann, 144
Table 5.2. Calculated Relative TOFs for Gas-Phase Sarin Hydrolysis at 298.15 K and 1 atm... 151

Table A.1. Free energy barriers for the first transition state (AGrsi) in the alkaline hydrolysis
reaction of sarin, obtained at T=298. 15K andP=1latm..........................coiiiiiiiii. 185

Table A.2. Free energy barriers for the first transition state (AGrsi) in the alkaline hydrolysis
reaction of several organophosphate molecules, obtained at T = 298.15 K and P = 1 atm. All
energies are iIn KJ/mMOL. ... i 186

Table A.3. Organophosphate molecules analyzed in this study..............c.ocooiiiii 187

Table A.4. Unscaled molecular descriptors used for QSAR analysis, calculated using DFT with
BaLY P/6-3 L G 201

Table A.5. Scaled molecular descriptors used for QSAR analysis, calculated using DFT with
BaLY P/6-3 LI G™ 205

Table A.6. Predictions, residuals, and leverages for training, test, and external set molecules using
the optimal random selection QSAR model (eq 2.12 in the main text).......................... 220

Table B.1. Free energy barriers (AG*), enthalpy barriers (AH?), and reaction free energies (AGy) of
the uncatalyzed DMNP hydrolysis reaction obtained at T = 298.15 K and P = 1 atm. All
energies are in kJ/mol. Experimental data obtained from: Ginjaar, L.; Vel, S. Rec. trav. chim.
1958, 77,056 .. oo 226



19

Table B.2. Electronic energies, free energies, and enthalpies at different levels of theory for the
optimized species of the uncatalyzed DMNP hydrolysis reaction obtained at T =298.15 K and

P =l atm. 227

Table B.3. Partial atomic charges for the uncatalyzed transition state, calculated using the NBO
method at B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G**. The ordering of atoms is the
same as in the Cartesian coordinates (provided in the Supporting Information document but
omitted here fOr CONCISENESS). . uer ittt ettt et et e e e e e, 230

Table B.4. Partial atomic charges for the NU-1000 node, calculated using the NBO method at
B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G**. The ordering of atoms is the same as in the
Cartesian coordinates (provided in the Supporting Information document but omitted here for
(0] 1 6 1531 TS T 231

Table B.5. Partial atomic charges for the transition state on the NU-1000 node, calculated using
the NBO method at B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G**. The ordering of atoms
is the same as in the Cartesian coordinates (provided in the Supporting Information document
but omitted here for CONCISENESS). ... iveii e e e, 234

Table C.1. Relative binding free energies (in kJ/mol) for different orientations of nerve agent and
simulant molecules bound to Zr(IV)-MOF node sites. Values in red indicate the most favorable
molecular orientation for each node Site. . .........o.eeiiuiiiiii i, 242

Table C.2. Relative binding free energies (in kJ/mol) for different orientations of bidentate anion
products bound to Zr(IV)-MOF node sites. Values in green indicate the most favorable
orientation for €aCh NOde SIte..........ouiiiiiiii e 244

Table C.3. Binding free energies (in kJ/mol) for molecules bound to Zr(IV)-MOF node sites in
their most favorable orientations, corresponding to results in Figure 4.2. Negative and positive
values indicate favorable and unfavorable binding, respectively...............ccoeiiiiinn. 246

Table C.4. Binding free energies (in kJ/mol) for molecules bound to M-bi(trans)-defect UiO-66
node sites, corresponding to results in Figure 4.3. Negative and positive values indicate
favorable and unfavorable binding, respectively.........ccooviiiiiiiiiiiiiiii i 249

Table C.5. Binding free energies (in kJ/mol) for molecules bound to M-MOF-808 node sites,
corresponding to results in Figure C.8. Negative and positive values indicate favorable and
unfavorable binding, respectively...... ..o 250

Table C.6. List of molecular descriptors used in the QSAR models for the prediction of binding
i (SToN S 1 (o1 o4 1< 251

Table C.7. The unscaled values of the molecular descriptors for the neutral molecules used for
QSAR modeling. For descriptor units, refer to Table C.6..............ccooviiiiiiiiiiiiiinnn.. 255



20
Table C.8. The unscaled values of the molecular descriptors for the bidentate anions used for
QSAR modeling. For descriptor units, refer to Table C.6...............cooiiiiiiiiiiiinn.. 256

Table C.9. The scaled values of the molecular descriptors for the neutral molecules used for QSAR
1007016 11 12V P 258

Table C.10. The scaled values of the molecular descriptors for the bidentate anions used for QSAR
1007016 11 112V .30 259

Table C.11. List of node descriptors used in the QSAR models for the prediction of binding free
53113 0 1 261

Table C.12. The unscaled values of the node descriptors for the node-noOH: binding sites used
for QSAR modeling. For descriptor units, refer to Table C.11..................cooiiiiinin. 264

Table C.13. The unscaled values of the node descriptors for the node—noOH> OH binding sites
used for QSAR modeling. For descriptor units, refer to Table C.11............................. 267

Table C.14. The scaled values of the node descriptors for the node—noOH> binding sites used for
QSAR MOACING. . ...ttt e 270

Table C.15. The scaled values of the node descriptors for the node-noOH> OH binding sites used
for QSAR MOARIING. ...ttt 273

Table C.16. Predictions, residuals, and leverages for training and test set molecule-node
combinations using the optimal predictive QSAR model for the neutrals dataset (eq 4.9 in the
1 E 1R <) RO 282

Table C.17. Predictions, residuals, and leverages for training and test set molecule-node
combinations using the optimal predictive QSAR model for the bidentates dataset (eq 4.10 in
the AN EEXE). ... e e 287

Table D.1. Binding free energies for sarin, water, and IMPA to M''-NU-1000 systems. Values (in
kJ/mol) are calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate
favorable and unfavorable binding, respectively.............cooiiiiiiiiiiiii i, 293

Table D.2. Binding free energies for sarin, water, and IMPA to M"'-NU-1000 systems. Values (in
kJ/mol) are calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate
favorable and unfavorable binding, respectively............ccooiiiiiiiiiiiiii e, 293

Table D.3. Binding free energies for sarin, water, and IMPA to M'V-NU-1000 systems. Values (in
kJ/mol) are calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate
favorable and unfavorable binding, respectively............cooiiiiiiiiiiiiiiii 294



21

Table D.4. The effect of transition metal identity and oxidation state on the free energy barrier to
form INT: (AGmt1) and the free energy barrier to desorb the IMPA product from the active
site (AGimpa,des.) of M-NU-1000 systems. Values (in kJ/mol) are calculated at T = 298.15 K
ANA P =1 @t ..o 297

Table D.5. Free energy barriers for the four elementary steps for gas-phase sarin hydrolysis
catalyzed by NU-1000 and M-NU-1000 systems. Values (in kJ/mol) are calculated at T =
20815 Kand P =T atm.......ooiuiiiiiii 299

Table D.6. Calculated absolute TOFs for gas-phase sarin hydrolysis catalyzed by Cu'-NU-1000
at P =1 atm and temperatures ranging from T=298.15Kto T=500.15K.................... 306

Table D.7. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Pd"™V-NU-1000, for three possible spin states. The lower of the energies is colored red...... 307

Table D.8. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Pd!V-NU-1000, using the most
stable spin state for each species in the mechanism.................c..coii . 307

Table D.9. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Co"-NU-1000, for three possible spin states. The lower of the energies is colored red...... 307

Table D.10. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Co™-NU-1000, using the most
stable spin state for each species in the mechanism....................coii, 308

Table D.11. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
WIV-NU-1000, for two possible spin states. The lower of the energies is colored red........ 308

Table D.12. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by W!'V-NU-1000, using the most
stable spin state for each species in the mechanism.................c..cooii 308

Table D.13. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Cu'-NU-1000, for two possible spin states. The lower of the energies is colored red........ 309

Table D.14. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Cu™-NU-1000, using the most
stable spin state for each species in the mechanism.................c..coii . 309

Table D.15. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Pd"-NU-1000, for two possible spin states. The lower of the energies is colored red......... 309



22

Table D.16. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Pd"-NU-1000, using the most
stable spin state for each species in the mechanism...................oooiiiii 310

Table D.17. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Fe"NU-1000, for three possible spin states. The lower of the energies is colored red...... 310

Table D.18. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Fe''-NU-1000, using the most
stable spin state for each species in the mechanism.................c.ocoiii . 310

Table D.19. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Cu''-NU-1000, using the only
possible spin state (doublet) for each species in the mechanism................................. 311

Table D.20. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ce!'V-NU-1000, using the only
possible spin state (singlet) for each species in the mechanism...........................oa 311

Table D.21. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Co''-NU-1000, for two possible spin states. The lower of the energies is colored red........ 311

Table D.22. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Co'-NU-1000, using the most
stable spin state for each species in the mechanism....................coii, 312

Table D.23. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ti'V-NU-1000 (formate cluster
model, OiPr pathway), using the only possible spin state (singlet) for each species in the
1011 121 11 ES) 1 P 312

Table D.24. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ti'V-NU-1000 (benzoate cluster
model, OiPr pathway), using the only possible spin state (singlet) for each species in the
MEChANISINL.. ...ttt 312

Table D.25. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ti'V-NU-1000 (formate cluster
model, CH3z pathway), using the only possible spin state (singlet) for each species in the
01T 12 11 ES) 1 P 313

Table D.26. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ti'V-NU-1000 (formate cluster
model, F pathway), using the only possible spin state (singlet) for each species in the
01T 12 11T 1 313



23

Table D.27. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Fe'-NU-1000, for three possible spin states. The lower of the energies is colored red....... 313

Table D.28. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Fe''-NU-1000, using the most
stable spin state for each species in the mechanism.................c..coii . 314

Table D.29. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
WILNU-1000, for three possible spin states. The lower of the energies is colored red....... 314

Table D.30. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by W'-NU-1000, using the most
stable spin state for each species in the mechanism...................oooiiiiii i 314

Table D.31. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Au"-NU-1000, for two possible spin states. The lower of the energies is colored red....... 315

Table D.32. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Au-NU-1000, using the most
stable spin state for each species in the mechanism...................oooiiiiii i 315

Table D.33. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Zn'"-NU-1000, using the only
possible spin state (singlet) for each species in the mechanism..........................ooa 315

Table D.34. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Ni'l-NU-1000, for two possible spin states. The lower of the energies is colored red......... 316

Table D.35. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ni''=NU-1000, using the most
stable spin state for each species in the mechanism.................c..cooii 316

Table D.36. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Mn!'-NU-1000, for three possible spin states. The lower of the energies is colored red...... 316

Table D.37. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Mn''-NU-1000, using the most
stable spin state for each species in the mechanism.................c..coii . 317

Table D.38. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Sc'-NU-1000, using the only
possible spin state (singlet) for each species in the mechanism..........................ooa 317



24
Table D.39. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Rh"™-NU-1000, for three possible spin states. The lower of the energies is colored red...... 317

Table D.40. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Rh''-NU-1000, using the most
stable spin state for each species in the mechanism...................oooiiiiiii 318

Table D.41. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by
Ru™-NU-1000, for three possible spin states. The lower of the energies is colored red...... 318

Table D.42. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by Ru™-NU-1000, using the most
stable spin state for each species in the mechanism...................oooiiiiii i 318

Table D.43. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for each species involved in the reaction catalyzed by NU-1000, using the only
possible spin state (singlet) for each species in the mechanism..........................ooa 319

Table D.44. Summary of the open shell species that has the maximum spin contamination for
Specific M-NU-1000 SYSTEIMIS. . ...ttt ettt e e e e et et ieeeeeaeanns 319

Table D.45. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Cr'"™-NU-1000, for two possible spin states. The lower of the energies is colored red.... 320

Table D.46. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT, and M-IMPA species for Cr''-NU-1000, using the
most stable spin state for €ach SPECIES. .......o.vviiitii i 320

Table D.47. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT{, and M-IMPA species
for Ru'V-NU-1000, for three possible spin states. The lower of the energies is colored red.. 320

Table D.48. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT;, and M-IMPA species for Ru'V-NU-1000, using the
most stable spin state for €aCh SPECIES........vvuiitiiei i 320

Table D.49. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Ir'"'-NU-1000, for three possible spin states. The lower of the energies is colored red... 320

Table D.50. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT;, and M-IMPA species for Ir'"-NU-1000, using the
most stable spin state for @aCh SPECIES........uvviiiiiei i 321

Table D.51. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT;, and M-IMPA species for Y!''-NU-1000, using the
only possible spin state (singlet) for each species............oooviiiiiiiiiiiiiiii i, 321



25

Table D.52. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT1, and M-IMPA species for VIV-NU-1000, using the
only possible spin state (doublet) for each species............coooeviiiiiiiiiiiiiiiiiii, 321

Table D.53. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Cr''-NU-1000, for three possible spin states. The lower of the energies is colored red... 321

Table D.54. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT, and M-IMPA species for Cr'-NU-1000, using the
most stable spin state for @ach SPECIES. .......o.vviiieii i 321

Table D.55. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT{, and M-IMPA species
for VI-NU-1000, for two possible spin states. The lower of the energies is colored red...... 321

Table D.56. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT1, and M-IMPA species for VI-NU-1000, using the
most stable spin state for €aCh SPECIES...... v vuiitiiei i 322

Table D.57. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Mo'"-NU-1000, for three possible spin states. The lower of the energies is colored red.. 322

Table D.58. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT;, and M-IMPA species for Mo''-NU-1000, using the
most stable spin state for €aCh SPECIES........vvviitiiti i 322

Table D.59. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT;, and M-IMPA species for Zr'Y-NU-1000, using the
only possible spin state (singlet) for each species............ocooviiiiiiiiiiiiiiii i, 322

Table D.60. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT{, and M-IMPA species
for Mo!Y-NU-1000, for two possible spin states. The lower of the energies is colored red... 322

Table D.61. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT1, and M-IMPA species for Mo!'V-NU-1000, using the
most stable spin state for €ach SPECIeS. ... ..c.viiuiiiiii i 322

Table D.62. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Mn'V-NU-1000, for two possible spin states. The lower of the energies is colored red... 323

Table D.63. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT1, and M-IMPA species for Mn'V-NU-1000, using the
most stable spin state for €ach SPECIes........ovuiiiiiiii i 323



26

Table D.64. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT;, and M-IMPA species for Hf'Y-NU-1000, using the
only possible spin state (singlet) for each species.............oooeviiiiiiiiiiiiiiiiii, 323

Table D.65. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M-Sarin, INT;, and M-IMPA species for Ce''-NU-1000, using the
only possible spin state (doublet) for each species............ccoooviiiiiiiiiiiiiiiiii, 323

Table D.66. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species
for Pt"-“NU-1000, for two possible spin states. The lower of the energies is colored red..... 323

Table D.67. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free
energies for the M—OH, M—Sarin, INT;, and M-IMPA species for Pt'-NU-1000, using the
most stable spin state for €ach SPECIeS. ... .ooooeuiiriiiiii i 323

Table D.68. The SCF energies, enthalpies, and free energies for the gas-phase Sarin, H20, IMPA,
ANA HF SPOCIES. ..ot ettt ettt e e et 324



27
List of Schemes

Scheme 2.1. Schematic of Two Possible Organophosphate Hydrolysis Mechanisms, (Top)
Concerted and (BOttOm) StEPWISE. .. .eutintett ettt 43

Scheme 4.1. (a) Hypothetical Hydrolysis Pathway for GB (Molecule 6) on M(IV)-MOF Nodes
and Chemical Equation Used to Calculate Binding Energies for (b) Neutral Molecules, (c)
Bidentate Anions, and (d) Monodentate ANIONS...........ovuiiieiirieitiiiiii i eieiaaanennn, 93

Scheme 5.1. Overall Reaction for Gas-Phase Sarin Hydrolysis..................cooiiiiiiinn. 136

Scheme 5.2. Tllustration of the Proposed Catalytic Cycle of Gas-Phase Sarin Hydrolysis on a Ti'V—
INU-TO00 CIUSTET ... e ettt e e e ettt 139



28
Chapter 1: Introduction

1.1 Methods for Detoxification of Chemical Warfare Agents
Chemical warfare agents (CWAs) were first widely used over 100 years ago during World War I,
yet these dangerous toxic compounds continue to be employed in today’s world. Despite major
international efforts to prohibit their development and use,®> various CWAs have been used in
recent years during the Syrian Civil War,* by the Islamic State terrorist group,’ in an assassination
in Malaysia,® and in a poisoning in the United Kingdom.” There are multiple different forms of
CWAs, which vary in their degree of toxicity as well as their mode of action on the human body.
The two main categories of CWAs are vesicant agents (e.g., sulfur mustard) and nerve agents. This
dissertation will focus on the latter. Nerve agents can be divided into three classes: G-series agents,
including sarin (GB), soman (GD), tabun (GA), and cyclosarin (GF);® V-series agents, including
VX, VR, VE, VG, VS, and VM, and Novichok agents, such as A-230, A-232, and A-234.1°
Organophosphate-based nerve agents function by inhibiting the enzyme acetylcholinesterase,
which is responsible for breaking down the neurotransmitter acetylcholine. If acetylcholine is not
broken down, it builds up in the synaptic cleft between nerve and muscle cells, causing continuous
stimulation of muscles and glands, which eventually leads to asphyxiation, paralysis, and possibly
death.!! For context on the general toxicity of nerve agents, we note that exposure to GD in doses
as small as 50 pg/m? can be instantly fatal.!?

Since these highly toxic chemicals remain a serious global threat, materials are needed for
both the destruction of weapon stockpiles and personal protection via fabric coatings or respirators
to ensure the safety of military specialists and untrained citizens alike. Research into methods for

nerve agent decomposition has been ongoing since the discovery of the first G-series agents in



29
1936. For example, incineration has commonly been used as a method for the bulk destruction of

stockpiles, but this process has significant drawbacks because it can result in the formation of toxic
gaseous byproducts.!3 Unfortunately, the time frame to apply effective treatment after exposure to
nerve agents can be as short as minutes.!* Thus, the most important measures to protect against
airborne agents are through capture and degradation to nontoxic products before the chemicals
reach their biological targets. Conventional solid adsorbents such as activated carbon are effective
for adsorption, owing to their microporosity and high surface areas, but are inefficient at
deactivation, which can lead to secondary emission once the materials become saturated and poses
risks upon disposal.!> For these reasons, reactive removal is preferred over physical adsorption.

A more promising method for nerve agent detoxification involves hydrolysis, with
nucleophilic water or hydroxide substituting at the phosphorus atom of the agent, resulting in
elimination of the toxic leaving group. Some metal oxides such as Ca0O,!¢ MgO,!” and AlLO3'®
were found to be reactive toward nerve agents, but they show poor stability in water and air and
suffer from product inhibition, which reduces their activity over time. Nanomaterials based on
TiO,!” and amorphous Zr(OH)4** have also been found to be effective for hydrolysis due to their
high surface areas and surface hydroxyl groups, but these materials are often tested
stoichiometrically and may not be effective as catalysts.?!?> Further, metal oxides offer a rather
limited capacity for chemical functionalization and tunability, thus reducing the potential to
improve their reactivities through rational design.

Most metal oxide-based systems for nerve agent hydrolysis are modeled after biological
enzymes such as phosphotriesterase (PTE), which are capable of catalytic organophosphate
detoxification.?? The active center of PTE includes dimeric Zn(II) ions, in the form Zn-OH-Zn,

which act as Lewis acids. One mode of their catalytic activity involves coordination of the agent
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phosphoryl oxygen to a metal atom of the active site, rendering the agent phosphorus atom more

vulnerable to nucleophilic attack, thereby enhancing hydrolysis rates.?*?> Histidine residues
surrounding the enzyme active site may also accelerate catalysis, in a synergistic fashion, through
favorable hydrogen-bonding interactions. Unfortunately, poor stability outside of buffered media
and deactivation after long-term storage limit the range of conditions in which enzymes such as
PTE may find practical use.?®

1.2 Metal-Organic Frameworks

In the last two decades, research interest in metal-organic frameworks (MOFs) has grown

2728 geparations,?’

dramatically, driven largely by their potential applications in gas storage,
chemical sensing,’*3? drug delivery,®® and catalysis.** MOFs are highly crystalline porous
materials composed of inorganic metal (or metal oxide) nodes connected by organic linkers. The
organic linkers can be modified with functional groups to tune the properties of the MOF, for
example, by introducing regions of strong electrostatic charge with electron-rich or poor groups.
Some MOFs also have open metal sites, which can serve as catalytic or chemisorption sites, and
these metals can be chosen judiciously for desired applications. Therefore, there is vast potential
to design MOFs for specific purposes.

There are virtually endless arrangements of nodes, linkers, and functional groups that could
be combined in different topologies to create a nearly infinite number of unique MOFs. Several
thousand different MOFs®33¢ have already been synthesized and characterized due to the efforts
of numerous research groups throughout the last two decades,’”*® and yet this figure represents
only a tiny fraction of the possible structures that remain to be discovered. Because of this, MOFs

39,40

have become a ripe field for computationally-aided materials design and discovery, where

computational tools have great potential to accelate scientific advancement in the MOF field.
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1.3 MOFs as Catalysts for Nerve Agent Hydrolysis

Among their many applications, MOFs are a promising class of catalysts for CWA degradation
due to their high porosity, variable pore size, large surface area, high concentration of active sites,
and chemical functionality that can be tailored to adsorb specific target molecules. Recent research
has shown that MOFs can adsorb and catalytically degrade nerve agents into nontoxic products
within a matter of minutes via hydrolysis of the phosphate ester bond.

Initial studies were directed at adsorption, where [Zn,Ca(BTC)2(H20).](DMF), was the
first MOF proven to be capable of capturing a nerve agent simulant, methylphosphonic acid
(MPA).*! Shortly after, a MOF-5 analogue was shown to adsorb diisopropyl fluorophosphate
(DIFP), a surrogate for sarin.*? Several MOFs containing open Lewis-acidic metal sites such as
Al¥", Cu?*, and Cr** were then shown to be effective for hydrolysis of nerve agent simulants,*—°
though they suffered from either poor stability or relatively low catalytic activity.

Currently, Zr(IV)-based MOFs are the most investigated class of MOFs for nerve agent
hydrolysis,* in part due to their high chemical stability (in pH 1-12) and thermal stability (up to
500 °C) afforded by their exceptionally strong Zr(IV)-O (node-linker) bonds.*” The impressive
catalytic ability of Zr-MOFs can be attributed to the periodic distribution of strongly Lewis-acidic
Zr(IV) metal centers, giving rise to a large number of accessible Zr—-OH—Zr active sites reminiscent
of the dinuclear Zn-based active sites of the PTE enzyme. Importantly, the connectivity of the
Zr60gs-cluster nodes (hereafter denoted as Zrs nodes) can be systematically tuned by using different
organic linkers, thereby altering the number of well-defined*® and quantifiable** Zr-OH,, Zr—OH,
and bridging hydroxide groups. Multiple studies have shown that lower Zrs node connectivity,
which in turn yields larger numbers of potential binding and catalytic active sites, is directly

correlated with accelerated hydrolysis rates.?? Decreasing the node connectivity also yields larger
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pore sizes within the framework, which makes it easier for agents and their hydrolyzed products

to diffuse to and from active Zr sites.

According to Kirlikovali et al.,* there are three essential requirements to achieve
sufficiently fast catalytic hydrolysis of organophosphate molecules, which are reproduced here due
to their overall importance for this dissertation:

(1) Water, from either an aqueous solution (for solution-phase reactions) or a humid

atmosphere (for gas-phase reactions)

(2) A Lewis-acidic site for activating the agent’s phosphorus center

(3) A base, from either basic solutions or solid-phase bases, to ensure that a high

concentration of hydroxyl groups are present for nucleophilic attack, for the
displacement of hydrolysis products from the active site to yield catalytic turnover, and
for neutralizing acidic byproducts (e.g., HF generated from sarin hydrolysis)

Fortunately, due to their robust nature and inherent chemical tunability, Zr-MOFs can be
designed to meet all three catalytic requirements. The first experiments reporting Zr-MOFs to be
capable of efficient hydrolysis of nerve agents and their simulants were performed in basic
solutions, using a buffering agent such as N-ethylmorpholine to maintain pH values at ~8.5-10.
Using these buffered solutions, various as-synthesized and functionalized Zr-MOFs yielded
degradation half-lives on the order of minutes.!~°->* While promising for the catalytic destruction
of nerve agent stockpiles, this detoxification method is ultimately not feasible for application in
gas masks and protective fabrics.> Nonetheless, the use of basic solutions is still a valuable method
for testing potential catalysts, as the quantification of gas-phase decontamination kinetics under

relevant battlefield conditions is a rather difficult experimental challenge.>®
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To address this issue, recent studies have begun to investigate gas-phase organophosphate

detoxification in various Zr-MOFs. In contrast to previous reports of catalytic turnover in buffered
solution, initial experiments and computational studies showed that exposure to vapor-phase
organophosphonates leads to strongly bound hydrolysis products on the Zrs nodes, albeit under
ultrahigh-vacuum conditions, which may inhibit further reactions (i.e., product inhibition).3’->°
However, subsequent gas-phase experiments performed under varying relative humidity
conditions showed that large amounts of moisture present in Zr-MOFs can result in a moderate to
significant enhancement of nerve agent hydrolysis rates.>® Further improvements could also come
from base heterogenization, as was recently proved using Zr-MOF/polymer/fiber composite
materials that showed similar catalytic activity under ambient humidity conditions compared to
MOF powders in aqueous alkaline solution.>>%° Going forward, an exhaustive investigation into
the solid-state catalytic activity of MOFs toward nerve agents in the gas phase, under varying

56,61

humidity levels and in the presence of atmospheric contaminants, is warranted before MOFs

may be applied in personal protective equipment such as gas-mask filters®? and clothing.53-63

A more comprehensive overview of MOFs for detoxification of CWAs, in addition to toxic
industrial chemicals, can be found in our 2017 review article®® and other recent reviews.*6-7
References to other background literature, including both experimental and computational studies,
on MOF-based nerve agent hydrolysis are provided in the Introduction sections of Chapters 3-5.
1.4  Density Functional Theory Calculations
Computational tools such as electronic structure methods are essential complements to
experimental studies for characterizing the properties and reactivity of catalyst materials,

especially MOFs.%%% The majority of the work in this dissertation involves the use of density

functional theory (DFT), which is briefly summarized below. In this section, we only focus on the
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basic aspects of performing DFT calculations that are necessary to understand the results presented

in Chapters 2—5. A more extensive theoretical review of the assumptions/approximations made in
quantum chemical methods (e.g., Born—Oppenheimer approximation) in general can be found in
ref 70 and, for quantum chemical characterization of MOFs in particular, ref 3,

The exact electronic structure of any molecular system can be determined by solving the
Schrodinger equation, which describes the system’s quantum mechanical wave function.
Unfortunately, solving the equation exactly for systems larger than a hydrogen atom is
computationally impossible. Broadly speaking, DFT can be used to find an approximate solution
to the Schrodinger equation. The theorems that give rise to DFT — devised by Hohenberg and Kohn
— state that all of the information about a quantum system (e.g., the system’s energy) can be derived
from its electron density, p(r), which is simply a function of the three-dimensional coordinates of
a set of atoms. In the Kohn-Sham formulation of DFT,”! the energy functional can be expressed

as:

Elp(M)] = Trslp(M] + Vielo ()] + Vee [p ()] + Exc[p(r)] (1.1)

where T is the kinetic energy of a fictitious system of non-interacting electrons, V. is the potential
energy from nuclear-electron Coulombic attraction, Ve, corresponds to the Coulombic interaction
of the electron density with itself, and E.. represents the exchange-correlation energy of a real
interacting system of electrons. Contained within E,. are terms correcting for the classical electron-
electron repulsion energy and the kinetic energy due to electron interactions in a real system.
Unfortunately, E.. cannot be determined exactly, and functional approximations to this energy are
required, referred to as density functionals. Aside from choosing a density functional, the next
most important decision for performing DFT calculations is choice of basis set, referring to the set

of non-orthogonal single-particle functions that are used to construct molecular orbitals.”
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Ultimately, the choice of a given functional and basis set is highly dependent on desired accuracy,

the system of interest, and computational time restrictions.

B3LYP’>7 is a widely used density functional due to its fairly accurate treatment of main-
group thermochemistry, but it is known to underestimate reaction barrier heights.”* The Pople basis
sets (e.g., 6-311++G**) are commonly used for main-group elements in conjunction with B3LYP.
For exploring reactions on MOF nodes, the M06-L functional”® is commonly used because it is
one of the most accurate functionals for transition metals and it is a local functional, which is more
computationally affordable for large systems. For heavier elements such as transition metals that
contain large numbers of electrons, and thus large numbers of basis functions, it is more
computationally efficient to use effective core potentials (ECPs) to treat the electrons in core
orbitals, which are only weakly affected by chemical bonding. Basis sets used with ECPs are
typically of split valence (SV) or triple zeta valence (TZV) quality, referring to the number of basis
functions used to represent valence orbitals, and are often supplemented by polarization functions
(e.g., def2-SVP or def2-TZVPP).”® Popular pseudopotentials include the Los Alamos National
Laboratory (LANL2DZ)’”-7® and the Stuttgart-Dresden (SDD)”*#0 ECPs.

Although the large unit cells of MOFs make the use of reactive studies on the periodic scale
difficult, valuable information can be obtained from calculations involving smaller clusters of the
MOF nodes and linkers. When performing DFT calculations to model reactions on MOF node
clusters, it is necessary to “cut” the node and surrounding linkers from its periodic structure found
in a crystallographic information file (CIF), using capping groups such as formate or benzoate to
represent the linkers and to maintain charge neutrality. By default, geometry optimizations
(described below) are typically performed in the gas phase. However, to compare to experiments

done in solution, solvation effects can be simulated implicitly, using models such as the polarizable
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continuum model (PCM)?®!' and SMD continuum solvation model,*? or by including explicit solvent

molecules in the model system.®? In relatively large systems such as MOF-organophosphate
complexes, it is important to accurately account for weak dispersion forces arising from medium-
range non-covalent interactions.?* One of the most widely used methods is the DFT-D3 dispersion
correction,® commonly paired with the Becke-Johnson (BJ) damping function.3¢:%7

Once a functional and basis set are chosen, in addition to other input parameters, one needs
to actually perform the DFT calculations. Throughout this dissertation, the phrase “performing
DFT calculations” generally refers to the process of computing the potential energy surface (PES)
of a molecular system at various points along a reaction energy profile (or reaction coordinate
diagram) connecting reactants to products, which is used to determine quantities such as activation
barriers for a chosen reaction mechanism. For any given system, the geometry of its set of atoms
can be represented by a vector (r) of the atoms’ coordinates. One can then introduce the concept
of the system’s electronic energy, E(r), as a function of these atomic positions. Given these
definitions, the first step in “performing DFT calculations” is a geometry optimization, using a
chosen optimization algorithm (e.g., Berny algorithm®®), where the goal is to find the value of r
for which E(r) is at a local minimum. Using an initial guess of the correct geometry, an iterative
optimization procedure is followed to minimize the energy of the chosen system by adjusting the
geometry until an optimal spatial arrangement of atoms is found such that the net force, 0E/Or, on
each atom is effectively zero and the PES is at a stationary point. If the Hessian matrix (the second
derivative matrix of the system) describing the curvature of the PES at r has all positive
eigenvalues (i.e., minimum on the PES), then an intermediate along the reaction energy profile has
been found. If the Hessian matrix contains exactly one negative eigenvalue (i.e., 1% order saddle

point on the PES), then a transition state (TS) along the reaction energy profile has been located.
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To verify the natures of all stationary points (both intermediates and TSs), the next step is the

calculation of analytic vibrational frequencies, where minimized intermediate structures are
characterized by zero imaginary frequencies and TS structures display exactly one imaginary
frequency corresponding to the reaction path of interest. These frequencies can also be used to
compute molecular partition functions, typically at standard conditions of 298.15 K and 1 atm,
using the conventional particle in a box, rigid rotor, and quantum mechanical harmonic oscillator
approximations.’® From these partition functions, one can derive thermochemical properties such
as enthalpies and Gibbs free energies.
1.5 Importance of Modeling for CWA Detoxification Research
Due to the danger involved in working with highly toxic CWAs, experiments are typically done
using simulant molecules, which are safer to handle than actual CWAs but have similar chemical
behavior and structure. The use of simulants greatly simplifies the execution of experiments
pertaining to degradation of CWAs, and there are several simulants that give results similar to their
respective CWAs. However, with any simulant there is a necessary tradeoff between accurately
mimicking agent reactivity and being sufficiently nontoxic for researchers to study them in an
academic setting. By its nature, computational research does not suffer from the same safety issues
as experimental work. Therefore, computational scientists can simulate reactions of CWAs in
MOFs using the real agents as well as their simulants. To explain how modeling can be used to
optimize MOF catalysts for neutralizing CWAs, we present a case study of the first mechanistic
analysis of organophosphate hydrolysis.

As a complement to their experimental work, Mondloch et al. performed DFT calculations
to analyze the hydrolytic degradation of the simulant methyl-paraoxon (DMNP) and the nerve

agents VX and GD on the Zr-MOF NU-1000, using a cluster model of the node and an implicit
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solvation model.! The most favorable binding configuration for DMNP on the NU-1000 node (-

26 kJ/mol, relative to free energy of separated reactants) involves stabilization due to hydrogen
bonding with the hydroxide and water groups bound to the node, in addition to weak n—n stacking
interactions between the benzene ring of the TBAPy*" linkers and the DMNP phenyl ring. They
also considered the case of DMNP interacting directly with the Lewis-acidic Zr(IV) catalytic site
by removing a terminal node-ligated water molecule. The dissociation of a coordinated water was
predicted to be the rate-determining step, and the dominant interaction is the electrostatic attraction
between the Zr atom and the P=O group of DMNP, where the bound configuration is 22 kJ/mol
uphill in free energy. This provided insight into the experimental observation that dehydrating NU-
1000 prior to reaction (by heating the MOF to remove terminal water ligands) reduces the half-life
for DMNP hydrolysis to 1.5 minutes, compared to 15 minutes for the fully hydrated MOF.
Nevertheless, the reaction is driven forward by the product stability, which is considerably
downhill in free energy (—48 kJ/mol). These calculations also indicated that the mechanism on Zrs
nodes is similar to those calculated for the PTE-catalyzed reaction of DMNP.® The authors then
used the same DFT approach to investigate the binding and hydrolysis of VX and GD on the NU-
1000 node, revealing qualitatively similar mechanisms as for DMNP hydrolysis. However, there
were no hydrogen-bonding interactions present for the VX and GD analogues with the linkers; the
calculations instead showed that attractive van der Waals interactions were most prevalent.
Additionally, the replacement of a node-ligated water molecule had a much lower reaction barrier
compared to DMNP (5.4 kJ/mol and 48.2 kJ/mol, respectively). The hydrolysis was again driven
forward by the thermodynamically stable products for the VX and GD analogues (—123 kJ/mol
and —83 kJ/mol, respectively), showing selective hydrolysis of the P-S bond in VX and the P-F

bond in GD.
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These thermodynamic results prompted experimental testing of the NU-1000-catalyzed

hydrolysis of GD, which showed a reaction half-life of 3 min when run in an N-ethylmorpholine
buffered solution and 36 min under 50% relative humidity. Also inspired by these DFT
calculations, a later experimental study on a different Zr-MOF, UiO-67-(NMe)., showed selective
hydrolysis of VX by cleavage of the P—S bond with a half-life of 1.8 minutes.?! This is an important
observation since cleavage of the P—O bond gives rise to EA-2192 (S-2-(diisopropylamino)ethyl
O-hydrogen methylphosphonothioate), which is another highly toxic organophosphate molecule.”
This case study serves as a model example for the power of combined theoretical and experimental
studies for understanding reaction mechanisms and analyzing which degradation products will be
obtained.

Computational modeling of nerve agent hydrolysis in MOFs is a relatively new research
area compared to modeling of other MOF applications such as gas storage. However, the limited
computational work that has been done since 2015 — in close conjunction with experiment — has
shown promising results. As this field continues to develop, computational modeling can be used
to guide collaborating experimental groups by screening candidate materials with potentially better
performance for the degradation of nerve agents. If the modeling techniques applied are
sufficiently accurate, this will save time and minimize the number of experiments that must be
performed with these dangerous chemicals. Further, using techniques such as DFT calculations to
explore reaction mechanisms in detail, valuable insights can be gained into the molecular-level
interactions of the agents with the MOF surfaces that cannot be determined through experiments
alone, which gives researchers a better understanding of the fundamental properties that affect

catalyst performance. This is a good example of a research problem where computational science
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has the potential to make significant contributions by probing systems that are difficult and

dangerous to study experimentally.

1.6  Outline of Dissertation

This dissertation is a compilation of three peer-reviewed publications and one manuscript in
preparation, organized as follows:

e Chapter 2: M. L. Mendonca and R. Q. Snurr, “Screening for Improved Nerve Agent
Simulants and Insights into Organophosphate Hydrolysis Reactions from DFT and QSAR
Modeling,” Chemistry — A European Journal, 2019, 25, 9217-9229.

e Chapter 3: H. Chen*, P. Liao*, M. L. Mendonca*, and R. Q. Snurr, “Insights into Catalytic
Hydrolysis of Organophosphate Warfare Agents by Metal-Organic Framework NU-
1000,” The Journal of Physical Chemistry C, 2018, 122, 12362-12368. (* represents equal
contribution)

e Chapter 4: M. L. Mendonca, D. Ray, C. J. Cramer, and R. Q. Snurr, “Exploring the Effects
of Node Topology, Connectivity, and Metal Identity on the Binding of Nerve Agents and
Their Hydrolysis Products in Metal-Organic Frameworks,” in preparation.

e Chapter 5: M. L. Mendonca and R. Q. Snurr, “Computational Screening of Metal-Organic
Framework-Supported Single-Atom Transition-Metal Catalysts for the Gas-Phase
Hydrolysis of Nerve Agents,” ACS Catalysis, 2020, 10, 1310-1323.

Chapter 2, which describes a computational screening to identify highly predictive
nontoxic simulant molecules as candidates for safer and more accurate experimental studies of
nerve agent hydrolysis, does not explicitly concern MOFs. Chapter 3 describes the origins of the
catalytic effects of the Zr-MOF NU-1000 for solution-phase organophosphate hydrolysis to
provide insights on previous experiments, in addition to exploring the effects of temperature-
induced node dehydration and distortion on the catalytic mechanism. Chapter 4 describes the use
of DFT to examine the effects of MOF node topology, connectivity, and metal identity on the

binding energies of multiple nerve agents and their corresponding hydrolysis products, again in

the context of solution-phase reactions. Chapter 5 describes a study on gas-phase sarin hydrolysis
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to determine if depositing single-atom catalysts on MOF nodes is a viable strategy to avoid product

inhibition and accelerate gas-phase hydrolysis compared to unfunctionalized nodes. Finally,
Chapter 6 summarizes the key findings of the dissertation and provides recommendations for
future research directions.

Other articles that I contributed to and that were published over the course of my doctoral
research are listed below. Several paragraphs from the review article were included in various
sections of this introductory chapter. The other article, which was the result of a collaboration with
an experimental group, is not directly related to nerve agent detoxification and is thus omitted from
this dissertation.

e N.S. Bobbitt, M. L. Mendonca, A. J. Howarth, T. Islamoglu, J. T. Hupp, O. K. Farha, and

R. Q. Snurr, “Metal-Organic Frameworks for the Removal of Toxic Industrial Chemicals

and Chemical Warfare Agents,” Chemical Society Reviews, 2017, 46, 3357-3385.

e R. Limvorapitux, H. Chen, M. L. Mendonca, M. Liu, R. Q. Snurr, and S. T. Nguyen,

“Elucidating the Mechanism of the UiO-66-Catalyzed Sulfide Oxidation: Activity and

Selectivity Enhancements through Changes in the Node Coordination Environment and
Solvent,” Catalysis Science & Technology, 2019, 9, 327-335.



42
Chapter 2: Screening for Improved Nerve Agent Simulants and Insights into

Organophosphate Hydrolysis Reactions from DFT and QSAR Modeling

This chapter is a modified version of a published manuscript: Mendonca, M. L.; Snurr, R. Q. Chem.

Eur. J. 2019, 25, 9217-9229.

2.1 Introduction

The first large-scale use of chemical warfare agents (CWAs) occurred during World War I, and
dangerous toxic compounds continue to be employed in modern warfare. Despite global efforts to
ban the stockpiling and use of CWAs, several countries are believed to still have operational
production facilities. Various CWAs have been used as recently as 2018 during the Syrian Civil
War,* by the terrorist group Islamic State,’ in an assassination in Malaysia,® and in the recent
poisoning in the United Kingdom.” In particular, organophosphate-based nerve agents are among
the deadliest chemicals in the world. These agents function by inhibiting the enzyme
acetylcholinesterase, causing accumulation of the neurotransmitter acetylcholine. This triggers
continuous stimulation of muscles and glands, which can lead to asphyxiation and death. Nerve
agents can be divided into three classes: G-series agents, including sarin (GB), soman (GD), tabun
(GA), and cyclosarin (GF);® V-series agents, including VX, VR, VE, VG, VS, and VM;’ and
Novichok agents, such as A-230, A-232, and A-234.!° Research into methods and materials for
the capture and decomposition of these lethal agents has been ongoing since their discovery.’!
Detoxification of nerve agents usually involves hydrolysis, with nucleophilic water or hydroxide

substituting at the phosphorus atom of the agent, resulting in elimination of the toxic leaving group
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(see Scheme 2.1). Due to the growing threat of their use in modern warfare, there has been a large

increase in research in the last few years to identify materials capable of destroying CW As, 669293

Scheme 2.1. Schematic of Two Possible Organophosphate Hydrolysis Mechanisms, (Top) Concerted and
(Bottom) Stepwise
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Due to the high toxicity of CWAs and regulation under the Chemical Weapons Convention,
simulants are often used in laboratory experiments to mimic the reactivity of nerve agents when
screening materials for catalytic detoxification. There exist many simulants that give results similar
to those of their respective agents, and their use streamlines studies of CWA degradation.
However, there is a necessary tradeoff between accuracy in simulating agent reactivity and safety
for academic study.® Further, there is little reason to believe that the current simulants used in the
literature will have identical degradation behavior to all types of agents. Sometimes, using actual
agents can reveal additional mechanisms not observed with simulants.>? For example, dimethyl
methylphosphonate (DMMP) is commonly used as a simulant®®>° for GB because it exhibits

similar adsorption behavior. However, it does not contain the P—F bond that is broken during sarin
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hydrolysis, and is therefore not as effective for mimicking reactivity.®? Choosing the most

appropriate simulant is non-trivial because it depends on the physical or chemical application of
interest (e.g., degradation, adsorption, or diffusion), but there are still many cases where
researchers claim materials are active towards CWAs based on extrapolation of simulant data
alone.”*?> Conversely, the dismissal of catalytic or sorptive materials based on lack of activity
towards simulants could result in missed opportunities. Thus, there is a pressing need for the
discovery and validation of new simulants, or confirmation of current simulants, that are effective
predictors of nerve agent reactivity under remediation conditions. As with the already widely used
simulants, these new molecules must be safe enough for researchers to handle them in experiments.

In addition to determining improved simulants, it is interesting to study how molecular
features affect organophosphate reaction energetics. Early studies in the nerve agent literature
studied correlations between physiological action and chemical structure.”®® However, there have
been limited reports of correlations between degradation behavior and chemical properties, which
have only covered structural effects for a small set of compounds due to experimental
limitations.?~1%2 Quantitative structure-activity relationship (QSAR) modeling can be used to
determine correlations between modifications in geometric and electronic structure and
corresponding changes in a response variable, such as partition coefficient or reactivity.!> QSAR
models are applied in a diverse range of fields, from predicting biological toxicity based on
structural descriptors,'%* to correlating reaction barriers with molecular orbital parameters.'% With
advances in computational techniques, quantum chemical methods are increasingly being used to
calculate descriptors to build the models. Aside from providing valuable insight into the chemistry
governing certain reaction classes or binding events, QSAR models can also drastically reduce the

expense and time required to discover and test novel candidate molecules. To the best of our
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knowledge, there has only been one previous QSAR model on organophosphate hydrolysis using

molecular orbital descriptors,'® but it only studied a small number of compounds and used
outdated computational methods. Due to the threat of nerve agent attacks in today’s world, along
with the significant increase in research aimed at neutralizing these agents in recent years,!%7-108
we believe there is a crucial need for a more thorough understanding of the basic chemistry
underlying their detoxification mechanisms.

Overall, the main goal of this work is to generate important insights by investigating nerve
agent hydrolysis reactions computationally, thereby reducing the number of experiments necessary
with these dangerous chemicals. Herein, we perform a density functional theory (DFT) screening
of over 100 organophosphate molecules, including hypothetical structures as well as previously
synthesized chemicals, to determine improved simulants based on criteria such as low toxicity and
similarity to nerve agent hydrolysis behavior. Both the pathway of degradation and the activation
energy barrier are investigated as measures for identifying improved non-toxic analogs. We
systematically vary the functional groups and leaving groups to observe the effects on overall
reaction energetics and mechanism. Our analysis is focused on comparison to the G-series agents,
sarin and soman, as they are the most commonly studied and used agents.

We also investigate correlations between molecular descriptors and reaction barriers for
the alkaline hydrolysis of these organophosphates, and we use the results to construct QSAR
models. Through careful consideration of the resulting models, a better understanding of the most
important descriptors involved in organophosphate hydrolysis is formed. The generated models

are then subjected to a thorough statistical analysis and validation procedure, in order to ensure

accurate predictive capability. Through the assessment of applicability domain, we further show
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that the QSAR models trained on G-series agents and simulants can reliably predict energetics for

other organophosphate classes as well, including VX.

Caution: Some of the organophosphate molecules mentioned herein are considered
extremely dangerous and should only be handled in a lab with proper facilities and certified
personnel.

2.2 Computational Details

All electronic structure calculations were performed using the Gaussian 09 package (revision
D.01).!'" Geometry optimizations were performed for all species using DFT with the B3LYP
functional’>”® and 6-311++G** basis set. Several other methods were tested on the uncatalyzed
hydrolysis reaction of sarin to explore the effect of level of theory on the energy barrier. The DFT-
D3 dispersion correction®® with the Becke-Johnson damping function,¢%7 the M06-2X
functional,''? second-order Mpller-Plesset theory (MP2),!!! the Hartree-Fock method (HF), and
the modified Complete Basis Set method (CBS-QB3)!'>!!? were tested and compared to available
experimental data (see Table A.l in Appendix A). In order to compare to experiments done in
solution, the polarizable continuum model (PCM)®"!!* of water was used to model solvation
effects implicitly. Harmonic vibrational analyses were performed, at the same level of theory, to
verify the nature of all species and to calculate the thermochemical properties at standard
conditions (298.15 K, 1 atm).

We used the EPA Toxicity Estimation Software Tool (T.E.S.T. v 4.2)!'5 to compile
experimental and predicted toxicity data for both nerve agents and all 117 simulants. T.E.S.T.
allows users to estimate the toxicity of compounds using various QSAR methods such as
hierarchical,''¢ FDA,!'7 and nearest neighbor!!® methods that predict values based on 45 molecular

structure descriptors. We chose to use the consensus method, which takes an average of the
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predicted toxicities from the above QSAR methods, because it was shown to achieve the best

prediction results during external validation.!!>

Molecular orbital parameters, used as descriptors for building QSAR models, were
calculated with the natural bond orbital (NBO) method!!® in Gaussian 09. All calculations required
for QSAR model development and statistical testing were performed in MATLAB using built-in
functions and a custom script to execute the leave-one-out cross-validation procedure.
2.3 Results and Discussion
2.3.1 DFT Screening for Improved Nerve Agent Simulants
Using DFT, we calculated the uncatalyzed alkaline hydrolysis mechanism for 117 potential
organophosphate simulant molecules, as well as the nerve agents GB and GD. Functional groups
and leaving groups were systematically varied to observe the effects on overall reaction energetics.
For all molecules with a chiral phosphorus center, the Sp enantiomer was modeled for consistency

(note that this isomer is generally more toxic than Rp),'2°

although this convention should not affect
the reaction energetics.

All molecules were observed to undergo Snx2 nucleophilic substitution pathways, with HO~
acting as the nucleophile.'?!12> The hydrolysis of nerve agents is known to proceed through a
stepwise mechanism, which generally consists of two transition states connected by a
pentacoordinated trigonal bipyramidal (TBP) intermediate.!?* Organophosphate compounds may
also hydrolyze through a single-step concerted mechanism in which the transition state mostly
involves nucleophilic attack but not the departure of the leaving group.!?#!2> Scheme 2.1 depicts
the differences between the stepwise and concerted mechanisms. In TBP phosphorus molecules,
£ 126

the most electronegative group is more stable in the axial position, where elimination is easies

Thus, the most electronegative group in each molecule (e.g., —F in sarin) was assumed to be the
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preferred leaving group, and the nucleophilic hydroxide was positioned to attack each molecule

directly opposite this leaving group.

Table 2.1. Effect of Conjugate Acid pKa. of Leaving Groups on Organophosphate Hydrolysis Mechanism

Leaving Group Conjugate Acid pKa Mechanism
Cr -8@ Concerted
F- 3.17® Stepwise
2,4-(NO2)2-CsH30~ 4.07® Concerted
2,4,6-Cl3-CsH20~ 5.99© Concerted
2,4,5-Cl3-CeH20™ 6.72© Concerted
4-NO2-CsHsO~ 7.15® Concerted
2-NO2-CsH4O~ 7.23® Concerted
3-CH3-4-NO>-CsH30~ 7.33@ Concerted
2,4-Clb-CsH30~ 7.85© Concerted
4-CN-CsH4O~ 7.97® Concerted
3-NO2-CsH4O~ 8.36 Concerted
3-C1-CsH4O~ 8.56 Concerted
4-Cl-CsH4O~ 9.41® Concerted
4-SCH3-CsH40O™ 9.53® Stepwise
3-N(CH3)2-CsHsO™ 9.78 Stepwise

CeHsO~ 9.99® Concerted/Stepwise*

4-OCH3-C¢H4O™ 10.21® Stepwise
CsHs-CH20™ 15.49 Stepwise
CH;O" 15.54® Stepwise
CH3;CH0™ 160 Stepwise
CH3CH2CH>0~ 16.10 Stepwise
(CH3)2:CHO™ 16.5@ Stepwise
(CH3);:CCH20™ 16.5® Stepwise
(CH3CH2)CHO™ 18.2M Stepwise

Experimental or predicted pKa values of the conjugate acids of leaving groups taken from (a) ref 127, (b) ref '8, (c) ref
129 (d) ref 1%, (e) ref 131, (f) ref 132, (g) estimated value for primary alcohols, and (h) ref !33. *Simulants with the CsHsO~
leaving group followed stepwise mechanisms when R! = R? = -OCH3 or R! = R?2 = ~OCH2CH3 and concerted when
R!=-OC¢Hs and R? = —-CH3.

We observed a relationship between the conjugate acid pK. of the leaving groups and the
reaction pathway that the molecules followed, in agreement with previous studies.!?*!2°> Simulants
with a (R)O™ leaving group where the conjugate acid pKa is below = 9.5-10 (“good” leaving
groups) were found to hydrolyze in a concerted mechanism, whereas “poor” leaving groups

reacted through a stepwise mechanism (Table 2.1). Both nerve agents and all simulants with a F~
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leaving group followed stepwise mechanisms, while all ClI~ leaving groups corresponded to

concerted pathways. Aside from the conjugate acid pK. of the leaving groups, the size of the
leaving group may also play a role in the preferred decomposition mechanism due to varying steric
interactions, although this effect should be less significant for uncatalyzed reactions.

For accurate comparisons to be made when performing experiments, an ideal simulant
should have a similar hydrolysis rate as its corresponding nerve agent, while also being less toxic.
To compile experimental and predicted toxicity data for both nerve agents and all 117 simulants,
we used the T.E.S.T. software.!’> We chose oral rat LDso —logio(molekg™') as the toxicity

endpoint, '3

which represents the mass of the compound per rat body weight that causes death in
50% of rats after oral ingestion, because it was the endpoint for which the most experimental data
was available.

For those molecules that exhibit a stepwise mechanism, we found that the first transition
state (TS1) was rate-limiting.!> For molecules that exhibit a concerted mechanism, there is only
one transition state (also referred to here as TS:). Thus, for all 119 molecules studied, the free
energy barrier for TS1 (AGtsi) was chosen as a basis for comparing simulant to nerve agent
behavior. Here, AGTs: is defined as the difference in free energy between TS: and the separated
reactants. For every stepwise mechanism observed, the second transition state (TS;) — involving
the departure of the leaving group — had a negligibly small energetic barrier, as its structure is
essentially identical to the connecting TBP intermediate, and thus TS does not significantly affect
the reaction kinetics. In Table A.2, we show the hydrolysis free energy barriers for several
organophosphate molecules obtained using our DFT procedure and compare them to available

experimental values to put our screening results into perspective. Although DFT consistently

under-predicts the experimental barriers, the ordering of the molecules is similar, which makes
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AGrtsi a reliable comparison metric. The TS free energy barriers from our DFT calculations are

59.74 kJemol~! and 56.16 kJemol™! for GD and GB, respectively.

Table A.3 contains AGts1 and rat oral LDso —logio values for all organophosphate
molecules studied. By plotting the DFT-predicted free energy barriers vs. rat oral LDsg values, we
observed no correlation (R* = 0.01, Figure A.1) between organophosphate toxicity and hydrolysis
reaction barrier.

We calculated the difference between the TS free energy barrier for individual simulants
relative to each nerve agent, |JAAGrsi|, to identify the best simulants. We chose |[AAGTsi| < 3.25
kJemol™! as a criterion for an improved simulant to account for uncertainty in the DFT
calculations, !¢ and because this is roughly equal to the difference between the free energy barriers
for soman and sarin. All simulants studied are indeed less toxic than the nerve agents, where rat
oral LDso —logio values for GD!*7 and GB'3® are 5.66 and 5.41 molekg™!, respectively. For context,
rat oral LDso —logio = 4.88 molskg™! for methyl-paraoxon (DMNP),'** which is one of the more
common simulants used when testing catalysts for detoxification.!*%!3°14! For precautionary
measures, we set the upper bound toxicity criterion at rat oral LDso —logio < 2.50 molskg™!. This
upper bound on the toxicity endpoint was chosen to err on the side of caution, given any possible
inaccuracies in the T.E.S.T. predictions. To our knowledge, DMNP, with its slightly higher
toxicity endpoint, has been used safely without incident in many previous studies. One attractive
feature of DMNP is its low vapor pressure (3.3 X 10~ mmHg at 25 °C),!3* which reduces the
inhalation hazard. This is perhaps a more immediate concern for a research scientist, rather than
oral exposure, and should also be taken into consideration when choosing simulants. However, we

chose the oral toxicity endpoint because it was the indicator for which the most experimental data
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was available. Rat oral LDso —logio < 2.50 molkg™!' was used as a general safety measure, but it is

unclear what the actual cutoff should be for an academic lab.
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Figure 2.1. Differences in DFT-calculated hydrolysis free energy barriers for the first transition state, |AAGTs1|, for
simulants relative to (a) soman and (b) sarin vs. their toxicity endpoint. The horizontal grey line indicates |AAGTs1| <
3.25 kJemol ™! as the energy barrier criterion for an improved simulant. The vertical purple line indicates LDso —logio
< 2.50 mol*kg! as the toxicity criterion. The black vertical line indicates LDso —logio = 4.88 molskg ! (toxicity of
DMNP), the red vertical line indicates LDso —logio = 5.66 molskg™! (toxicity of soman), and the blue vertical line
indicates LDso —logio = 5.41 molekg! (toxicity of sarin).

As shown in Figure 2.1, these criteria suggest 4 improved GD simulants for soman and 3
improved GB simulants for sarin, based on the chosen energy barrier and toxicity bounds. Here,
“improved” indicates that the simulant molecule has both [AAGTsi| < 3.25 kJemol™! and rat oral
LDso —logio < 2.50 molskg'. Note that Figure 2.1 only displays data for |[AAGrsi| up to 5 kJemol~
I, for clarity and to highlight the top simulants, whereas all data points are included in Figure A.2.
Table 2.2 displays the improved soman and sarin simulants, where each molecule is labeled using
its unique chemical identifier that can be used for searching chemical databases. Further, if a
particular application requires an identical degradation mechanism to that of nerve agents, then
simulants that undergo stepwise hydrolysis should be chosen. When comparing the molecules in
Table 2.2, it is clear that the simulants do not necessarily have a similar molecular structure as

their corresponding nerve agents. However, it is apparent that molecules with F~ and Cl~ leaving
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groups are generally better reactivity simulants compared to the other 22 (R)O™ leaving groups

considered. We believe that the primary reason molecules with F~ and CI” leaving groups are
present among the improved simulants is because hydrolysis of the nerve agents involves breaking
a P—F bond, which is better represented by a simulant with a halogen leaving group as opposed to

an alkoxy leaving group.

Table 2.2. Improved Soman (Top) and Sarin (Bottom) Simulants, Labeled Using Their Unique Chemical
Identifiers

e o)
P Il
o o> /l\/\ P. 9 o
Il o o7 I>F I T
P o NG S P
-
oIS ° o’ >al
CH
3 \
Soman (GD) CAS RN: 538-37-4 PubChem CID: 129642440 CAS RN: 403-65-6 CAS RN: 813-77-4
Toxicity™=5.66 molkg™" | Toxicity®™ =201 molkg™" Toxicity®™ =2.07 mol kg™ Toxicity®™ =2.46 molkg™ Toxicity®™ =2.26 molkg™"
AG,'9=59.74 kJmol™' |AAGrcp| =046 Kimol™'  |AAGrs, | =118 Kmol™  |AAGy, | *¥=2.11 kimol™ | AAGrsy6p | =2.14 K mol ™
Mechanism: Stepwise Mechanism: Concerted Mechanism!¥: Stepwise Mechanism: Stepwise Mechanism™: Concerted
0
g
(o] o o] o7 >al
o
A | p,
P. SR 8 NAC TN
o7 I >F 0" | °F o" | “c
CHs O\ 0\
Sarin (GB) CAS RN: 5954-50-7 CAS RN: 813-77-4 CAS RN: 538-37-4
Toxicity®=5.41 molkg™ | Toxicity®™ =226 molkg™' Toxicity® = 2.26 mol kg™ Toxicity® =2.01 molkg ™'
AGrs,"9=56.16 kymol ™' | AAGrs g5 |™®=0.05 kJ mol ™" | AAGrs gz | ®'=1.45 kJmol™ | AAGrs: 65| ™®=3.13 k) mol ™
Mechanism@: Stepwise Mechanism®: Stepwise Mechanism™: Concerted Mechanism'®: Concerted

(a) Experimental toxicity endpoint, which represents the rat oral LDso —logio value, obtained using T.E.S.T.!"> (b)
Predicted toxicity endpoint values calculated using the consensus QSAR method in the T.E.S.T. software. (c) Free
energy barrier for the first transition state in the soman or sarin hydrolysis reaction, calculated with DFT at T =298.15
K using B3LYP/6-311++G**. (d) Mechanism of hydrolysis, either stepwise or concerted. (e) Difference between the
TS free energy barrier for the simulant molecule relative to soman or sarin.

Given the inherent uncertainty in DFT and the predicted toxicities, we hesitate to declare
any one simulant as the best, but these 4 GD and 3 GB simulants may be worthwhile to study in
experiments, specifically for testing catalyst ability in aqueous nerve agent hydrolysis under
alkaline conditions. We note that some of these improved simulants may still be considered toxic
by university standards, so we highly recommend seeking approval from institutional safety

departments and further study of their toxicity prior to their utilization. Even though there is an
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overlap between top soman and sarin simulants, it is important to note that there is no single best

simulant for all types of nerve agents, so molecules should only be chosen based on similarity to
the CWA of interest.

Interestingly, many commonly used simulants in the literature showed large energy barrier
deviations from GD and GB. For example, ethyl-paraoxon and diisopropyl fluorophosphate both
had |[AAGrsi| > 10 kJemol™!, dimethyl methylphosphonate (DMMP) had |[AAGrsi| > 20 kJemol !,
and diisopropyl methylphosphonate had |[AAGrsi| > 30 kJemol!. This should serve as a caution
against selecting simulants based on literature precedent alone. A comparison of previous
computational studies shows that this discrepancy also translates to reactions on metal—-organic
frameworks, where the hydrolysis energy barriers for sarin and DMMP are calculated as 55
kJemol™!' and 84 kJemol™!, respectively, on UiO-66.%7-8

Note that the above analysis was focused entirely on AGts: as an indicator of kinetic
similarity, but the relative thermodynamics (AGwn) compared to nerve agents is also relevant.!-?!
If translating these results for experimental catalysis, simulant size would be another factor to
consider, as smaller molecules may experience less difficulty accessing catalyst active sites.”? A
bulky simulant such as dibenzyl chlorophosphonate (CAS RN: 538-37-4, Table 2.2) may have
significant difficulty diffusing into microporous catalysts, such as the UiO class of MOFs with
relatively small pore diameters, and thus the degradation reaction may be limited to the exterior
catalyst surface. In such a case, the kinetic diameter of a simulant should be taken into

consideration. Also, cost and ease-of-synthesis are important; however, these factors are beyond

the scope of this work.
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2.3.2 QSAR Modeling — Calculation of Molecular Descriptors

In addition to identifying improved simulants, we were interested in studying how specific
molecular features affect organophosphate reaction energetics. In the previous section, we briefly
noted that simulants with F~ and CI” leaving groups have similar activation barriers to nerve agents.
Below, we aim to extend beyond basic structural similarities to probe how electronic structure
descriptors affect the energetics. Implicitly, this analysis will also help explain which electronic
structure descriptors are most important when selecting an ideal reactivity simulant. To achieve a
more comprehensive understanding of the fundamental chemistry underlying organophosphate
hydrolysis mechanisms, we employed quantitative structure-activity relationship (QSAR)
modeling.

The first step in the development of any QSAR model, besides selecting a molecular
dataset, is the calculation of relevant molecular descriptors. We calculated molecular orbital
parameters, using electron population analysis with the NBO method in Gaussian 09, for all 119
molecules studied in the DFT screening and used these as some of the descriptors to build our
QSAR models. Based on their potential relevance to the hydrolysis of organophosphate molecules,
we compiled 12 descriptors, 11 of which were obtained through DFT calculations. All quantum
chemical descriptors were computed from structures of the individual reactant molecules, as
opposed to computing them from the transition state structure. The free energy barriers obtained
from the DFT screening in the previous section (AGts1) served as the response variable, which,

when combined with the descriptors, were used to formulate QSAR models.
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Figure 2.2. Calculated molecular descriptors used in the QSAR analysis, using the structure of soman as a
representative example. *Note that all descriptors were obtained through DFT calculations, except for the
conjugate acid pK, of the leaving group. The experimental pK, values were taken from available databases and
correspond to those values listed in Table 2.1.

The descriptors are briefly summarized in Figure 2.2, using the structure of soman as a
representative example. Based on basic chemical intuition and previous reports, we expected to
see certain relationships (either direct or inverse correlations) between the selected descriptors and
hydrolysis barriers, and the resulting QSAR model equations were used to confirm or deny our
hypotheses. For example, we predicted that a higher charge on the central phosphorus atom (gp)
should facilitate nucleophilic attack through increased electrostatic attraction with the negatively
charged hydroxide nucleophile.!?®!3> The molecular dipole moment (u) was chosen because it
describes the overall polarity of the molecule. The bond order of the P=O bond (BO) was
considered important, and we anticipated that the bond strength between P and the leaving group
atom should weaken as the P=0O bond order increases, resulting in a lower barrier. The conjugate
acid pK. of the leaving group is relevant because the overall hydrolysis rate should be dependent
on the relative basicity of the leaving group compared to the nucleophile,!* and pK, was already

shown in the previous section to have an effect on the degradation mechanism followed. The
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molecular volume (V) was selected to investigate if the relative size has any effect on the approach

of the nucleophile, and thus the reaction barrier.

The electron affinity (EA4) was selected because the hydrolysis reaction consists of a pair
of electrons on HO™ transferring into an unoccupied molecular orbital of the organophosphate.
Koopmans’ theorem'#? may be used to relate the ionization potential (/P) and EA4 to the HOMO
and LUMO eigenvalues, respectively, where /P = —Enomo and EA = —Erumo. Using this
relationship, higher £4 values should enable easier electron transfer, and thus lower energy

barriers. Formally, /P and E4A may be calculated as differences in electronic energies as follows:'#?

IP =Ey_; — Ey (2.1)

EA=Ey —Eyy4q (2.2)
where the subscripts N — 1, N, and N + 1 denote the cationic, neutral, and anionic molecule,
respectively. Here, the electronic energies are all calculated at the optimized geometry of the
neutral molecule.

Molecular hardness () and softness (SOF) may be used to measure the stability and
reactivity of molecules. Molecular electronegativity () describes the ability of a species to attract
electrons, and molecular electrophilicity (w) measures the reactivity towards a nucleophile, where

high values of these two descriptors should correspond to lower barriers. Using Koopmans’

theorem, Parr and co-workers'#* derived equations for n, SOF, y, and w, which are reproduced

here:
— IP — EA (23)
2
SOF = % (2.4)

_IP+EA

(2.5)
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w=% (2.6)

To complement these global molecular descriptors, we applied the concept of Fukui
indices, which are local reactivity descriptors that indicate preferred atomic sites for chemical
reactions. Specifically, we used the atomic populations obtained from the NBO analysis to
compute the Fukui index for nucleophilic attack on the phosphorus atom (f5"). f5~ describes the
tendency of the electronic density to distort at the phosphorus atom upon accepting electrons from
HO.!% Tt can be defined as the difference in atomic populations between the molecule with an

extra electron (N + 1) and the neutral molecule with N electrons:'46

fe" =popp(N + 1) — popp(N) (2.7)
where the subscript P denotes that these are populations of the phosphorus atom. Here, populations
for the anionic system are calculated at the optimized geometry of the neutral molecule. Molecules
with larger fp" values indicate more reactive phosphorus centers and should correlate with lower
reaction barriers.

The unscaled values of the 12 descriptors for all 119 molecules are listed in Table A.4.
Since these molecular descriptors have different units, all descriptors were scaled from 0 to 1 so
that the weights of each descriptor in the developed QSAR models may be more clearly compared
(see eq A.1 in Appendix A for scaling formula). The scaled descriptors for all molecules are listed
in Table A.5. We note that there are a virtually infinite number of other chemical descriptors
available in the literature, but we chose to limit our focus to these 12, whose selection relies only
on basic chemical intuition. The scaled molecular descriptors, along with the AGrsi response
variable, were used to construct QSAR models by applying stepwise multiple linear regression

(MLR), as described below.
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2.3.3 QSAR Modeling — Linear QSAR Model Development

Before assessing the developed QSAR models, we first discuss uniparametric correlations for
individual descriptors (e.g., R%ui for AGrsi vs. gp). The 5 most statistically significant descriptors
for describing the alkaline hydrolysis of all 119 organophosphates are: pKa (R*uni = 0.52, positive
slope), gp (R*uni = 0.21, positive slope), BO (R*ui = 0.19, negative slope), fz" (R*uni = 0.16, negative
slope), and V (R?uwi = 0.15, positive slope). Clearly, the conjugate acid pK, of the leaving group is
the single most important descriptor (of the 12 considered) for describing the energetics of these
reactions, and the sign of the term reveals that strongly basic leaving groups correlate with higher
free energy barriers. Surprisingly, the sign of the gp term indicates that higher charges on P
correlate with higher barriers, which is opposite to our hypothesis in the previous section. A
potential explanation is that although the increased charge on the phosphorus center could
strengthen the interaction with the incoming HO™ nucleophile, attraction to the leaving group could
also increase. The net effect would then be determined by the relative basicity of the leaving group
compared with that of the nucleophile. The signs of the BO and f3 terms confirm our expectations
that higher P=O bond orders and more reactive phosphorus centers correlate with lower barriers.
The sign of the molecular volume term indicates that smaller molecules generally correlate with
lower barriers.

Out of the 119 molecules studied, there are several possible molecular datasets (i.e., sets of
molecules with a unique characteristic in common) that contain enough molecules to create a
statistically significant QSAR model including: all molecules (Nm = 119), those hydrolyzing
through concerted mechanisms (Nm = 57) or stepwise mechanisms (Nm = 62), those with a F~
leaving group (Nm = 37) or CI” leaving group (Nm = 25), phosphono— molecules composed of alkyl

and alkoxy substituents (Nm = 58), and phosphoro— molecules composed of two alkoxy
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substituents (Nm = 54). Initially, we built non-predictive multi-parametric QSAR models for all

subsets. The term non-predictive denotes that, for each molecular subset, all molecules were
included in the model development as opposed to dividing them into training and test sets. This
was done to gain a better understanding of the most important descriptors involved in the
hydrolysis of organophosphates having particular attributes. Herein, we focus our discussion on
the model created using all 119 molecules. Results for the other smaller subsets can be found in
Appendix A.

For model development, we used stepwise forward-backward based feature selection
combined with MLR using a 95% confidence interval, utilizing the built-in stepwiselm function in
MATLAB. MLR allows for easy interpretation of the contribution each descriptor has on the
model in terms of its coefficient weight and sign. This algorithm performs forward selection of
descriptors if their corresponding p-values are less than 0.05, then uses backward elimination of
the descriptor with the largest p-value if any descriptors in the model at the current step have p-
values higher than 0.10. Here, the p-values are for an F-test of the change in the sum of squared
error resulting from the addition or removal of a descriptor. Descriptors are also removed at each
step if they are linearly dependent with other descriptors. The algorithm terminates whenever a
single step cannot improve the model statistics. We note that there are a number of other more
sophisticated methods that can be applied to build the models, such as artificial neural networks. '+’
However, this added complexity is not warranted for our application here, as is evident by the
promising statistical results detailed below using simple MLR.

The non-predictive multi-parametric QSAR model developed using all 119 molecules is:

AGts1 = (73.70 + 4.88) + (58.81 £ 9.58)gr — (80.68 £ 11.99)BO — (12.33 + 7.40)pKa

—(10.47 £ 2.92)w + (10.60 + 4.38)V (2.8)
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Nm =119, Q%00 = 0.64, R? = 0.72, RMSE = 8.02 kJemol !, F=59.2.

Here, AGrs1 is in kJ/mol and the descriptors are dimensionless (scaled from 0 to 1, as described
earlier). In eq 2.8, Nn is the number of molecules, R? is the correlation coefficient between
observed and predicted responses, and RMSE is the root mean square error. The leave-one-out
cross-validation (LOO-CV) procedure is used to calculate Q*.00, where every molecule is
eliminated from the dataset once and then its response variable is predicted using the QSAR
equation produced from the remaining set.

We described the most significant uniparametric correlation coefficients above for
completeness and transparency, and to show that single descriptors are not sufficient to describe
such a heterogeneous dataset. The results highlight the well-known fact that adding increasingly
more terms to a regression model will improve the correlation statistics. However, the 5 descriptors
in eq 2.8 are a reasonably small set of terms, allowing for a clear interpretation of their relationships
with the free energy barrier. It is important to note that the absence of the other 7 descriptors from
eq 2.8 does not imply that some of these parameters are not also important for describing
organophosphate hydrolysis reactions. For example, w and £4 have an inter-descriptor correlation
coefficient of R%4 = 0.98, as detailed in the matrix below eq A.2 in Appendix A. Theoretically, E4
could be substituted for w in eq 2.8 to produce a slightly different QSAR model, without
significantly affecting the model statistics.

Non-predictive multi-parametric QSAR models and uniparametric correlation coefficients
for the other molecular subsets are described in eqs A.3—A.8 in Appendix A. Predictably, careful
inspection of these supplementary results shows that the correlation coefficients are higher for the
smaller molecular subsets because they are more homogeneous datasets, and the most significant

descriptors vary between subsets.
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The relatively high R? and Q%100 statistics and the low RMSE value of eq 2.8 suggest that

these 5 descriptors can produce QSAR models with acceptable accuracy for predicting the AGrs:
barriers. To confirm this, we performed statistical validations and predictions.

2.3.4 QSAR Modeling — QSAR Model Validation and Predictions

To determine the predictive capacity of the dataset (Nm = 119), we split the molecules into training
and test sets, making sure that the training set spanned the entire response variable space'*® and
that the test set included ~15% of the total dataset.'* To create a predictive QSAR model, we
tested three different algorithms for dividing molecules: (i) random selection, (ii) cluster by rank
in which molecules were sorted by AGrtsi values into a specific number of groups and then
randomly selected from each group for the test set, and (iii) modified cluster by rank in which a
rational division of molecules was executed to ensure a reasonable dispersion of conjugate acid
pKa values within the training and test sets. Each method included molecules with the highest and
lowest AGtsi values in the training set. More detailed descriptions of the processes used in
algorithms (i1) and (iii) are included in Appendix A.

We ran each dataset division algorithm 100 times to examine the variability in model
statistics. As seen in Figures A.3—A.6, the more rational algorithms (ii) and (iii) did not have a
strong influence on the resulting QSAR model statistics and actually performed worse on average
than (i) for certain statistics. The models that used methods (ii) and (iii) and resulted in the best
statistics are highlighted in Appendix A. We restrict our statistical analysis and discussion herein
to the best random selection model, using method (i).

Several tests for statistical significance were used to evaluate the predictive value of the
models. To evaluate the training set, the Q%00 correlation coefficient was used. Q% oo can be

calculated using the formula:
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XWob in) — ¥ in))?
2 =1-— obs(train) pred(train) 2.9
QLOO Z(yobs(train) - y(train))z ( )

where Vobs(irain) are the actual AGrs1 responses, Vpred(train) are responses estimated based on the LOO-
CV procedure, ¥ irain) i the average response, and summations are over all training set molecules.

The possibility of chance correlation or structural redundancy in the developed QSAR
models was measured by the y-randomization method. This involved randomizing the response
values, while leaving the descriptor matrix unchanged, and repeating the entire process of
statistical validation. Using the correlation coefficients for the randomized model (R?) and non-

random model (R?y), the following parameter was calculated:

CRZ = R,, X +/R% —R? (2.10)

where “R3 > 0.5 indicates that the QSAR model is not generated by chance only.'>°

To evaluate the test set, the test set correlation coefficient (R?w.st) was calculated as:

Z(yobs(test) -y red(test))2
R, =1-— LT 2.11
test Z(Yobs(test) - y(test))z ( )

where the summations are over all test set molecules. In general, models are deemed acceptable in
the QSAR community if 0?00 > 0.5 and R?ws > 0.6.15!

The prediction accuracy for the test set is also typically evaluated in terms of the root mean
square error in prediction (RMSEs). There is no definitive criterion for how low the RMSEje
should be, as it depends on the application of interest and the user’s error tolerance. Although R%est
is important to calculate to validate models, the RMSE.s: is perhaps a better indicator of a model’s
practical usefulness.!>? Furthermore, the value of a QSAR model is not exclusively dependent on
the quantitative accuracy of its predictions. The relative ranking of molecules, in terms of response

variable, is also significant. Thus, the Spearman’s rank correlation coefficient (p) may also be
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calculated. For our study, accuracy in predicting the AGrs: barriers is just as important as

predicting trends in the barriers, in the context of determining which simulant molecules have
predicted barriers closer to the actual nerve agents. Thus, when comparing computed statistics
across all 100 models generated using the random selection algorithm, we identified the optimal
model as the one that yielded the lowest RMSEqes:.

The optimal predictive QSAR model developed using the random selection algorithm is:

AGrs1 = (139.92 + 16.84) + (72.47 £ 8.94)gr — (93.91 £+ 11.86)BO — (19.75 + 7.33)pKa

— (66.51 & 16.94)n — (76.38 £ 18.23)SOF (2.12)
Training set: Nm = 101, Q%00 = 0.64, “R3 = 0.68, R?uain = 0.73, RMSErain = 8.25 kJemol'!, F =
50.3
Test set: Nm = 18, R?est = 0.87, RMSE st = 4.36 kJemol™!, p = 0.91.
As before, AGrs; is in kJemol™! and the descriptors are dimensionless. Based on our established
criteria, eq 2.12 represents a model with excellent predictive capacity, in terms of both quantitative
(RMSE:est = 4.36 kJemol ') and ranking (p = 0.91) accuracy. The y-randomization statistic is CR3=
0.68, which indicates that the QSAR model is not generated by chance only. Figures A.3—A.6
contain plots of 0?00, R*est, RMSEtest, and p for all 100 QSAR models generated using the random
selection algorithm, highlighting the variability in model statistics.

We note that some descriptors in eq 2.8 selected when using the entire dataset (Nm = 119)
are different from those in eq 2.12 that is built on only a training set (Nm = 101). Aside from the
fact that the two models are constructed using slightly different datasets, the reason for the
descriptor differences may be due to the stepwise MLR method itself. Stepwise models are locally,
but not necessarily globally, optimal because a different initial model or a different sequence of

steps may lead to slightly different fits, all of which may provide equally accurate predictions.
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Regardless of the cause, these differences highlight the importance of generating both non-

predictive and predictive QSAR models, depending on what the purpose of the model may be.
While the non-predictive model in eq 2.8 is useful for gaining insight into the most significant
descriptors involved in organophosphate hydrolysis, only the predictive model in eq 2.12 can be

used to reliably predict free energy barriers for new molecules.
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Figure 2.3. Comparison between observed (DFT-calculated) free energy barriers with those predicted by
the optimal predictive QSAR model developed using the random selection algorithm, eq 2.12. The dashed
line shows the relationship Vpred = yobs, Where data points for ideal models should lie close to this line.

AGTs: barriers for all 119 molecules predicted using eq 2.12 are given in Table A.6. The
regression plot of observed (DFT-calculated) and predicted barriers for training and test set
molecules is represented in Figure 2.3, along with the corresponding linear correlation coefficients
between observed and predicted barriers (R%wain = 0.73, R?wst = 0.87). The dashed line in this plot
that shows the relationship ypreda = yobs 1S included to help assess the predictive power of the model,

where data points for ideal models should lie close to this line.
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From the values in Table A.6 and Figure 2.3, it is clear that the agreement between

observed and predicted barriers is quite good. There is one noticeable outlier in the training set
(identified as molecule 119 in Table A.3), although the statistical correlations are still significant
even with this molecule included in building the model. Figure A.8 plots the distribution of raw
residuals for the model, showing that the residuals have an acceptable normal distribution, with
the one outlier. Further discussion of this outlier is continued in the next section.

2.3.5 QSAR Modeling — External Predictions and Assessment of Applicability Domain
The optimal predictive QSAR model in eq 2.12 was further applied to predict AGTs: barriers for a
set of 3 external molecules, not included in the training or test sets. Since our QSAR models were
specifically developed using sarin and soman simulants, we wanted to determine if eq 2.12 could
also reliably predict other nerve agent types such as cyclosarin (GF), tabun (GA), VX, and their
related simulants whose structures were not involved in building the model. To accomplish this,
we performed additional DFT calculations to generate observed AGts: values and molecular
descriptors for GF, GA, and VX. Their AGTs; barriers are listed at the end of Table A.3 (identified
as molecules 120, 121, and 122), and the unscaled and scaled values of their 12 molecular
descriptors are listed in Table A.4 and Table A.5, respectively.

To more easily assess how eq 2.12 performed for these external set molecules, we
established the applicability domain (AD) of the optimal predictive QSAR model using the
leverage-based method.!>3!3* Predictions for molecules can only be considered reliable and not
extrapolations if they lie within this AD. In other words, the AD represents the bounds in which a
model tolerates a new molecule.'>* To visualize the AD, a Williams plot was constructed using the

standardized cross-validated residuals and the leverage values with established thresholds.
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Leverage (/) is simply a measure of the influence of a molecule’s structure on the

regression model. Leverages for individual molecules within the training and test sets, for example,

may be calculated as the diagonals of the hat matrices (), defined as:
Htrain = Xtrain (Xt’I;"ainXtTain)_lxt_?;ain (213)
Htest = Xtest (Xt’l;"ainXtrain)_lxlTest (2 14)

where Ximin and Xiest are the design matrices containing the molecular descriptors for the training
and test set molecules, respectively. More specifically, each row in the design matrices contains
the 12 scaled descriptor values for an individual molecule. The cut-off leverage is defined as 4* =
3(Ng + 1)/Nm, where Ny is the number of descriptors used in the final model and Ny, is the number

1 153

of training set molecules used to build the mode A prediction for a molecule is considered

unreliable and outside the AD if its & > h*.
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Figure 2.4. (a) Williams plot showing the applicability domain for the optimal predictive QSAR model
developed using the random selection algorithm, eq 2.12. The horizontal purple lines signify the bounds for
the standardized residuals (at + 3 standard deviation units). The vertical purple line represents the cut-off
leverage (h*). The numbers correspond to molecule numbers, established in Table A.3. (b) The structures
of the five numbered molecules.
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From the Williams plot, it is easy to detect response outliers (with standardized residuals

> 3 standard deviation units) and structurally influential molecules with high leverage (h > h*).
The AD for the optimal predictive QSAR model is represented in Figure 2.4a, where purple, red,
and green points denote training, test, and external set molecules, respectively. The horizontal
purple lines signify the bounds for the standardized residuals (at + 3 standard deviation units) and
the vertical purple line represents the cut-off leverage (A* = 0.18). Only 2 out of the 122 total
molecules are located outside of the AD, and so predictions for all other 120 organophosphates
using eq 2.12 can be considered reliable. The 2 outliers (molecules 4 and 119) are both in the
training set. Molecule 4, whose structure is presented in Figure 2.4b, is a structurally influential
outlier. By comparing its structure with the rest of the molecules in Table A.3, it is apparent that
molecule 4 is the only organophosphate considered with a hydrogen substituent, whereas all other
molecules have methyl or larger substituents. However, molecule 4 can be said to have “good”
leverage since it is in the training set, meaning it reinforces the strength of the model for any future
predictions. Molecule 119, whose structure is represented in Figure 2.4b, is a response outlier, as
is also evident from Figure 2.3. Molecule 119 contains a tert-butyl substituent, which is a very
bulky moiety compared to all the other organophosphates. eq 2.12 wrongly predicts its free energy
barrier and can be expected to perform poorly for other molecules with equally large alkyl groups.

Perhaps surprisingly, all 3 external set nerve agents fall within the AD. This inspires further
confidence in our developed model because both VX and GA (molecules 121 and 122, highlighted
in Figure 2.4b) contain leaving groups not included in the training or test sets. This result implies
that eq 2.12 can also be used to make reasonable predictions for organophosphates with new

leaving groups not considered herein.
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2.4 Conclusions

In this work, we performed DFT calculations on the uncatalyzed alkaline hydrolysis mechanisms
for 119 organophosphate molecules to determine improved simulants for the G-series nerve agents
soman and sarin, based on criteria such as low toxicity and similarity to nerve agent hydrolysis
energetics and degradation mechanism. All molecules were observed to undergo Sx2 nucleophilic
substitution pathways, with hydroxide acting as the nucleophile. We observed a relationship
between the conjugate acid pKa of the leaving groups and the reaction pathway (concerted vs.
stepwise) that molecules followed. For all 119 molecules, the rate-limiting free energy barrier for
TS1 was chosen as a basis for comparing simulants to nerve agents. To compare toxicities, we used
the oral rat LDso —logio(molekg™) toxicity endpoint obtained from the EPA Toxicity Estimation
Software Tool. Based on our established energy barrier and toxicity criteria, we identified 4
improved soman simulants and 3 improved sarin simulants. The improved simulants do not all
have a similar molecular structure as their corresponding nerve agents, but it is evident that
molecules with F~ and ClI leaving groups are generally better reactivity simulants. Although there
is an overlap between top soman and sarin simulants, it is important to recognize that there is no
single best simulant for all types of nerve agents. Many common simulants like DMMP showed
large energy barrier deviations from the agents, serving as a caution against selecting simulants
based on literature precedent alone.

Overall, we highlighted 5 unique molecules that have low estimated toxicities and are
predicted to have nearly identical rate-determining hydrolysis reaction barriers to actual nerve
agents. Our screening aims to narrow down the search space for potential simulants and to aid
researchers in accurately and safely studying these reactions. If our simulant predictions are proven

reliable, this could allow researchers to confidently predict kinetic degradation rates for promising
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catalyst materials, potentially accelerating research in this field and improving overall lab safety.

When translating our results for potential experimental validation, it is important to remember that,
just as the choice of simulant depends on the desired application, it also heavily depends on the
method of degradation. For example, the choice of solvent (water, methanol, etc.), catalyst identity
(MOF, metal oxide, polyoxometalate, etc.), and the active site environment (elements present,
steric interactions, etc.) are all important factors that may affect how a simulant degrades relative
to actual nerve agents. Further experimental testing of the suggested simulants, in terms of toxicity,
is also warranted if they are to be used in an academic environment. While validation with actual
nerve agents is still necessary, using simulants with nearly identical reaction barriers will help to
narrow down promising catalyst materials, as opposed to simply proving that a material is active
towards organophosphate degradation without a true indicator of exactly how active. We believe
that our determination of highly predictive and less toxic nerve agent simulants will be valuable
for the broader scientific community pursuing the challenge of destroying chemical warfare agents.

To achieve an even more comprehensive understanding of the fundamental chemistry
underlying organophosphate hydrolysis mechanisms, we employed quantitative structure-activity
relationship modeling. Twelve molecular descriptors, obtained from quantum chemical
calculations, were chosen as potentially relevant parameters for predicting the free energy barriers
for these reactions. From our statistical analysis, we concluded that the most significant
uniparametric descriptors for describing the alkaline hydrolysis of organophosphates are conjugate
acid pK, of the leaving group, charge on the phosphorus atom, P=O bond order, the Fukui index
for nucleophilic attack on the phosphorus atom, and molecular volume. Weakly basic leaving
groups, lower charges on P, higher P=O bond orders, more reactive phosphorus centers, and

smaller molecules all correlate with lower free energy barriers. We then built multi-parametric
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QSAR models using stepwise multiple linear regression, highlighting that single descriptors are

not sufficient to describe such a heterogeneous dataset. To determine the predictive capacity of
our models, we split the molecules into training and test sets using three different algorithms and
performed statistical validations. Each dataset division algorithm was run 100 times, and we
observed that simple random selection was sufficient for achieving acceptable QSAR model
statistics. We identified the optimal model as the one that had the lowest root mean square error in
prediction, which yielded a model that showed excellent predictive capacity, in terms of both
quantitative and ranking accuracy, for determining free energy barriers. Since our model was
developed using sarin and soman simulant data, we further tested its robustness by predicting
barriers for 3 external set nerve agents (cyclosarin, tabun, and VX), whose structures were not
involved in building the model. Through the assessment of its applicability domain using the
leverage-based method, we showed that the optimal predictive QSAR model could reliably predict
energetics for other organophosphate classes, even tabun and VX which contain leaving groups
not included in the training or test sets. This implies that our model can be used to make reasonable
predictions for organophosphates with other novel leaving groups.

The prediction of free energy barriers using DFT-calculated molecular descriptors is
relatively simple and computationally cheap. Thus, our QSAR models generated using these
descriptors can be utilized to predict alkaline organophosphate hydrolysis barriers without having
to perform relatively expensive transition state calculations or dangerous experiments. In addition
to predicting free energy barriers for uncatalyzed reactions, the molecular descriptors could
potentially be used in new QSAR models for other applications. For instance, different response
variables such as binding energies could be implemented to make predictions for uptake in porous

155

materials'>> or for sensing and detection.
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Chapter 3: Insights into Catalytic Hydrolysis of Organophosphate Warfare Agents by

Metal-Organic Framework NU-1000

This chapter is a modified version of a published manuscript: Chen, H.; Liao, P.; Mendonca, M.
L.; Snurr, R. Q. J. Phys. Chem. C 2018, 122, 12362—-12368. Prof. Peilin Liao started this project
and performed initial calculations before starting a faculty position at Purdue University. Dr.
Haoyuan Chen and I finished the calculations, analyzed the data, and wrote the manuscript

together.

3.1 Introduction

Chemical warfare agents (CWAs) were first used on a large scale in World War I but continue to
be a major threat to the health and lives of many people in the world. CW As that contain phosphate
ester groups, called nerve agents, are extremely toxic because they can rapidly inactivate
acetylcholinesterase, which is a key enzyme for nerve function.!!%157 Efficient destruction of
phosphate CWAs has therefore drawn significant interest in the chemistry community. Although
there are enzymes such as phosphotriesterase!>%:!138-160 that can break down phosphate ester bonds
rapidly via catalyzed hydrolysis, the large-scale use of enzymes in nerve agent destruction is
limited by the restrictive conditions under which the enzymes are active. Hence, solid materials
that are more robust under different conditions have been applied to the destruction of CWAs,

including heterogeneous catalysts such as zeolites, ! polyoxometalates,’:16%:163

and metal—organic
frameworks (MOFs).!21:25:5762.141 T particular, MOFs have drawn significant attention because of

their amenability to modular design and synthesis, which opens up the potential to catalytically

decompose a broad spectrum of CWAs and improve the catalytic efficiency via chemical
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1,57.62,66,163-167 Among them, zirconium-based MOFs have also been shown to possess

modification.
high thermal (up to 500 °C) and chemical (pH 1-12) stabilities because of the strong Zr—O bonds
in the nodes, which make them promising candidates for catalysis.*’-*® Further improvement of

164,165,168

MOF catalysts can benefit from the knowledge of enzyme catalysis mechanisms, as has

already been demonstrated in the design of MOFs for CWA destruction to date.?>!%°

i 'p
/P\O /P\O \ O
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Sarin (GB) Soman (GD) DMNP (Simulant)

Figure 3.1. Chemical structures of two G-series nerve agents and a simulant that have been studied for catalytic
hydrolysis on Zr-based MOFs.

In addition to experimental studies, theoretical calculations have also been used to study
the catalytic destruction of nerve agents and simulants in MOFs with the goal of providing insights
at the atomistic level and guiding the design of new materials with improved catalytic
properties. 31> For example, Troya reported a gas-phase mechanistic study of the hydrolysis of
the G-series nerve agent Sarin (GB, propan-2-yl methylphosphonofluoridate) and the simulant
dimethyl methylphosphate on zirconium-based MOFs UiO-66 and MOF-808.>7-> Mondloch et al.
studied another Zr-based MOF NU-1000 both experimentally and computationally. In their work,
dimethyl 4-nitrophenylphosphate (DMNP or methyl-paraoxon) was used as a simulant to mimic
real nerve agents such as Soman (O-pinacolyl methylphosphonofluoridate, also known as GD, see
Figure 3.1).! The use of simulants with similar structures but much lower toxicities than CWAs
allows more comprehensive experiments to be performed in university laboratories. More recently,
Islamoglu et al. performed calculations to investigate the effect of amino-functionalized linkers on

Ui0-66-catalyzed DMNP hydrolysis.>!



73
In the present work, we aim to gain deeper insights into the phosphate ester hydrolysis

reaction catalyzed by NU-1000 using density functional theory (DFT) calculations. In the previous
work by Mondloch et al., the binding between the simulant and the MOF was studied, but the
reaction free energy barrier and the complete reaction pathway were not investigated. Here, we
map out the entire catalytic cycle of NU-1000-catalyzed hydrolysis of the simulant DMNP and
calculate the free energy barrier. Detailed comparisons between the uncatalyzed and catalyzed
transition states (TSs) are performed to shed light on the origin of the catalytic effect, revealing a
resemblance to enzyme catalysis in terms of mechanistic fingerprints. The effects of temperature-
induced node dehydration and distortion on catalytic efficiency are also discussed, along with a
comparison to previous experimental kinetics data.

3.2 Computational Details

All electronic structure calculations were performed using the Gaussian 09 package (revision
D.01).1% The cluster used for representing Zr-based NU-1000 was taken from Mondloch et al.,!
which corresponds to the mixed-staggered proton topology.*® The bottom four benzene linkers
were replaced by H atoms to speed up the calculations (see Figure B.1 in Appendix B for the
geometry of the simplified cluster). Because those benzene linkers are far away from the reactive
site and do not interact directly with the reactant, this simplification should have a minimal effect
on the reaction on the other side of the node. The H atoms farthest from the Zr node in each benzene
ring of the linkers were held fixed to mimic the constraints imposed by the surrounding MOF
structure, whereas the rest of the benzene atoms were allowed to relax. The reactive species —
including the DMNP molecule, the attacking hydroxide from solution, and nearby node OH groups

— were allowed to relax, whereas the remaining atoms were held fixed. The atomic coordinates of
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the distorted node were obtained from Platero-Prats et al.!”® (see Figure B.1 for the geometry of

the simplified cluster).
Geometry optimizations were performed for all species using DFT with the B3LYP

1’72,73

functiona and the DFT-D3 dispersion correction®> with the Becke-Johnson damping

function®-87

was applied for single-point energy calculations. The 6-31+G** basis set was used
for the reactive species (defined above), whereas the 6-31G* basis set was used for the rest of the
atoms in the node. The LANL2DZ7"-7%17! basis sets with effective core potentials were applied for
Zr. Several other methods were tested on the uncatalyzed hydrolysis reaction of DMNP to explore
the effect of level of theory on the energy barrier. The M06 and M06-2X functionals,!!* second-
order Mgller-Plesset theory (MP2),'!! Hartree—Fock method, and the modified complete basis set
method (CBS-QB3)!'>!13 were tested and compared to the available experimental data (see Table
B.1). The polarizable continuum model3!:!'* with default atomic cavity radii was used to model
solvation effects implicitly. Harmonic vibrational analyses were performed to verify the nature of
all stationary points and to calculate the thermochemical properties at standard conditions (298.15
K, 1 atm). Single-point energy calculations were also performed to refine the energies of all
species, in which the 6-31G* and 6-31+G** basis sets were replaced by a larger 6-311++G** basis
set.

3.3  Results and Discussion

3.3.1 Uncatalyzed Hydrolysis of DMNP

To investigate the catalytic effects of NU-1000 on DMNP hydrolysis, we first studied the baseline

reaction, which is uncatalyzed hydrolysis of DMNP in aqueous solution. Phosphate ester

hydrolysis reactions may have different mechanistic scenarios depending on various factors
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H.!24172-174 Here, because the corresponding experiments' were performed at pH =

including the pH.

10, we focused on the alkaline hydrolysis mechanism where an OH™ anion acts as the nucleophile.
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Figure 3.2. I1lustration of the uncatalyzed alkaline hydrolysis mechanism of DMNP. Optimized TS structure and
key bond lengths (in A) are also shown.

As shown in Figure 3.2, the reaction is a single-step Sn2 nucleophilic substitution in which
the TS mainly involves attack of the nucleophile but not the departure of the leaving group (also
referred to as an “early TS”). This is consistent with previously reported calculations on similar
systems.!?#12> The free energy barrier using B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G** is
55 kJ/mol, which is in good agreement with the high-level CBS-QB3 results presented in Table
B.1. The D3(BJ) dispersion correction is used for all calculations because the adsorbate has
significant dispersion interactions with the MOF. A comparison of the enthalpic and free energy
barriers across an extended set of methods is provided in Table B.1.

3.3.2 Catalytic Effects of NU-1000

In the previous work by Mondloch et al.,! the binding mode between DMNP and NU-1000 in the
reactant state (RS) has been characterized by DFT calculations. Here, we also located the TS
structure of the reaction and mapped out the complete reaction pathway, which is shown in Figure
3.3. First, the nonbridging phosphoryl oxygen atom in DMNP (O=P) forms a strong interaction
with a Zr atom that has an open coordination site on the dehydrated node, as shown in the RS in

Figure 3.4. Note that in the regular form of NU-1000, the coordination of that Zr atom is saturated
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by a water molecule. We found that the creation of the open site through dehydration, which is

essential for the catalysis, requires approximately 35 kJ/mol of energy (Figure 3.5). This node

topology of partially dehydrated NU-1000 has also been confirmed by experimental IR

spectroscopy and DFT calculations in previous work.!”>
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Figure 3.3. The catalytic cycle of DMNP hydrolysis on a NU-1000 node.

Then, similar to uncatalyzed alkaline hydrolysis, an OH™ anion from the solution attacks

the phosphorous atom in a concerted mechanism, where only one TS is involved. This stands in

contrast to the stepwise multi-TS mechanism observed for Sarin hydrolysis.’” Upon desorption of

the product, the catalytic site is regenerated, completing the cycle.
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Figure 3.4. Schematic drawing (bottom) and optimized RS (node-DMNP complex) and TS structures (top) of
the DMNP hydrolysis reaction catalyzed by the Zrs node in NU-1000. Key bond lengths are expressed in A. The
organic linker molecules in NU-1000 are also included in the computational model but omitted in the images for
clarity.

A noticeable difference between the TS for the uncatalyzed reaction and the TS on the Zr
node is the presence of a hydrogen bond between the leaving group oxygen and an OH group on
the node (shown at 2.01 A in Figure 3.4). This resembles a common theme in enzyme-catalyzed
phosphate ester hydrolysis and phosphoryl transfer reactions, which is the stabilization of the
negative charges that are building up on leaving group oxygen atoms to facilitate the cleavage of
the P-O bond.!"*!76-181 The TS structure here, compared to the TS in the uncatalyzed reaction, is
even “earlier” (phosphorous is farther away from the nucleophile and closer to the leaving group)
because the hydrogen bond effectively increases the leaving group ability. A trend has been
demonstrated for similar types of reactions that the better the leaving group is, the “earlier” the
rate-limiting TS is and the lower the reaction barrier.!?%!82-185 Indeed, we also obtain a lower
barrier for the MOF-catalyzed reaction than the uncatalyzed one. As shown in Figure 3.5, the

barrier of the MOF-catalyzed reaction (defined as the free energy difference between TS and node—
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DMNP complex) is 12 kJ/mol lower than the uncatalyzed one (54.7 vs 43.0 kJ/mol). This 43

kJ/mol DMNP hydrolysis barrier for NU-1000 compares well with the 47.3 kJ/mol barrier for UiO-
66 calculated in a recent study using the M06-L functional and a continuum-cluster solvation
scheme.’! Also, note that the barrier for product desorption (defined as the free energy difference
between separated products and node—phosphate complex) is only 10.5 kJ/mol, which suggests no

product inhibition effects in the aqueous solution degradation reaction.
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Figure 3.5. Comparison of the reaction free energy profiles of uncatalyzed (black), regular NU-1000 node-
catalyzed (blue), and distorted NU-1000 node-catalyzed (red) DMNP hydrolysis reactions.

We further examined the catalytic effect of the Zr node by analyzing the electronic structure
of key species using electron population analysis with the natural bond orbital (NBO)
method.!'*18¢ We find that in the catalyzed TS, the phosphorous atom possesses more positive
charge (2.65 vs 2.54) than in the uncatalyzed TS, as shown in Figure 3.6, which makes it more
readily attacked by the negatively charged OH™ nucleophile. The extra amount of positive charge
can be traced to the electron-withdrawing Zr atom, which exhibits a lower partial charge of 1.95

in the TS with DMNP compared to a partial charge of 2.29 in the metal node alone (Figure 3.6).
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Figure 3.6. Partial charges on key atoms at the TS on the NU-1000 node (light grey bars) and at the uncatalyzed
TS and metal node alone (dark grey bars), from NBO analysis.
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The synergistic catalytic effect observed here, which involves a positively charged species
acting as a Lewis acid to facilitate the nucleophilic attack together with another species enhancing
the leaving group via electrostatics, is a common motif in the catalysis of phosphate ester

174,178,179,181

hydrolysis and phosphoryl transfer reactions by enzymes, synthetic dinuclear metal

187-190 and even stand-alone metal ions in solution.'*!!°2 Recognizing and building upon

complexes,
this concept could be useful in the development of new MOFs with even faster kinetics for
catalyzing phosphate ester hydrolysis.

3.3.3 Effect of Node Distortion

Recently, Chapman and coworkers observed that the Zrs nodes in NU-1000 undergo structural
distortion under high-temperature dehydration conditions (>130 °C) and remain in the distorted
form for days to weeks upon return to ambient conditions.!”® Upon distortion, the distribution of
Zr—Zr bonds changes from a single distance in the originally symmetric node to two different

distances in the distorted structure. In spite of this, the long-range order in the crystal was

maintained, and no conventional defects (e.g., missing linkers or nodes) were formed. The
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transition was confirmed by DFT calculations and ab initio molecular dynamics (AIMD)

simulations in their study. In the simulant hydrolysis experiments carried out by Mondloch et al.,!
faster reaction kinetics were observed if the NU-1000 material was thermally treated at 300 °C
before running the reaction at room temperature. Therefore, we were interested in investigating
the reaction mechanism on the distorted NU-1000 node to determine if the temperature-induced
node distortion enhances DMNP hydrolysis compared to the regular node, as seen in the
experiment.

Starting from the optimized node structure determined by DFT and AIMD simulations in
ref 170, we mapped out the reaction pathway on the distorted node. As shown in Figure 3.5, the
reaction pathway is similar to the regular node, except that there is no dehydration step because
the node in the starting structure does not have any coordinating water molecules. Notably, one of
the core oxygen atoms is separated from the distorted core and leaves a vacancy in the node (see
Figure B.1 for the geometry of the simplified cluster), which further reduces the coordination on
the Zr atoms at the reactive site. DMNP binds to the distorted node in a different fashion, where
the nitrobenzene ring is not situated between the MOF linkers as it is in the regular node-DMNP
complex (see Figure B.2 for comparison). The dominant interactions on the distorted node are van
der Waals attractions between the MOF linkers and the methoxy groups of DMNP, compared to
slight n—r stacking between the nitrobenzene ring and linkers on the regular node. The binding
free energy of a water molecule on the distorted node is +29 kJ/mol, which suggests that the
distorted node is more favorable in its completely dehydrated form and that DMNP will not have
to compete with water to bind to Zr. Because the distorted node is fully dehydrated, there is no

longer a hydrogen-bonding interaction between a bridging node hydroxide and the leaving group
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oxygen as in the TS structure on the regular node (Figure 3.7). Nevertheless, the 40 kJ/mol free

energy barrier from RS to TS is lower than the 43 kJ/mol on the regular node (Figure 3.5).
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Figure 3.7. Schematic drawing (bottom) and optimized RS (node-DMNP complex) and TS structures (top) of
the DMNP hydrolysis reaction catalyzed by the distorted Zrs node in NU-1000. Key bond lengths are expressed
in A. The organic linker molecules in NU-1000 are also included in the computational model but omitted in the
images for clarity.

If we neglect the DFT-D3(BJ) dispersion correction, the barrier on the distorted node is
calculated to be higher than that on the regular node (see Figure B.3 for reaction free energy
profiles without dispersion included). Specifically, the inclusion of dispersion corrections results
in a 37.4% reduction in barrier from RS to TS for the distorted node, compared to a 17.8%
reduction for the regular node. This suggests that the distorted node has stronger dispersion
interactions with the DMNP molecule, presumably because of the different binding geometry, that
makes the hydrolysis reaction more favorable than on the regular node. The absence of a water-
exchange step and the lower barrier on the distorted node suggest that the rate enhancement
observed in the experiment upon high-temperature treatment of NU-1000 is due to both

dehydration and node distortion.
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Figure 3.8. Fitting of experimental kinetics data from Mondloch et al.! of the catalyzed and uncatalyzed DMNP
hydrolysis reactions. Adapted from ref 1 with permission from Springer Nature: Nature Materials. Copyright
2015.

By fitting the experimental kinetics data from ref 1, we extrapolated the rate enhancements
of DMNP hydrolysis catalyzed by regular and “dehydrated” NU-1000 to be 77-fold and 475-fold,
respectively, compared to the uncatalyzed reaction (Figure 3.8). From the calculated barrier
heights (54.7 kJ/mol for uncatalyzed, 43.0 kJ/mol for regular node-catalyzed, and 40.0 kJ/mol for
distorted node-catalyzed), we estimated the DFT-predicted rate enhancements using the equation
feet = @ AAG/RT Here, AAG? represents the difference in the TS free energy barrier between the
respective catalyzed and uncatalyzed reactions. Our results predict that the regular node and the
distorted node will have a 112-fold and 382-fold rate increase over the uncatalyzed reaction,
respectively, which is in good agreement with the experimental data. This suggests that the
catalytic DMNP hydrolysis reaction under standard experimental conditions occurs through the

regular NU-1000 node pathway, and the reaction under dehydrated conditions corresponds to the
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distorted NU-1000 node pathway. Thus, these two computational node structures are reasonable

models for studying catalytic reactions on NU-1000 under varying conditions.

3.4  Conclusions

In this work, we performed a mechanistic study on the hydrolysis of the CWA simulant DMNP
catalyzed by the Zr-based MOF NU-1000 using DFT calculations. Computed barrier heights of
the uncatalyzed and catalyzed reactions are in line with the experimental kinetics data. The origin
of the catalytic effect was revealed by the analysis of the TS structures, in which a Zr atom interacts
with the phosphate ester center and activates the phosphorous, whereas an OH group on the node
enhances the leaving group on DMNP. This dual-stabilization scheme coincides with a common
theme in enzymes that catalyze similar types of reactions. Investigation of the distorted node-
catalyzed reaction suggests that dehydrated NU-1000 stays in the distorted form during catalysis,
which supports previous experimental results. The absence of a water-exchange step and the lower
barrier on the distorted node suggest that the rate enhancement observed in the experiment upon
high-temperature treatment of NU-1000 is due to both dehydration and node distortion. The
relatively small barriers for product desorption from the regular and distorted nodes suggest no
product inhibition effects in the aqueous solution degradation reactions. The results and analyses
presented here shed light on the mechanism of this catalytic reaction, and we hope that these
insights may lead to the design of MOFs with greater catalytic activity for the destruction of

dangerous organophosphate CWAs.
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Chapter 4: Exploring the Effects of Node Topology, Connectivity, and Metal Identity on

the Binding of Nerve Agents and Their Hydrolysis Products in Metal-Organic

Frameworks

This chapter is the preliminary version of a manuscript: Mendonca, M. L.; Ray, D.; Cramer, C. J.;
Snurr, R. Q. in preparation. Debmalya Ray (University of Minnesota) performed all periodic DFT
calculations and performed cluster model DFT calculations for Zr-mono-defect UiO-66, Zr-
bi(cis)-defect UiO-66, and M-MOF-808 (M = Zr, Hf, Ce, Th). I performed cluster model DFT
calculations for Zr-NU-1000 (large pore), Zr-NU-1000 (c pore), and M-bi(trans)-defect UiO-66
(M = Zr, Hf, Ce, Th) and I performed all calculations required for QSAR model development and

statistical testing. Additionally, I analyzed the data and wrote the manuscript.

4.1 Introduction

Despite being banned by the Chemical Weapons Convention,® chemical warfare agents (CWAs)
have been used on both civilians and military personnel within the past few years according to
various reports.'?>1* Nerve agents are an especially dangerous class of CWAs and can be divided
into three main categories: G-series agents,!®® including tabun (GA), sarin (GB), and soman (GD);
V-series agents,' such as VX; and Novichok agents,!%!?¢ such as A-230 and A-232 (see Figure
4.1a for structures). In the human body, organophosphate-based nerve agents inhibit
acetylcholinesterase, the enzyme that controls the decomposition of the neurotransmitter
acetylcholine. As a result, acetylcholine is not properly broken down, leading to continuous
stimulation of muscle cells, asphyxiation, and possibly death.!®” Unfortunately, the time frame to

apply effective treatment after exposure to CWAs can be as short as minutes.!* Thus, the most
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important measures to protect against nerve agents are through capture and/or degradation to

nontoxic products before the chemicals reach their biological targets.
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Figure 4.1. (a) Chemical structures of the 24 molecules explored as adsorbates in our study, including 6 nerve agents,
a nerve agent simulant (DMMP), and their hydrolysis products. Structures in red, green, and black correspond to
neutral molecules, bidentate anions, and monodentate anions, respectively. The numbering of molecules is used for
simpler reference throughout the text. (b) Cluster model representations of the fully hydrated states of the 6 MOF node
sites that we considered as binding sites for the 24 molecules. Dark gray, white, and red spheres represent C, H, and
O atoms, respectively. The spheres below each node represent the different metals (M = Zr, Hf, Ce, Th) considered
for that particular node. Dashed trapezoids are included for NU-1000 (large pore) and NU-1000 (c pore) to clarify
which binding site was considered for these nodes.

In particular, metal-organic frameworks (MOFs), which are highly porous crystalline
materials composed of metal nodes connected by organic linkers, have shown promise for efficient
nerve agent adsorption and detoxification.®® MOFs are attractive candidates for nerve agent
degradation because of their high concentration of active sites and their large surface areas.

Perhaps more importantly, MOFs also have much greater chemical tunability compared to
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traditional filter materials like zeolites. Due to the substantial diversity of possible nodes, linkers,

and topology combinations, MOFs can be rationally designed and continuously improved for
chosen applications. The most common method of MOF-catalyzed nerve agent decomposition is
through hydrolysis, with a nucleophile such as water or hydroxide attacking the agent phosphorus
atom, resulting in the elimination of toxic leaving groups (see Scheme 4.1a).

Zr(IV)-based MOFs are the most investigated class of MOFs for nerve agent hydrolysis in
part because of the high chemical and thermal stability afforded by the exceptionally strong
Zr(IV)-O node-linker bonds. The impressive catalytic ability of Zr-MOFs can be attributed to the
high concentration of strongly Lewis-acidic Zr(IV) metal centers. The connectivity of ZrsOs-
cluster nodes (hereafter denoted as Zrs nodes) can be systematically tuned by using different
organic linkers, thereby altering the number of terminal node water and hydroxyl groups. Previous
studies have shown that lower Zrs node connectivity, which in turn yields larger numbers of
potential binding and catalytic active sites, is directly correlated with accelerated hydrolysis
rates.”?> One potential explanation is that the strength of the terminal Zr—OH, bonds get
progressively weaker as the number of supporting carboxylate linkers decreases, and this water
displacement was predicted to be the rate-limiting step for solution-phase sarin hydrolysis by
several Zr-MOFs.!”® The modification of node connectivity can also yield different local steric
environments, resulting in varying degrees of dispersion interactions between MOF linkers and
the bound nerve agents, which may affect reaction energetics.!*® Additionally, the number and
spatial orientation of missing linker defect sites, which generate catalytically active open metal
sites, can strongly impact the reactivity of different MOFs for nerve agent hydrolysis.!*”

In addition to linker modification, there is potential to further improve the catalytic

efficiency of Zrs MOFs by replacing Zr(IV) with other M(IV) cations possessing different
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chemical properties (e.g., Lewis acid strength, electronegativity, etc.). For example, recent

experimental and computational results showed that replacing Zr(IV) by Ce(IV) in UiO-66 leads
to faster rates for the hydrolysis of nerve agents and simulants.!*>2% Moreover, there are numerous
reports on the feasibility of synthesizing different isostructural series of microporous and
mesoporous MOFs based on hexanuclear Zr(IV), Hf(IV), Ce(IV), and Th(IV) oxide cluster nodes,
where the node metal identity is systematically changed while keeping the environment
surrounding each active site constant.!7%201-293 The fact that the metal identity and connectivity of
Ms nodes can be readily tuned offers extensive opportunities to analyze structure-activity
relationship trends. However, despite the steadily growing number of isostructural M(IV)-MOFs
(Ui0-66, MOF-808, NU-1000, NU-1008, and NU-1200 to name a few), only Ce-UiO-66 has been
experimentally tested and compared to its Zr analogue for organophosphate hydrolysis to
date, 200204

Thus, one major goal of the present work is to computationally explore the MOF
topological/chemical space and to use the insights gained to guide future experimental testing.
Herein, we use density functional theory (DFT) to perform a thorough analysis of the binding of
multiple nerve agents and their corresponding hydrolysis products to M nodes with varying metal
identity and node connectivity. More explicitly, we investigate 24 molecules as adsorbates in our
study, including 6 nerve agents (GA, GB, GD, VX, A-230, and A-232), a nerve agent simulant
(dimethyl methylphosphonate (DMMP)), and 17 possible hydrolysis by-products including
bidentate anions, monodentate anions, and neutral alcohols/thiols (Figure 4.1a). As adsorption sites
for the molecules, we consider 12 different MOF node sites including Zr-mono-defect UiO-66, M-
bi(trans)-defect UiO-66 (M = Zr, Hf, Ce, Th), Zr-bi(cis)-defect UiO-66, Zr-NU-1000 (large pore),

Zr-NU-1000 (¢ pore), and M-MOF-808 (M = Zr, Hf, Ce, Th) (Figure 4.1b). For UiO-66, the
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terminology “mono-defect” refers to UiO-66-11 (i.e., one missing linker) and “bi-defect” refers to

Ui0-66-10 (i.e., two missing linkers) where we consider both “trans” and “cis” isomers, denoting
defect sites on opposite and adjacent faces of a Mg node, respectively. We consider two distinct
binding sites for NU-1000 where the open node face is either directed into the 31 A hexagonal
channel (“large pore™) or the 8 A pore sited between nodes along the crystallographic ¢ axis (“c
pore”) because these different pore environments were previously shown to affect activation
energies for sarin hydrolysis.!?® Further, we note that there is often a mixed valence of Ce(III) and
Ce(IV) in Ce-based MOFs2%4-206 but, for consistency and simpler comparison, we only model Mg
nodes where each metal has a +4 formal oxidation state.

By examining such a wide range of MOF-adsorbate combinations, we aim to gain a
comprehensive perspective on how node topology, connectivity, and metal identity affect the
binding energies of nerve agents and their hydrolysis products. At this stage of exploration, it is
more computationally practical to calculate binding energies instead of full mechanistic pathways.
Nonetheless, the displacement of a terminal node water, the subsequent adsorption of nerve agent,
and the eventual desorption of product are all critical, and potentially rate-limiting, steps in
hydrolytic degradation under various reaction conditions.>”->%198:207-209 Thys, the computation of
binding energies for key reaction species (i.e., water, agent, and products) may serve as a reliable
method for predicting promising MOF catalysts, as suggested by the agreement between our
results herein and observed experimental trends. Also, by exploring such a chemically diverse set
of organophosphate molecules, we highlight the important result that no single metal or node
topology is optimal for all possible nerve agents, in agreement with previous experiments that

showed varying reactivity trends depending on the particular agent and MOF considered.?!°
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Finally, using the large amount of data generated from this study, we also derive

quantitative structure-activity relationship (QSAR) models based on intuitive molecular and node
descriptors. The objective of this analysis is twofold: first, by performing simple linear and
multiple linear regression on our entire dataset, we aim to understand the most important individual
descriptors for describing the binding energy of both nerve agents and their hydrolysis products to
Ms nodes. Second, by splitting our data into training and test sets and performing a thorough
statistical analysis, we aim to develop models capable of making quantitively accurate predictions
for the binding energies of diverse organophosphate molecules in a wide variety of M(IV)-MOFs.
4.2 Computational Details

4.2.1 Periodic Calculations

Spin-polarized periodic DFT calculations were performed to optimize the unit cells of Zr-mono-
defect UiO-66, M-bi(trans)-defect UiO-66 (M = Zr, Hf, Ce, Th), Zr-bi(cis)-defect UiO-66, Zr-NU-
1000, and M-MOF-808 (M = Zr, Hf, Ce, Th) using the Vienna ab initio Simulation Package
(VASP)?!!-214 and projector-augmented wave potentials.?!>2!¢ We used the PBE functional®!72!3
along with Grimme’s D3 dispersion correction®> and Becke-Johnson damping.” A plane-wave
kinetic energy cutoff of 520 eV and I'-point sampling of the Brillouin zone was used for structural
optimizations. Energy convergence criteria of 10~ eV and force convergence criteria of 0.02 eV/A
were used for all periodic calculations.

4.2.2 Cluster Model Calculations

Cluster models, used to represent the Mg nodes, were cut from the PBE-D3(BJ) optimized periodic
unit cells of the various MOFs. To obtain these cluster models, the organic linkers around each
metal node were truncated to benzoate groups (Figure 4.1b). We used benzoate capping groups,

as opposed to formate, because this cluster model size showed improved fidelity with fully periodic



90
calculations in previous studies.!*®2%7 For the NU-1000 and MOF-808 nodes, we used the mixed-

staggered proton topologies that exhibit alternating -OH> and —OH groups capping adjacent metal
sites, as this was previously determined to be the most stable tautomer for these MOF nodes.*%!%8
All electronic structure calculations for the cluster models were performed using the

Gaussian 09 package.!”

Geometry optimizations and frequency calculations were performed in
the gas phase for all species using DFT with the M06-L functional.” The carbon atoms of the
benzoate linker groups were held fixed to mimic the constrains imposed by the surrounding MOF
structure, whereas all remaining atoms were allowed to relax. An automatic density-fitting set
generated by Gaussian 09 was employed to reduce the computational cost. The def2-SVP basis
set’%21” was used for H, C, N, O, F, P, and S atoms. The SDD basis set and its associated effective
core potential (ECP) was used for Zr, Hf, Ce, and Th atoms of the nodes.”* The grid used for
numerical integration in DFT was set to “ultrafine,” i.e., a pruned grid of 99 radial shells and 590
angular points per shell.

The natures of all stationary points were determined by calculation of analytic vibrational
frequencies. All minimized structures were characterized by zero imaginary frequencies. These
frequencies were also used to compute molecular partition functions (at 298.15 K and 1 atm) using
the conventional particle in a box, rigid rotor, and quantum mechanical harmonic oscillator
approximations, except that all vibrational frequencies below 50 cm™! were replaced with values
of 50 cm™! (the quasi-harmonic oscillator approximation).’® Zero-point vibrational energies and
thermal contributions to enthalpies and free energies were determined from these partition
functions.

Electronic energies were further refined by performing single point calculations with the

M06-2X meta-GGA hybrid density functional’*!'% on the gas phase optimized geometries, again
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using the def2-SVP basis set for main group atoms and the SDD basis set with associated ECP for

metal atoms. These single point calculations were performed using the SMD continuum solvation
model®? with parameters for water (¢ = 78.355). Default convergence criteria for geometry
optimizations and single point energy calculations were used. All reported free energies and
enthalpies were computed by combining MO06-2X(SMD) single point energies with
thermochemical contributions obtained at the M06-L(gas phase) level. The energy values in the
article correspond to standard-state Gibbs free energies, and self-consistent field (SCF) energies
and enthalpies are provided in Appendix C along with Cartesian coordinates for all optimized
structures.

4.2.3 QSAR Modeling Details

Molecular orbital parameters, used as several of the descriptors for building QSAR models, were
calculated with the natural bond orbital (NBO) method!!® in Gaussian 09. All calculations required
for QSAR model development and statistical testing were performed in MATLAB using built-in
functions and a custom script to execute the leave-one-out cross-validation procedure.

4.3  Results and Discussion

4.3.1 Rationale for Molecules Chosen for Study

To explain why we studied the binding energy of both neutral and anionic species, we first discuss
a hypothetical organophosphate hydrolysis pathway on M(IV)-MOF nodes, using GB (molecule
6) as an example (Scheme 4.1a). In their fully hydrated state (Figure 4.1b), all nodes that we
considered contain at least one active (binding) site where adjacent metal atoms display capping —
OH; and —OH groups. For catalytic hydrolysis to occur at an active site, the capping —OH> group
must first be displaced to generate an open metal site where the nerve agent GB can bind. After

binding to the open M atom, nucleophilic attack occurs on the P atom of GB, followed by the
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elimination of a fluoride anion (10) into solution. We note that Scheme 4.1a depicts a simplified

hydrolysis pathway, where each reaction arrow titled “hydrolysis” actually denotes several
elementary steps (e.g., nucleophilic attack and fluoride elimination). Further, for the purpose of
exploring the effect of node properties on product inhibition (explained below), we only consider
the pathway in which the terminal -OH group capping the adjacent M atom acts as the nucleophile
because this pathway results in hydrolysis products bound in a bidentate mode.>” The product of
this initial hydrolysis reaction is isopropyl methylphosphonic acid (IMPA, 7), present in its anionic
form and bound in a bidentate fashion to the node. In the presence of water and a base (required
to generate hydroxide anions), IMPA could then either be displaced and desorb from the active
site, remain bound to the node and cause product inhibition, or remain bound and undergo further
hydrolysis. A subsequent hydrolysis reaction would result in the elimination of isopropanol (8)
into solution, as all ionizing groups (alcohols and thiols) were treated as neutral molecules in our
study. The product of this secondary hydrolysis is methylphosphonic acid (MPA, 9), again
modeled as a bidentate-bound anion. Finally, with the assistance of a hydroxide anion, MPA could
then either be displaced and desorb from the active site or remain bound to the node, resulting in

product inhibition.
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Scheme 4.1. (a) Hypothetical Hydrolysis Pathway for GB (Molecule 6) on M(IV)-MOF Nodes and Chemical
Equation Used to Calculate Binding Energies for (b) Neutral Molecules, (c) Bidentate Anions, and (d)
Monodentate Anions
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Overall, the hypothetical pathway depicted in Scheme 4.1a represents a worst-case scenario
for nerve agent hydrolysis occurring on Ms nodes. More specifically, this particular pathway
involves both water displacement by a nerve agent, which corresponds to a large free energy
barrier,!%:19%-207 and hydrolysis products bound in a bidentate mode, which corresponds to very
strong binding energies and may cause product inhibition.’”-?°® We considered this hypothetical,
extreme case so that we could analyze the effect of node properties on water displacement and
product inhibition simultaneously, as both may be significant under varying reaction conditions.
For example, water displacement may be the rate-limiting step for solution-phase reactions where
nodes are fully hydrated, whereas product desorption/inhibition is more important for reactions
occurring without a base to regenerate node active sites.***%> From an experimental design
perspective, it is important to understand these limiting scenarios that may reduce a MOF’s

catalytic activity.
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The hypothetical hydrolysis pathways for all nerve agent and simulant molecules we

studied are given in Figure C.1. For the G-series agents (1, 6, and 11), we considered the most
likely product molecules based on selectivities observed in previous MOF-catalyzed nerve agent
hydrolysis experiments and computational mechanistic studies. For example, previous results
indicate that Zr(IV)-MOFs selectively hydrolyze the P-F bond of GD (11),!°22!0 eliminating
fluoride and generating node-bound pinacolyl methylphosphonic acid (PMPA, 12). Under our
assumed framework, further hydrolysis would result in the cleavage of the P-O bond of PMPA (as
P—C bonds are fairly inert and do not break readily), eliminating pinacolyl alcohol (13) and forming
node-bound MPA (9). The common product molecules for DMMP (22) are similarly well-
studied>®> and typically include methanol (24), node-bound methyl methylphosphonic acid
(MMPA, 23), and node-bound MPA. Conversely, the degradation of VX (14) is slightly more
complex because it contains two bonds which can potentially be cleaved during initial hydrolysis.
If its P—O bond is broken, ethanol (3) is eliminated and the highly toxic byproduct EA-2192 (16)
is formed. Thus, it is preferable to selectively cleave the P—S bond of VX to generate the nontoxic
products 2-(diisopropylamino)ethanethiol (DESH, 17) and ethyl methylphosphonic acid (EMPA,
15).21:32 Then, depending on the hydrolysis conditions, both EA-2192 and EMPA could be further
hydrolyzed to form node-bound MPA. Finally, arguably much less is known about the hydrolysis
mechanisms of the Novichok agents A-230 (18) and A-232 (20), so we only considered initial
hydrolysis of their most labile P-F bonds??° to eliminate fluoride and form node-bound bidentate
anions 19 and 21, respectively.

4.3.2 Binding Energy Formulas

Now, we discuss the methods used to calculate binding energies throughout the study. For all nerve

agent and simulant molecules (1, 6, 11, 14, 18, 20, and 22), we considered the binding geometry
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in which the organophosphate binds to the node open metal site through a M—O(=P) bond, as this

is known to be the most favorable binding mode.>”-?>-?2! The most favorable binding mode for all
alcohol (3, 8, 13, and 24) and thiol (17) product molecules was calculated to be through the M—
OH(R) and M—SH(R) bonds, respectively. In their optimized node-bound structures, the hydrogen
atom of each alcohol OH group (or thiol SH group) is effectively shared through hydrogen-
bonding with the neighboring terminal node hydroxyl group. The binding free energies (AGpinq)

for these neutral molecules were calculated via

AGbind = Gnode+mol - Gnode—noOH2 - Gmol (41)

where the subscript node+mol denotes the molecule bound to the node, node-noOH denotes the
bare node where the terminal -OH> group has been removed from the binding site, and mo/ denotes
the individual molecule. Scheme 4.1b shows the chemical equation representation for eq 4.1.

All bidentate anion product molecules (2, 4, 7, 9, 12, 15, 16, 19, 21, and 23) were
considered to bind to the node in a bridging fashion through a M—O—P—-O-M plane to two adjacent

M atoms at the binding site. The AGy,;,4 for bidentate anions were calculated via

AGbind = Gnode+mol - Gnode—noOHZ,OH - Gmol (42)

where the subscript node—-noOH> OH denotes the bare node where the terminal -OH, and —OH
groups have been removed from the binding site. Scheme 4.1c shows the chemical equation
representation for eq 4.2.

As their name suggests, the binding mode for the two monodentate anion product
molecules (5 and 10) involved coordination to a single node M atom, where both anions exhibited

hydrogen-bonding interactions with the neighboring terminal node water. The most favorable
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binding mode for cyanide (5) was calculated to be through a M—C(=N) bond, whereas fluoride

(10) binds through a M—F bond. The AGy,;,,4 for monodentate anions were calculated via

AGbind = Gnode+mol - Gnode—noOH - Gmol (43)

where the subscript node—noOH denotes the bare node where the terminal —OH group has been
removed from the binding site. Scheme 4.1d shows the chemical equation representation for eq
4.3.

Optimized cluster models for the node—noOH>, node—-noOH, and node-noOH,,OH bare
node structures are shown in Figure C.2a—c, using the node of Zr-NU-1000 (large pore) as an
example. Optimized cluster models that are representative of the general binding modes for node-
bound nerve agent and simulant molecules, alcohol and thiol product molecules, bidentate anion
products, and monodentate anion products are shown in Figure C.3a—d, again for Zr-NU-1000
(large pore).

4.3.3 Effects of Node Topology and Connectivity on Binding Energies for Zr(IV)-MOFs

First, we discuss the trends observed in binding free energies across the 6 different Zr(IV)-MOF
node sites (Figure 4.2). The AGy;,q values for water (Figure 4.2a) are calculated as —7.9, —28.1, —
29.9, and —40.9 kJ/mol for MOF-808, NU-1000 (large pore), bi(trans)-defect UiO-66, and mono-
defect UiO-66, respectively, where the number of linkers per node is 6, 8, 10, and 11, respectively.
This trend agrees with previous results showing that the strength of terminal Zr—OH> bonds get

198 However,

progressively stronger as the number of supporting carboxylate linkers increases.
bi(cis)-defect UiO-66 (AGying = —54.5 kJ/mol) and NU-1000 (c pore) (AGping = —61.1 kJ/mol)
notably deviate from this trend, implying that the local binding environment is also important. For

bi-defect UiO-66, this indicates that the relative orientation of the two defect sites has a large

impact on the node chemistry.!®® Similarly, it appears that the pore environment (large vs. ¢ pore)
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which the open node face of NU-1000 is directed towards is also influential. A more in-depth

discussion on the variation in properties (e.g., binding site charges, bond lengths, etc.) across the

different node sites is provided later in the QSAR modeling sections.
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Figure 4.2. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol and thiol
hydrolysis product molecules, (d) bidentate anion products, and (¢) monodentate anion products bound to 6 different
Zr(IV)-MOF node sites.

As stated above, we modeled all nerve agent and simulant molecules as binding to node

open metal sites through a M—O(=P) bond. In this binding geometry, we considered three possible

orientations for each nerve agent (1, 6, 11, 14, 18, and 20) and two orientations for DMMP (22),

adopting the nomenclature introduced by Troya.’” Briefly, each orientation is named according to

the molecule’s R group (e.g., F, CH3, or OiPr for GB) that is approximately collinear with the
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neighboring terminal node Zr—OH group in the optimized cluster model. An example is shown in

Figure C.4 for the three orientations of GB bound to Zr-NU-1000 (large pore) along with their
relative binding free energies. We performed this orientational analysis for every nerve agent and
simulant molecule for all 6 Zr(IV)-MOF node sites and the results are listed in Table C.1. Notably,
we observed that the most favorable molecular orientations vary across the different node sites,
most likely due to slight changes in molecule-linker interactions and hydrogen-bonding with node
oxo/hydroxyl groups.2”” This observation has important implications because the molecular
orientation may strongly affect hydrolysis reaction barriers.’” Therefore, we recommend a similar
orientational analysis for all computational mechanistic studies. Only the AG;,4 values for the
most favorable molecular orientations on each node are shown in Figure 4.2b.

The general trend in binding free energies for the nerve agent and simulant molecules
(Figure 4.2b) across the Zr(IV)-MOF node sites is MOF-808 < NU-1000 (large pore) < bi(trans)-
defect UiO-66 ~ mono-defect UiO-66 < bi(cis)-defect UiO-66 < NU-1000 (c pore). When
examining these molecules as a group, it is challenging to go beyond a qualitative analysis because
the trends change markedly for each molecule. The only constant across all 7 molecules is that
NU-1000 (¢ pore) consistently displays the strongest binding free energies, which could be
attributed to the relatively small pore size (8 A) of this binding site resulting in closer proximity
and increased interactions between the bound molecules and the benzoate linkers. In terms of the
molecules themselves, the larger molecules (14, 18, and 20) generally show the strongest binding
free energies (except for VX (14) bound to MOF-808), which may be caused by increased
dispersion interactions with the linkers surrounding the binding sites.!*® To explore this hypothesis,
we computed dispersion energies for the node-bound molecules using the DFT-D3 correction

(with zero damping and parameters for the M06-2X functional)® and we computed solvent-
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accessible surface areas (SAmor), using VMD 1.9.3 (with default probe radius),?*? to quantify the

size of individual molecules. As shown in Figure C.5a, there is a strong linear relationship between
SAmor and the computed dispersion energies (R? > 0.97 for each of the 6 Zr(IV)-MOF node sites).
Further, the node connectivity has a clear influence on dispersion energies, where every molecule
follows the trend MOF-808 < NU-1000 (large pore) = NU-1000 (¢ pore) < bi(trans)-defect UiO-
66 =~ bi(cis)-defect UiO-66 < mono-defect UiO-66. However, when analyzing the effect of
molecular size on the binding free energies, we found no discernible relationship for any of the
nodes (R? =~ 0, Figure C.5b), indicating that the trends observed in the AGy,;,4 values for the nerve
agents are fairly complex and cannot be fully explained by dispersion interactions alone.

The general trend in binding free energies for the alcohols (Figure 4.2¢) is essentially the
same as that for the nerve agent and simulant molecules. In Figure 4.2¢c, the only thiol (DESH, 17)
is a clear outlier and exhibits unfavorable (positive) AGy;,q values for every Zr(IV)-MOF node
site except NU-1000 (c pore), which can be explained by the large Zr—SH(R) bond distance (>
2.87 A) for all nodes, indicating weak physisorption. Additionally, both ethanol (3) and pinacolyl
alcohol (13) bind unfavorably to MOF-808 and methanol (24) binds unfavorably to NU-1000
(large pore). The relative binding strengths of the considered alcohol products is important to take
into account for the possibility of active site poisoning following organophosphate hydrolysis and
may also be relevant in the context of MOF-based organophosphate degradation in non-aqueous
environments (e.g., methanol and isopropanol (8)).223224

Similar to the nerve agent and simulant molecules, we considered two possible binding
orientations for each bidentate anion product. Here, each orientation is named according to the
anion’s R group that is directed towards the bridging node hydroxyl group at the active (binding)

site. For example, the two orientations modeled for IMPA (7) are termed “CHz—pu3OH” and “OiPr—
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w3OH,” which are depicted in Figure C.6 for IMPA bound to Zr-NU-1000 (large pore). We

performed this orientational analysis for every bidentate anion for all Zr(IV)-MOF node sites and
the results are listed in Table C.2. As before, the most favorable orientations vary across the
different node sites, most likely due to varying hydrogen-bonding interactions with the node u;OH
group. This observation has implications for product inhibition because which orientation is
preferred may affect the energy required to desorb these bidentate hydrolysis products from each
node. Again, only the AG,;,4 values for the most favorable orientations on each node are shown
in Figure 4.2d. Unlike the neutral molecules, it is more difficult to identify any clear trends for the
bidentate anions aside from the observations that MOF-808 generally displays the weakest binding
free energies and bi(cis)-defect UiO-66 and NU-1000 (c pore) display the strongest. The more
important conclusion is that all of the bidentate anions bind strongly to each node (AGy;pq <-70
kJ/mol), suggesting that product inhibition is likely to occur in the absence of a strong base to
ensure a high concentration of hydroxide ions necessary to displace the products.*® As before, the
node connectivities and the bidentate anion sizes have strong influences on the node-bound
dispersion energies but there is no correlation between these parameters and the binding free
energies (Figure C.7).

Finally, the binding free energies for the two monodentate anion products are shown in
Figure 4.2e. Cyanide (5) shows relatively modest AGy,;,,q4 values. Conversely, fluoride (10) binds
very strongly to every node site (AGp;q < —240 kJ/mol) due to the strong affinity of fluoride
towards Zr(IV), which may lead to complete degradation of the MOF structures. Indeed, to better
analyze solid-phase decontamination rates, Wang et al. used a HF digestion medium to displace
unreacted nerve agents and their tightly bound hydrolysis products from Zr(IV)-MOF nodes,

destroying the secondary building units themselves in the process.’® Once again, this validates the
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importance of using a base (either basic solutions or solid-phase bases) for MOF-catalyzed nerve

agent hydrolysis, as the base can neutralize acidic reaction byproducts.*® All binding free energy
values used to make Figure 4.2 are listed in Table C.3.

The organophosphate molecules we studied vary widely in size and cleavable ester bond,
among other properties, making it difficult to analyze our dataset as a whole. Moreover, no single
MOF is likely to be the most active for hydrolyzing every agent, so it is more useful to consider
the molecules individually. To reiterate, the displacement of a terminal water from the node active
site, the subsequent adsorption of nerve agent, and the ultimate desorption of bidentate-bound
products are all critical steps in hydrolytic degradation under various reaction
conditions.>”->%198207-209 Thyg, to help identify the optimal Zr(IV)-MOF node sites for each nerve
agent and simulant molecule, we now focus the analysis on the binding energies for the key
reaction species. Considering the hydrolysis pathways as a whole (Figure C.1), the optimal nodes
for each agent will exhibit the weakest binding for water, the strongest binding for the nerve agent
or simulant molecule, and the weakest binding for the corresponding bidentate anion products.

For each nerve agent (GA, GB, GD, VX, A-230, and A-232) and the simulant DMMP, we
used the following procedure to rank the 6 Zr(IV)-MOF nodes sites. For each node, we separately

tabulated the binding free energies for water and the agent (AGpingwater and AGping agents

respectively). Additionally, of the considered bidentate anion products for each agent, we tabulated

the binding free energy of the strongest-bound bidentate anion (AGping proauct) to €ach node. We
used the minimum possible value (most negative) of AGping proauct for each agent because this

represents the most thermodynamically stable product, which would contribute the most to product

inhibition. Then, we scaled each of the three AGy,;,,4 quantities from 0 to 1 using the formula
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(4.4)

AG;i — AGj i
s _ ij imin
AGf; = ——d——imin_

AGi,max - AGi,min
where AG;; and AG;; denote the unscaled and scaled binding free energy values for molecule i
(water, agent, or product) bound to node j, respectively, and the subscripts min and max denote the

minimum (most negative) and maximum (least negative) binding free energies for molecule i

based on all 6 Zr(IV)-MOF nodes sites, respectively. According to the arguments above, we aim
N N N

to maximize AGy,q1er, >, Minimize AGg gene j, and maximize AG,,qy,cr j- Thus, for each agent-node

combination, we computed the following optimization metric:

MGy = AGSgrer + (1 — AGS s ) + AGS (4.5)

product,j
where eq 4.5 assumes that each term contributes equally in terms of importance to the overall
hydrolysis pathway. Finally, we ranked the AGlfi’:ltd values from maximum (best) to minimum

(worst) to determine the optimal Zr(IV)-MOF node sites for hydrolyzing each agent. The results

of this analysis are shown in Table 4.1.
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Table 4.1. Ranking of Optimal Zr(IV)-MOF Node Sites for Hydrolyzing Nerve Agent and Simulant Molecules

Rank GA GB GD VX A-230 A-232 DMMP
NU-1000
1 MOF-808 MOF-808 MOF-808 (large MOF-808
pore)
NU-1000 NU-1000 NU-1000
2 MOF-808 MOF-808 MOF-808
(large pore) | (large pore) (large pore)
mono- mono-
3 defect defect
UiO-66 Ui0-66
mono- NU-1000
4 NU-1000 defect (large

(large pore)

Ui0-66 pore)

NU-1000
5 (large
pore)

Overall, we note that no single Zr(IV)-MOF node topology or connectivity is predicted to
be optimal for hydrolyzing all considered organophosphate molecules, so we advocate that MOFs
should be chosen on an agent-by-agent basis. However, with regard to bi-defect UiO-66, our
results predict that the trans isomer should outperform the cis isomer for all considered agents,

which may inform defect engineering opportunities.??>227

Although the optimization metric we
devised to rank the nodes cannot be used to quantitatively compare catalyst efficiencies, the results
in Table 4.1 are in qualitative agreement with observed experimental trends that suggest MOF-808
to be the most active Zr(IV)-MOF catalyst for organophosphate hydrolysis, followed by NU-1000
and Ui0-66,!2>66:14L199 if e consider our composite results for the large and ¢ pores of NU-1000

as well as both mono-defect and bi-defect UiO-66. Thus, the simple calculation of binding energies

for key reaction species (i.e., water, agent, and bidentate products) may serve as an adequate
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substitute for full mechanistic studies as the initial computational step used to predict promising

Zre node sites for nerve agent hydrolysis.

4.3.4 Effect of Node Metal Identity on Binding Energies for M(IV)-MOFs

To model the binding for all molecules to the nodes of M-bi(trans)-defect UiO-66 and M-MOF-
808 (M = Zr, Hf, Ce, Th), we used the most favorable orientations identified for each molecule on
the Zr analogues (provided in Table C.1 and C.2) and reoptimized for the other three metals, as
the metal identity is not likely to affect which orientations are most favorable. The binding free
energies for M-bi(trans)-defect UiO-66 and M-MOF-808 are shown in Figure 4.3 and Figure C.8,
respectively. The AG,;,4 values for water are calculated as —29.9, —35.4, —32.0, and —38.2 kJ/mol
for Zr-, Hf-, Ce-, and Th-bi(trans)-defect UiO-66, respectively (Figure 4.3a). Previous
experimental data suggests that the electronegativity of the metal in isostructural M(IV)-MOF

203

nodes may influence catalytic performance.=’” To explore this, we calculated the electronegativity

of the four M** cations according to the Mulliken scale:

IP+EA

Xm*t node = 5 (4.6)

where the values for the ionization potential (IP) for M** to M>* and the electron affinity (EA) for
M* to M** were obtained from NIST.?*® A plot of the relationship between x4+ 4. and the
binding free energy for water to M-bi(trans)-defect UiO-66 nodes (Figure C.9) shows a linear
correlation (R? = 0.87) where metals with a higher electronegativity display weaker binding for
water, which is important since water displacement from the node is a key hydrolysis step. The
AGying values for water are calculated as —7.9, —14.8, —28.8, and —21.6 kJ/mol for Zr-, Hf-, Ce-,
and Th-MOF-808, respectively (Figure C.8a). Surprisingly, a plot of the relationship between

X M4+ noge and the binding free energy for water to M-MOF-808 nodes (Figure C.10) does not
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show a linear correlation (R? = 0.33), mainly due to Ce deviating from the linear trend, which

suggests that the electronegativity of the metal cations in MOF-808 nodes may have a weaker
influence on catalytic hydrolysis efficiency.

The general trend in binding free energies for the nerve agent and simulant molecules
across the M-bi(trans)-defect UiO-66 nodes (Figure 4.3b) is Zr < Hf = Th < Ce. As was the case
for the different Zr(IV)-MOF node sites, the ordering of the four metals changes from molecule to
molecule, making it difficult to analyze the molecules all together. Nonetheless, Ce-bi(trans)-
defect UiO-66 consistently displays the strongest binding free energies. The general trend in
binding free energies for the nerve agent and simulant molecules across the M-MOF-808 nodes
(Figure C.8b) is Hf < Zr < Th < Ce, where Hf and Ce consistently display the weakest and strongest
binding free energies, respectively. The main differences between the two node sites are that the
ordering of the four metals is slightly different and the M-MOF-808 nodes show generally weaker
binding free energies compared to their M-bi(trans)-defect UiO-66 analogues. Additionally, Zr-
and Hf-MOF-808 exhibit unfavorable binding for VX (14) whereas Zr- and Hf-bi(trans)-defect
UiO-66 exhibit strongly favorable binding (AGy;,q = —40 kJ/mol) for VX. Clearly, the effect of
the node metal identity on the binding energies changes depending on the node

topology/connectivity.
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Figure 4.3. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol and thiol
hydrolysis product molecules, (d) bidentate anion products, and (e) monodentate anion products bound to the nodes
of M-bi(trans)-defect UiO-66 (M = Zr, Hf, Ce, Th).

The general trend in binding free energies for the alcohols and thiols across the M-bi(trans)-
defect UiO-66 nodes (Figure 4.3¢c) is Zr < Hf < Ce < Th and the trend across the M-MOF-808
nodes (Figure C.8c) is Hf < Zr < Th = Ce. The thiol DESH (17) is the only neutral product
molecule that displays unfavorable binding free energies to M-bi(trans)-defect UiO-66 nodes,
similar to the observations made for the different Zr(IV)-MOF node sites. Conversely, ethanol (3),
pinacolyl alcohol (13), and DESH all display unfavorable binding free energies to both Zr- and
Hf-MOF-808 nodes, again implying a varying effect of the metal identity across different node

sites.
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The general trend in binding free energies for the bidentate anions across the M-bi(trans)-

defect UiO-66 nodes (Figure 4.3d) is Th < Zr = Hf < Ce and the trend across the M-MOF-808
nodes (Figure C.8d) is Zr = Hf < Th < Ce, where Ce consistently displays the strongest binding
for both node sites. Perhaps the most interesting observation here is that Th-bi(trans)-defect UiO-
66 displays weaker binding free energies than the other three metals for the majority of the
bidentate anions, while Th generally displays relatively strong binding for water and the nerve
agents/simulant compared to the other metals. This highlights the importance of the holistic
approach we used to analyze organophosphate hydrolysis pathways because considering the
relative binding strengths of key reaction species from different steps in the hydrolysis mechanisms
may reveal tradeoffs inherent to a particular node metal or topology (e.g., Th-bi(trans)-defect UiO-
66 nodes may experience less product inhibition due to bidentate-bound products, but these nodes
would require more energy for water displacement). Aside from this unique case, Hf- and Ce-
bi(trans)-defect UiO-66 nodes as well as Hf-, Ce-, and Th-MOF-808 nodes all exhibit equally
strong or stronger binding free energies for bidentate anions than their Zr analogues, suggesting
that product inhibition may be a more general problem for most metals in the absence of a base.?%

The binding free energies for the two monodentate anion products are shown in Figure 4.3¢
for M-bi(trans)-defect UiO-66 and in Figure C.8e for M-MOF-808. Similar to the different Zr(IV)-
MOF node sites, cyanide (5) binds rather weakly to Hf, Ce, and Th, regardless of the node site.
However, fluoride (10) again binds very strongly to both Hf and Ce nodes, presenting a potential
problem for degradation of the secondary building units in the absence of a neutralizing base. In
contrast, both Th node sites exhibit weaker fluoride binding than Zr and may be slightly less

susceptible to post-hydrolysis node degradation. All binding free energy values for M-bi(trans)-
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defect UiO-66 (M-MOF-808) nodes used to make Figure 4.3 (Figure C.8) are listed in Table C.4

(Table C.5).

Finally, to identify the optimal M-bi(trans)-defect UiO-66 and M-MOF-808 node sites for
each nerve agent and simulant molecule, we used an identical procedure to rank the different
metals as we used to rank the Zr(IV)-MOF nodes sites. Namely, we tabulated the binding free
energies for water, agents, and the strongest-bound bidentate anion products for the M-bi(trans)-
defect UiO-66 and M-MOF-808 node sites, scaled the three AGp;,4 quantities from 0 to 1 using
eq 4.4 (where scaling was done separately for the four bi(trans)-defect UiO-66 metals and the four

MOF-808 metals), and then computed the optimization metric (AGlfﬁltd) for each agent-node

combination using eq 4.5. As before, the AGlfﬁfd values were ranked from maximum (best) to
minimum (worst) to determine the optimal M-bi(trans)-defect UiO-66 and M-MOF-808 node sites
for hydrolyzing each agent. The results of these analyses are shown in Table 4.2 and 4.3 for M-

bi(trans)-defect UiO-66 and M-MOF-808, respectively.

Table 4.2. Ranking of Optimal M-bi(trans)-defect UiO-66 Node Sites for Hydrolyzing Nerve Agent and
Simulant Molecules

Rank GA GB GD VX A-230 A-232 DMMP
1 Ce Zr Ce Zr Zr Zr Ce
2 Zr Ce Zr Ce Ce Hf Zr
3 Th Hf Th Th Hf Ce Th
4 Hf Th Hf Hf Th Th Hf

For the bi(trans)-defect UiO-66 node topology, we note that no single metal is predicted to
be optimal for hydrolyzing all considered organophosphate molecules, again supporting the notion
that MOFs should only be selected based on the agent of interest. For example, our optimization
metric predicts Ce-bi(trans)-defect UiO-66 to be the most active for hydrolyzing GA, GD, and

DMMP and Zr-bi(trans)-defect UiO-66 to be the most active for hydrolyzing GB, VX, A-230, and
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A-232. Although there is limited experimental data to compare with these computational

predictions, our results are in qualitative agreement with experiments showing Ce-UiO-66 to be
more active than Zr-UiO-66 for GD hydrolysis.?? This agreement, combined with the optimization
metric’s correct prediction of Zr(IV)-MOF activities (MOF-808 > NU-1000 > UiO-66), suggests
that our rather simple binding-energy-based approach may be a reasonable method for predicting
promising Ms node sites for nerve agent hydrolysis. Further, the results in Table 4.2 indicate that
Hf- and Th-bi(trans)-defect UiO-66 nodes may be less than ideal catalysts, which, at the very least,

could be used for prioritizing future experimental synthesis and testing.

Table 4.3. Ranking of Optimal M-MOF-808 Node Sites for Hydrolyzing Nerve Agent and Simulant Molecules

Rank GA GB GD VX A-230 A-232 DMMP
1 Zr Zr Zr Zr Zr Zr Zr
2 Hf Hf Hf Th Th Hf Hf
3 Th Ce Th Hf Hf Th Th
4 Ce Th Ce Ce Ce Ce Ce

The rankings in Table 4.3 for the MOF-808 node topology are fairly surprising, where Zr
is predicted to be the most active metal for hydrolyzing all 7 organophosphate molecules while Ce
is predicted to be the “worst” metal for all agents, with the exception of GB. Notably, these
predictions disagree with previous computational results that predicted Ce-MOF-808 to be more
active than its Zr analogue for GB hydrolysis based on a mechanistic study.!® There could be
multiple reasons for this disagreement; for example, we used cluster models whereas the previous
study used periodic models, our predictions are based on a hydrolysis pathway where the terminal
M-OH group acts as a nucleophile and leads to bidentate-bound products whereas the previous
study treated the M—OH group as a general base and considered monodentate-bound products, and
our predictions are obtained by considering the binding free energies of water, agent, and bidentate

products to be of equal importance to the overall hydrolysis pathway whereas the previous study
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compares Ce- and Zr-MOF-808 on the basis of their computed activation electronic energies for

water displacement. Put briefly, there are simply too many confounding variables to adequately
compare the two studies; rather, we await experimental testing.

In a broader sense, the results in this section show that the effect of the node metal identity
on binding energies varies depending on the node topology/connectivity, which implies that the
trends observed for one isostructural M(IV)-MOF series may not necessarily hold for another
series. Our results suggest that there is a complex underlying relationship between geometric and
electronic properties that influences the binding strengths of organophosphate molecules and their
products. We further explore this confluence of properties in the QSAR modeling sections below.
4.3.5 QSAR Modeling: Rationale for Selected Descriptors
Until now, our discussion of the trends in binding free energies for the different molecules across
the various MOF node topologies, connectivities, and metals has been predominantly qualitative
in nature. In the analysis below, we aim to rationalize some of the observed complexity by
examining how specific molecular and node features affect the binding energetics. In addition to
supporting the explanation of the trends predicted by DFT, this analysis will help clarify which
geometric and electronic structure descriptors are most important for describing the binding of
nerve agents and their hydrolysis products to Ms nodes. Using the large amount of data generated
from our DFT calculations, we employed QSAR modeling to achieve a more comprehensive
understanding of the fundamental chemistry underlying these binding events. Throughout the
following sections, the DFT-computed binding free energies (AGp;nq) serve as the response
variable that we attempt to describe or predict using molecular and node descriptors.

To develop the QSAR models, we first selected molecular descriptors based on their

potential relevance to organophosphate binding. Due to their different binding modes, we treated
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neutral molecules (including water, nerve agents/simulant, and alcohol/thiol products) and

bidentate anions separately, each with their own unique set of descriptors. We considered 13
neutral molecules (H20, 1, 3, 6, 8, 11, 13, 14, 17, 18, 20, 22, and 24), and 10 bidentate anions (2,
4,7,9,12,15,16, 19, 21, and 23). We compiled 25 molecular descriptors for the neutral molecules
and 22 for the bidentate anions, all of which were obtained either through DFT calculations or
from evaluating descriptor equations derived in previous literature studies. All quantum chemical
descriptors were computed for the optimized molecular structures (not including the nodes in the
calculations) at the M06-2X(SMD) level of theory, some of which required the use of electron
population analysis with the NBO method!'” to compute molecular orbital parameters. The
molecular descriptors, along with their corresponding notations, units, and ranges of values are
summarized in Table C.6, where values in red correspond to neutral molecules and those in green
correspond to bidentate anions. Below, we describe the rationale for selecting particular
descriptors.

For the neutral molecules, we selected the NBO-computed partial atomic charge and
Wiberg bond index??° of the binding O/S atom (qo/smor and Blossmor, Tespectively) because these
are the atoms that directly coordinate to the open metal sites of the node-noOH, structures
(Scheme 4.1b), and thus the electronic properties of these atoms are expected to directly influence
the molecular binding strengths. Here, “O/S atom” refers either to the O atom of water, the O(=P)
atom of nerve agent and simulant molecules, the O(H) atom of alcohols, or the S(H) atom of thiols
that binds to the node open M atom. Due to the different binding mode for the bidentate anions,
involving a M—O—P—O-M plane formed on adjacent M atoms at the node—noOH>, OH binding sites
(Scheme 4.1c), we instead computed the average charge and average Wiberg bond index on the

two binding O atoms (4vgo,moand AvBI,, . respectively). To investigate the effects of the relative

 mol°®
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sizes of the neutral molecules and bidentate anions, which could influence the dispersion

components of the binding energies, we selected several descriptors including molecular volume

(Vmo1, computed in Gaussian 09), solvent-accessible surface area (S4, _,, computed in VMD 1.9.3),

mol’

total number of atoms (nA4¢, ) and electrons (nElec, ) in each molecule, molecular weight
(MW ), and average molecular weight (AMW =MW /¢nAt, ). We note that several of these

size descriptors are correlated with each other, but we chose to initially consider them all to analyze
which ones individually yielded the most accurate AGy;,4 predictions and then we removed the
less-significant correlated descriptors before performing multiple linear regression analysis. The
molecular dipole moment (umo) Was chosen because it describes the overall polarity of each
molecule. To characterize the overall electronic structure of each molecule, we selected six
descriptors starting with ionization potential (/P.:) and electron affinity (EA4.1), computed using

142

the IPnor ® —Ernomo and EAno = —Erumo relations based on Koopmans’ theorem.'** These two

descriptors were then used to compute molecular hardness (1, ), softness (Suo:), electronegativity
(x,,,,), and electrophilicity (w, ) using the equations derived by Parr and co-workers'* (see eqs
C.1-C.4 in Appendix C).

We also compiled constitutional descriptors including the number of hydrogen (nH, ),
carbon (nC, ), nitrogen (nN,_ ), oxygen (nO, ), and non-hydrogen (nNonH ) atoms in each
molecule to examine the effects of basic chemical composition. We did not use the nO, , descriptor
for the bidentate anions due to their limited chemical diversity (i.e., each anion has either two or
three oxygens). To measure hydrogen-bonding abilities, important for interactions with node

oxo/hydroxyl groups, we computed the number of donor and acceptor atoms for H-bonds in each

molecule (nHBd, , and nHBa, , respectively). Here, nHBd, , refers to the number of H atoms

mol®
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bonded to any N and O atoms in each molecule and nfiBa, , refers to the number of N, O, and F

atoms per molecule. The nHBd, , descriptor was not used for the bidentate anions because values
were either zero or one for these molecules. The number of rotatable bonds per molecule (nRB,, ),

defined as the number of single bonds bound to a nonterminal heavy (i.e., non-H) atom, was chosen
as a measure of molecular flexibility.?** To measure the degree of unsaturation for each neutral

molecule, we computed the unsaturation index (Ul ), as defined in eq C.5.%! Again, Ul , was

not used for bidentate anions due to their more limited chemical diversity. Finally, for both neutral

molecules and bidentate anions, we computed the hydrophilicity index (HyI, ), as defined in eq

C.6.22

Pearson’s correlation coefficients between molecular descriptors for the neutral molecules
and bidentate anions are presented in the form of heatmaps in Figure C.11 and C.12, respectively.
The unscaled values of the descriptors for neutral molecules and bidentate anions are listed in
Table C.7 and C.8, respectively. Since the descriptors have different units, all descriptors were
scaled from 0 to 1 so that their weights in the developed QSAR models may be easily compared
(see eq C.7 for scaling formula). The scaled values of the descriptors for neutral molecules and
bidentate anions are listed in Table C.9 and C.10, respectively.

Next, we selected descriptors to describe the node—noOH:> and node—noOH>,OH bare node
structures which served as binding sites for the neutral molecules and bidentate anions,
respectively, where we treated the two types of binding sites separately with their own unique set
of descriptors. More explicitly, we considered the node-noOH. sites (Figure C.2a) and the node—
noOH> OH sites (Figure C.2¢) of Zr-mono-defect UiO-66, M-bi(trans)-defect UiO-66 (M = Zr,
Hf, Ce, Th), Zr-bi(cis)-defect UiO-66, Zr-NU-1000 (large pore), Zr-NU-1000 (¢ pore), and M-

MOF-808 (M = Zr, Hf, Ce, Th). We compiled 24 node descriptors for the node—noOH: sites and
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20 for the node-noOH>,OH sites, all of which were obtained either through DFT calculations or

taken directly from experimental databases (e.g., NIST). All quantum chemical descriptors were
computed for the optimized node structures. The node descriptors, along with their corresponding
notations, units, and ranges of values are summarized in Table C.11, where values in red
correspond to node—noOH sites and those in green correspond to node—noOH>, OH sites.

For the node-noOH: sites, we selected the NBO-computed partial atomic charge (gasnode),
Wiberg bond index (Blu;node), and valence orbital population (ValPopasnede) of the open M atom
that serves as the binding site for neutral molecules. Similarly, for the node-noOH,, OH sites, we
computed the average charge (4vqnode), average Wiberg bond index (AvBlynode), and average
valence orbital population (AvValPopu, nede) of the two adjacent M atoms that collectively serve as
the binding site for bidentate anions. To further characterize the electronic structure of the M
atom(s) at the node binding sites, we compiled six descriptors to describe the different M** cations
including 1P+ yoaes EAMa* nodes Mm** node> Sm** node> XmM** nodes and wpya+ 04,, Where
ionization potential and electron affinity values were obtained from NIST.??® We also used
elemental properties to describe the M atom(s) including the atomic number (Znode), atomic
weight (AtWtynode), period in the periodic table (Pdunode), and covalent radius (CovRu node). >
From the DFT-optimized node structures, we also computed the distance between the two adjacent
M atoms of the binding sites (di-un0de), Which may be particularly relevant for the binding mode
of bidentate anions.

Beyond the M atom(s) that directly bind the molecules, we also considered it important to
characterize the geometric and electronic properties of the surrounding node oxo/hydroxyl groups,
which may interact through hydrogen-bonding with the bound molecules. For both the node—

noOH, and node-noOH,,OH sites, we selected the NBO-computed partial atomic charges of the
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bridging node hydroxyl atoms (q,,0(#)node 804 qu,0)H,noae) and the bridging node oxo atom

(qu;0,moae)- Exclusively for the node-noOH.: sites, we computed charges on the atoms of the
neighboring terminal node hydroxyl group (q:o),node and g10)r,noae) as well as the bond length and
Wiberg bond order of the neighboring terminal M—OH bond (BLu-o0Hnode and BOui—omnode,
respectively). Figure 4.4, depicting the node-noOH: binding site of Zr-NU-1000 (large pore) as

an example, includes labels for the referenced metal, oxygen, and hydrogen atoms.

J

Figure 4.4. Top-down view of the node—noOH> binding site of Zr-NU-1000 (large pore) with labels for the metal,
bridging oxo, bridging hydroxyl, and terminal hydroxyl atoms referenced in the node descriptors used for QSAR
modeling. Dark gray, white, red, and turquoise spheres represent C, H, O, and Zr atoms, respectively. The purple
sphere denotes a dummy atom used to help visualize the linker bite angle, which is shown by the dashed lines.

To characterize the size of each node in its entirety, we chose the total number of electrons

per node (nElec, , ). Further, we selected the total number of linkers per node (nLink, ,), as we

node
previously showed that the node connectivity has a strong influence on dispersion energies (see
Figure C.5 and C.7). Finally, to measure the steric effects of the local environments for node—
noOH> and node-noOH,, OH sites, which could influence dispersion interactions between bound

molecules and the benzoate linkers surrounding the binding sites, we introduce the concept of a
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linker bite angle (Bite, ). We define the linker bite angle as the angle formed between two para-

node
carbon atoms of diagonally opposite benzoate linkers surrounding the binding site and a point
equidistant between the two adjacent M atoms of the binding site. For clarity, this angle is depicted
with dashed lines in Figure 4.4. To provide context, the linker bite angle is 155.8°, 149.6°, 143.7°,
142.6°, 142.5°, and 138.2° for the optimized node-noOH: cluster models of Zr-MOF-808, Zr-NU-
1000 (large pore), Zr-bi(trans)-defect UiO-66, Zr-mono-defect UiO-66, Zr-bi(cis)-defect UiO-66,
and Zr-NU-1000 (c pore), respectively.

Pearson’s correlation coefficients between node descriptors for the node—noOH> and node—
noOH,,OH sites are presented in the form of heatmaps in Figure C.13 and C.14, respectively. The
unscaled values of the descriptors for the node-noOH> and node-noOH,,OH sites are listed in
Table C.12 and C.13, respectively. Similar to the molecular descriptors, the node descriptors were
scaled from 0 to 1 (using eq C.7) so that their weights in the developed QSAR models may be
easily compared. The scaled values of the descriptors for the node—noOH> and node—noOH>, OH
sites are listed in Table C.14 and C.15, respectively.

The distributions of binding free energy values for the neutral molecules bound to node—
noOH: sites and the bidentate anions bound to node—noOH> OH sites are shown in Figure C.15.
Together, the scaled molecular descriptors for neutral molecules and the scaled node descriptors
for node—noOH, sites (49 total descriptors), along with the corresponding AGy;,q response
variable (156 total molecule-node combinations), were used to construct QSAR models (hereafter
referred to simply as the “neutrals dataset”). Similarly, the scaled molecular descriptors for
bidentate anions and the scaled node descriptors for node-noOH> OH sites (42 total descriptors),
along with the corresponding AGy,;,4 response variable (120 total molecule-node combinations),

were used to construct QSAR models (hereafter referred to as the “bidentates dataset”).
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4.3.6 QSAR Modeling: Most Important Descriptors for Describing Organophosphate

Binding to MOF Nodes
Before assessing the developed QSAR models, we first discuss uniparametric correlations based
on simple linear regression between individual descriptors and the binding free energies (e.g., R%uni
for AGping VS. qossmor) to highlight the most statistically significant (i.e., most important)
descriptors. The most important molecular descriptor for describing the binding energetics of the
neutrals dataset iS gosmor (R*mi = 0.25, positive correlation). The direction of the correlation
indicates that lower (more negative) charges on the binding O/S atom correlate with more negative
(stronger) binding free energies, which is intuitive because this should lead to a stronger attraction
to the positively charged node M atom. The most important node descriptor for the neutrals dataset
is Bite

(R?*uwni = 0.12, positive correlation), where the correlation direction reveals that smaller

node
linker bite angles correlate with stronger binding free energies. This observation helps clarify one

of the trends observed in Figure 4.2, where Zr-MOF-808 (Bite, , = 155.8°) generally showed the

node

weakest binding while Zr-NU-1000 (¢ pore) (Bite, , = 138.2°) consistently showed the strongest

node
binding, implying that the small pore environment of the Zr-NU-1000 (c pore) binding site leads
to closer proximity and more favorable interactions between bound molecules and the surrounding
benzoate linkers. The next most important molecular and node descriptors for the neutrals dataset
are summarized in Figure C.16.

The most influential molecular descriptor for the bidentates dataset is nN, , (R*umi = 0.10,

negative correlation), where a larger number of nitrogen atoms per bidentate anion correlates with
stronger binding free energies. The most important node descriptor for the bidentates dataset is
W4+ noge (R%umi = 0.37, negative correlation), where more electrophilic M*" cations of the node—

noOH,,OH sites correlate with stronger binding. This observation helps explain why the Ce
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analogues of the M-bi(trans)-defect UiO-66 and M-MOF-808 node sites consistently showed the

strongest binding free energies for bidentate anions (Figure 4.3d and C.8d, respectively), where
Ce*" displays the largest electrophilicity value (wp4+ oqe = 91.6 €V) of the four considered metals
and thus has the strongest ability to bind the bidentate anions. The next most important molecular
and node descriptors for the bidentates dataset are summarized in Figure C.17.

Despite the useful insights derived from simple linear regression, the correlations based on
individual molecular and/or node descriptors are clearly very low, indicating that single descriptors
are not sufficient to describe such complex systems, a similar conclusion drawn in our previous
organophosphates QSAR study.?** This result is not surprising, given the fairly complex trends
observed in the binding free energy plots (Figure 4.2, 4.3, and C.8). Thus, we developed multi-
parametric QSAR models for the neutrals and bidentates datasets by performing multiple linear
regression (MLR), where MLR can improve the correlation statistics while still allowing for a
simple interpretation of the contribution each descriptor has on the models in terms of its
coefficient weight and sign. Initially, we built non-predictive models, where this terminology
denotes that all molecule-node combinations were included for model development for each
dataset (as opposed to dividing them into training and test sets). This was done to gain a deeper
understanding of the most important descriptors for describing the binding energetics of our entire
datasets before assessing the predictive capacity of our models using test sets.

Before model development, we removed all linearly dependent molecular and node
descriptors from both datasets. To remove descriptors, we first identified any descriptors that
showed a high Pearson’s correlation coefficient (|R| > 0.9) with another descriptor (see Figure
C.11-C.14). Then, for each highly correlated descriptor pair, we removed the descriptor that

yielded the less accurate AGy,;,4 prediction, as determined by comparing their R?ui and root mean
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square error (RMSE) values. For development of the non-predictive multi-parametric QSAR

models, we used stepwise forward-backward based feature selection combined with MLR using a
95% confidence interval, utilizing the built-in stepwiselm function in MATLAB. For a more
detailed description of this algorithm, refer to Appendix C.

The non-predictive QSAR model developed using all 156 molecule-node combinations for

the neutrals dataset is:

AGping = —(33.05 £ 11.67) + (55.02 £ 4.26)q0/5.m01 + (17.85 £ 3.91)IP o

—(32.35 £ 3.85)nHBd,, , — (29.39 + 13.46)qrmnode — (45.68 £ 7.66)BIy node

— (17.84 £ 5.60)w s+ noce + (27.02 + 6.03)nLink, . + (60.87 + 6.06)Bite, ,  (4.7)

N =156, Q*00 = 0.59, R?%.q; = 0.68, RMSE = 12.29 kJ/mol

In eq 4.7, the descriptors are dimensionless (scaled from 0 to 1), so descriptors with larger weights
can be said to have increased significance to the overall model. As evaluation metrics, we report
the RMSE and the adjusted coefficient of determination (R?.) between observed (i.e., DFT-
computed) and predicted responses. We report the R?,4i, which takes into consideration the number
of model variables, to facilitate the comparison of models containing different numbers of terms
(see eq C.8). Additionally, we report the Q% oo statistic, calculated using the leave-one-out cross-
validation (LOO-CV) procedure, in which every molecule-node combination is eliminated from
the dataset once and then its response variable is predicted using the regression equation derived
from the remaining set (see eq C.9).

By examining the descriptor weights in eq 4.7, we again observe that go/smo and Bite

node

are the most significant molecular and node descriptors for the neutrals dataset. The nHBd, ,

descriptor is also important, where neutral molecules possessing more hydrogen-bonding donor
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atoms correlate with stronger binding free energies, indicating that hydrogen-bonding interactions

with node oxo/hydroxyl groups plays an important role in binding to Mg node sites. Regarding the
node properties, the gunode descriptor is also fairly significant, where higher (more positive)
charges on the open M atom correlate with stronger binding, serving as a complement to the go/s,moi
molecular descriptor.

The non-predictive QSAR model developed using all 120 molecule-node combinations for

the bidentates dataset is:

AGping = —(80.02 £ 4.68) + (17.44 + 4.03)4Avqo,mor — (19.30 £ 7.31)ttmor

— (1220 + 4.90)nN, , + (15.24 + 7.04)Hyl,  — (36.36 + 8.4T)AMW, .

— (2534 + 4.79)w s+ node + (11.54 + 2.77)Bite, . — (16.63 + 5.05)q,..0 (4.8)

node ‘node

N =120, 0?00 = 0.55, R%qj = 0.65, RMSE = 10.60 kJ/mol

In eq 4.8, the most influential molecular descriptor is AMW . where bidentate anions with larger

mol’

average molecular weights correlate with stronger binding free energies. Similar to the neutrals
dataset, we also see that the charge on the binding O atoms is important for inducing a strong
attraction to the two adjacent M atoms of the node—noOH> OH sites. As was determined by the
uniparametric correlation analysis, the most influential node descriptor for the bidentates dataset

1S Wpa+ poge- Also, the g0 descriptor term appears to be moderately important, which is

node

reasonable considering the typical binding mode of the bidentate anions (Figure C.6) that involves

hydrogen-bonding interactions between the bridging node oxo atom and the bound molecule.
Overall, for both the neutrals and bidentates datasets, we observe that adding more

descriptor terms results in improved correlations compared to simple linear regression using

individual descriptors. This result is not purely a statistical artifact, but rather an indication that
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both molecular and node properties, including both structural and chemical features, collectively

contribute to the binding free energies of organophosphate molecules and their hydrolysis products
to Ms nodes. Considering the complex nature of the molecules used to build these models,
compared to simple atomic or small molecule adsorbates, the RMSE values for both datasets are
relatively low, especially when taking into consideration our use of MLR compared to more
sophisticated machine learning techniques. To better evaluate the capacity of our descriptors for
predicting accurate AGy;,q values and to determine their robustness for describing new
organophosphates and/or MOFs, we performed further statistical validations, as described below.
4.3.7 QSAR Modeling: Model Predictions and Applicability Domains
To develop predictive QSAR models, we divided each dataset into training and test sets using
random selection, while ensuring that each training set spanned the entire response variable space
for its respective dataset (i.e., we included the molecule-node combinations with the highest and
lowest AG,;nq Values in the training sets). Each test set included 20% of its respective total dataset.
Additionally, since we already gained a detailed understanding of the important molecular and
node descriptors from the non-predictive models generated using standard MLR, we now allowed
for molecular-node descriptor interaction terms (€.g., go/s,mol X g node) in the regression equations
to further improve the models’ predictive capabilities. However, the molecular descriptors and
node descriptors are linearly independent and show no correlation (R = 0), so the resulting models
developed using MLR with interaction terms are still physically interpretable.

Several tests for statistical significance were used to evaluate the predictive value of the
models. To evaluate the training sets, we used the RMSErain, R?adj, and Q%100 values, as discussed
earlier. Additionally, we used the y-randomization method to measure the possibility of chance

correlation in the developed QSAR models, utilizing the R?, > 0.5 test (see eq C.10) to determine
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that our models were not generated purely by chance.!® To evaluate the test sets in terms of both

quantitative and ranking accuracy, we used the root mean square error in prediction (RMSE¢st, see
eq C.11), the coefficient of determination (R?s, see eq C.12), and the Spearman’s rank correlation
coefficient (prest, see eq C.13) values. For both the neutrals and bidentates datasets, we performed
dataset division 100 times to examine the variability in model statistics (Figure C.18 and C.19).
For each dataset, when comparing the statistics across all 100 generated models, the optimal model
was identified as the one that yielded the lowest RMSE, while also satisfying the minimum
QSAR criteria of 0?00 > 0.5, R%, > 0.5, and R%cst > 0.6.15!

The optimal predictive QSAR model for the neutrals dataset is:
AGping = —(71.49 + 5.09) + (2985 + 6.11)nH , — (43.52 + 8.00)nHBa, ,
+ (62.99 + 4.80)Bite, ,, — (19.72 + 4.58)nElec, , + (45.30 £ 12.18)(qossmol X M node)

— (2791 + 7.34)(qosmoa X CovRymod) + (4651 + 10.93)(qosmor X nlLink, )

+ (40.65 + 9.89)qosmol X quomms) + (4553 + 7121)(x,, X nLink, )

— (3121 + 921)(nH,,, X BOurornd) — (2142 + 9.74)(nHBd

mol

X nLink, ,)

+ (2445 + 9.82)nHBa,, X Bluma) — (1791 + 9A46)Hyl,, X qinod)

+ (42.40 £ 8.64)(AMW,

mol

X QMnode) (49)

Nirain = 125, QZLoo =(0.59, Rzadj =0.83, RMSEiin = 9.40 kJ/mol, CRzp =0.79
Ntest = 31, thest = 0.75, RMSEtest = 8.25 kJ/l’l’lOl, ptest = 0.82

The optimal predictive QSAR model for the bidentates dataset is:
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AGhing = —(84.81 + 4.39) + (14.28 + 4.85)4vqo.mo — (22.20 + 3.49)nN, .

+ (20.86 £ 8.15)Hyl, , — (32.46 = 9. T1)AMW  , — (23.78 + 5.59)w 4+ node

+(10.27 + 3.32)Bite,,, — (18.78 £ 6.07)q,.,0 (4.10)

snode

Nirain = 96, Q%100 = 0.51, R%4j = 0.61, RMSErain = 11.23 kJ/mol, “R?, = 0.61

Niest = 24, R*est = 0.70, RMSEiest = 9.77 kJ/mol, prest = 0.82

Based on the computed statistics, eqs 4.9 and 4.10 represent models with good predictive
capacity in terms of both quantitative and ranking accuracy, where the optimal model for the
neutrals dataset has slightly better predictive ability. Comparing eqs 4.7 and 4.9 for the neutrals
dataset, we observe that using MLR with interaction terms results in models with better
quantitative accuracy compared to standard MLR. In contrast, the optimal predictive QSAR model
for the bidentates dataset (eq 4.10) includes no molecular-node descriptor interaction terms and is
nearly identical to the non-predictive model (eq 4.8). Due to the many differences between the two
datasets, we could not find a definitive explanation for this observation. The most likely reason for
the presence of more terms in the regression equation for the neutrals dataset is that the neutral
molecules are more chemically diverse (including water, nerve agents/simulant, and alcohol/thiol
products) than the bidentate anions, thus requiring a larger number of descriptors to accurately
describe their binding energetics. Nonetheless, both predictive models in eqs 4.9 and 4.10 can be
used to make reliable binding free energy predictions for new organophosphate molecules and
hydrolysis products and/or new Mg nodes.

The AGping values for all 156 (120) molecule-node combinations predicted using eq 4.9
(eq 4.10) are given in Table C.16 (Table C.17). The regression plots of observed (DFT-calculated)

and predicted binding free energies for the training and test sets are represented in Figure 4.5a and
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4.5b for the neutrals and bidentates datasets, respectively. The dashed line in each plot that shows

the relationship ypred = yobs 1s included to help assess the predictive power of the models, where the
agreement between observed and predicted AGy;,4 values is slightly better for the neutrals dataset.
The distribution of raw residuals for the optimal models are shown in Figure C.20 and C.21 for
the neutrals and bidentates datasets, respectively, where the residuals for both models have an

acceptable normal distribution with no clear outliers.
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Figure 4.5. Comparison between observed (DFT-calculated) binding free energies with those predicted by the optimal
predictive QSAR model developed for (a) the neutrals dataset (eq 4.9) and (b) the bidentates dataset (eq 4.10). The
dashed line in each plot shows the relationship ypred = yobs, Where data points for an ideal model lie close to this line.

To further evaluate the robustness of our models for describing new molecule-node
combinations, we established the applicability domain (AD) of the optimal predictive QSAR
model for each dataset using the leverage-based method.!>*!>* Here, the AD represents the bounds
in which a model tolerates a new molecule-node combination, where predictions are considered
unreliable (i.e., extrapolations) if they lie outside the model’s AD. To visualize the AD for each
model, a Williams plot was constructed using standardized residuals (s7) and leverage (/) values,

where leverage is a measure of the influence of a molecule-node combination’s properties on the
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regression model. The formulas used to calculate st and / values are provided in Appendix C (eqs

C.14-C.16). For each model, the cut-off leverage is defined as #* = 3p/Nirin, Where p is the number
of regression coefficients (which includes the intercept) and Niain is the number of training set
observations.!>* Any prediction is considered unreliable and outside the AD if its 4 > h*.
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Figure 4.6. Williams plot showing the applicability domain for the optimal predictive QSAR model developed for (a)
the neutrals dataset (eq 4.9) and (b) the bidentates dataset (eq 4.10). The horizontal lines in each plot signify the bounds
for the standardized residuals (at + 3 standard deviation units). The vertical line in each plot represents the cut-off
leverage (2*).

The Williams plots for the optimal predictive QSAR models developed for the neutrals and
bidentates datasets are shown in Figure 4.6a and 4.6b, respectively. In these plots, it is simple to
identify any response outliers (with sz > 3 standard deviation units) and influential molecule-node
combinations with high leverage (4 > h*). The horizontal lines in each plot signify the bounds for
the standardized residuals (at + 3 standard deviation units) and the vertical line in each plot
represents the cut-off leverage (A* = 0.36 and 0.25 for the neutrals and bidentates dataset,
respectively). In Figure 4.6a for the neutrals dataset, only 3 out of the 156 molecule-node
combinations are located outside of the AD, thus predictions for all other combinations can be
considered reliable. The 3 high-leverage molecule-node combinations (molecule 14 bound to the
node-noOH; site of Ce-bi(trans)-defect UiO-66, 17 bound to Ce-bi(trans)-defect UiO-66, and 17

bound to Th-MOF-808) are all in the training set. The most likely reason why these combinations
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lie outside the AD is that molecules 14 (VX) and 17 (DESH) have relatively large steric bulk

compared to the other neutral molecules and are the only ones that contain sulfur. However, these
combinations can be said to have “good” leverage because they are in the training set, meaning
they reinforce the strength of the model for making future predictions for similar molecule-node
pairs. Conversely, all molecule-node combinations are located within the AD for the bidentates
dataset (Figure 4.6b). While the distribution of residuals is similar for the two datasets, we note
that the leverages are generally lower for the bidentates dataset, which we attribute to the more
limited diversity of the bidentate anions.

Overall, the results in this section indicate that the optimal predictive QSAR models
developed for the neutrals and bidentates datasets (eqs 4.9 and 4.10, respectively) can be used to
make relatively accurate binding free energy predictions for different nerve agents and their
hydrolysis products bound to Mg nodes not considered herein.

44  Conclusions

In this work, we used DFT to analyze the binding of water, nerve agents (GA, GB, GD, VX, A-
230, and A-232), a nerve agent simulant (DMMP), and their corresponding hydrolysis products
(bidentate anions, monodentate anions, and neutral alcohols/thiols) to MOF nodes with varying
node topology, connectivity, and metal identity. As binding sites for the molecules, we considered
the hexanuclear M(IV) oxide cluster nodes of Zr-mono-defect UiO-66, M-bi(trans)-defect UiO-66
(M = Zr, Hf, Ce, Th), Zr-bi(cis)-defect UiO-66, Zr-NU-1000 (large pore), Zr-NU-1000 (c pore),
and M-MOF-808 (M = Zr, Hf, Ce, Th). Overall, the trends we observed in binding free energies
for the nerve agents and hydrolysis products are fairly complex due to the significant diversity of
the molecules and nodes considered, which made it difficult to analyze our data all together.

Instead, we chose to focus our analysis on identifying the optimal Mg node sites for hydrolyzing
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each nerve agent and simulant molecule. In MOF-catalyzed organophosphate hydrolysis, the

displacement of a terminal water from the node active site, the subsequent adsorption of nerve
agent, and the ultimate desorption of bidentate-bound products are all critical, and potentially rate-
limiting, steps under various reaction conditions. Thus, we used a holistic approach towards
analyzing hydrolysis pathways by computing an optimization metric for each agent-node pair
based on the relative binding strengths of key reaction species (i.e., water, agents, and the
strongest-bound bidentate anion products). This analysis showed that no single metal or node
topology/connectivity is predicted to be optimal for hydrolyzing all possible organophosphate
molecules, suggesting that MOFs should be selected based on the agent of interest. In general, our
results are in qualitative agreement with observed experimental trends, implying that our simple
binding-energy-based approach may be an adequate substitute for full mechanistic studies as the
initial computational step used to predict promising Mg node sites for nerve agent hydrolysis.
Using the large amount of data generated from our DFT calculations, we then derived
QSAR models to better explain the complex trends observed in binding free energies for the
different molecules across the various MOF node topologies, connectivities, and metals. Through
simple linear and multiple linear regression, we identified the most important descriptors for
describing the binding of nerve agents and their hydrolysis products to Mg nodes. These results
showed that both molecular and node properties, including both structural and chemical features,
collectively contribute to the binding energetics. By splitting the data into training and test sets
and performing a thorough statistical analysis, we showed that our QSAR models are capable of
making quantitatively accurate binding free energy predictions for neutral molecules and bidentate
anions in a wide variety of M(IV)-MOFs. To further evaluate the bounds in which our models

tolerate new molecule-node combinations, we established applicability domains using the
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leverage-based method, where this analysis showed that the optimal QSAR models can be used to

make reliable predictions for different nerve agents and their hydrolysis products bound to Mg
nodes not considered herein. Ultimately, the insights gained from our study can be used to guide

future experiments for the synthesis of MOF systems with enhanced catalytic activity.
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Chapter 5: Computational Screening of Metal-Organic Framework-Supported Single-

Atom Transition-Metal Catalysts for the Gas-Phase Hydrolysis of Nerve Agents

This chapter is a modified version of a published manuscript: Mendonca, M. L.; Snurr, R. Q. ACS

Catal. 2020, 10, 1310-1323.

5.1 Introduction

The earliest documented use of chemical weapons dates back to ~400 BCE during the
Peloponnesian War, where the Spartans used arsenical smoke against their enemies.?** The largest
deployment of chemical warfare agents (CWAs) occurred during World War I, causing an
estimated 1.3 million casualties.?*¢ In 1993, the Chemical Weapons Convention was drafted to
completely ban the development, stockpiling, and use of CWAs as well as destroy existing
stockpiles.® Despite international efforts to prohibit their use, various CWAs have been used as
recently as 2018 on both military and civilian populations.!®*:!° Of particular concern are nerve
agents, such as sarin (GB), soman (GD), and VX. In the human body, the acetylcholinesterase
enzyme is responsible for breaking down the neurotransmitter acetylcholine. Nerve agents
function by inhibiting this enzyme, which causes the neurotransmitters to keep sending signals,
but none are broken down. This leads to a buildup of acetylcholine in the synaptic cleft between
nerve and muscle cells and causes muscles to continuously contract, which can eventually lead to
death.’’ Since these highly toxic chemicals remain a serious global threat, materials are needed
for both the destruction of weapon stockpiles and personal protection via fabric coatings or

respirators to ensure the safety of military specialists and untrained citizens alike.
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Metal-organic frameworks (MOFs) are a promising class of catalysts for nerve agent

degradation.’® MOFs are highly crystalline materials composed of metal nodes connected by
organic linkers, which combine to form highly porous frameworks. They are especially attractive
for detoxification because of their extremely large surface areas, their high concentration of
periodic active sites, and their chemical functionality that can be tuned to adsorb specific target
molecules. Some of the most promising catalysts for this application are MOFs containing Zrs
nodes, which display a periodic distribution of strongly Lewis-acidic Zr(IV) metal centers. Zr-
based MOFs are highly stable under harsh thermal (up to 500 °C) and chemical (pH 1-12)
conditions because of their strong Zr-oxo node-linker bonds.?? In aqueous base solution (e.g., N-
ethylmorpholine), these MOFs have shown degradation half-lives on the order of minutes for the

hydrolysis of nerve agents and their simulants,'>%-54

where the buffer moderates the reaction pH
and regenerates Zr active sites. These buffered solutions are promising for the catalytic destruction
of nerve agent stockpiles, but they are not feasible for application in gas masks and protective
fabrics.>

To address this issue, recent studies have begun to investigate the gas-phase hydrolysis of
nerve agents.> Initially, Troya performed a computational mechanistic study of the gas-phase
hydrolysis of sarin on the Zr-based MOFs UiO-66 and MOF-808.>7 In contrast to previous
experimental reports of catalytic turnover in buffered solution, the calculations showed extremely
strong binding energies between the phosphonic acid product and the nodes. The product inhibition
was predicted to be considerably worse when the hydrolysis product bound to the node through
two adjacent Zr-oxo bonds in a bidentate fashion, compared to a monodentate binding mode on

one Zr atom. Subsequent experiments were performed to probe the in situ capture and degradation

of the nerve agent simulant dimethyl methylphosphonate on various Zr-MOFs.>®>° These
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experiments corroborated the theoretical prediction that exposure to vapor-phase

organophosphonates leads to strongly bound products on the Zrs nodes, albeit under ultrahigh-

vacuum conditions, which may inhibit further reactions.
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Figure 5.1. (a) Structure of NU-1000, viewed along the crystallographic ¢ direction, highlighting the 31 A
hexagonal and 10 A triangular channels (visualized using iRASPA?). Brown, white, red, and green spheres
represent C, H, O, and Zr atoms, respectively. (b) Simplified representation of a NU-1000 node before and after
metal deposition by AIM or SIM. For simplicity, only one single-atom site is depicted, although it is possible to
deposit additional single-atom sites on the three remaining faces of the node.

A potential method to avoid this problem is to deposit metals as single-atom catalysts on
the MOF nodes, such that the hydrolysis products bind to the active site in a more favorable
monodentate fashion. Atomic layer deposition in MOFs (AIM)?*¥7-240 or solvothermal deposition
in MOFs (SIM)?03:241-244 can be used to synthesize such systems. NU-1000 (Figure 5.1), which is
constructed from  [Zrs(p3-0)a(u3-OH)4(OH)4(OH2)4]¥* nodes and tetratopic 1,3,6,8-(p-
benzoate)pyrene (TBAPy*") linkers, is an ideal platform for metalation. NU-1000 contains
uniform hexagonal channels with 31 A diameters that facilitate diffusion of metal precursors
through the MOF pores to react with the periodic array of Zrs nodes, which contain reactive

terminal —OH and —OH» groups that can substitute with the precursors, resulting in metal
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deposition at each node face (see Figure 5.1b). Through a combination of various experimental

techniques, such as single-crystal and powder X-ray diffraction (SCXRD and PXRD), and density

functional theory (DFT) calculations,?*’

it is possible to obtain atomically precise characterization
of the deposited catalyst sites and their attachment to the MOF supports. For example, Hupp and
Farha and co-workers have used SCXRD and PXRD to analyze single-atom V,2*! Mo,?*¢ Cr,>¥
and Cu?*® species deposited on the nodes of NU-1000. Various postsynthetic strategies also allow
experimentalists to prevent multiatom cluster growth and to direct the deposition of metal ions
toward different-sized pores of NU-1000 depending on the desired grafting site.>*’ In contrast to
other solid supports, the MOF-supported catalytic active sites are uniformly sized, uniformly
spaced, and are -crystallographically well-defined, which enables detailed computational
mechanistic studies to be performed to analyze structure—function relationships across an array of
metals, 250233

Herein, we use DFT to perform a thorough screening of single-atom transition-metal
catalysts, in varying oxidation states, deposited on NU-1000 nodes for the gas-phase hydrolysis of
sarin. Through screening and calculation of molecular descriptors, we explore periodic trends for
insights into the role of electronic structure in catalyzing organophosphonate hydrolysis. Our initial
goal in this work is to investigate materials capable of circumventing the product inhibition
previously observed during gas-phase degradation of nerve agents on Zrs nodes, by forcing the
products to bind to the active site in a monodentate fashion, thus facilitating catalyst regeneration.
By calculating the complete reaction pathways for selected M—NU-1000 systems, we highlight the

need to consider more than a single reaction step when comparing catalytic cycles across a large

group of diverse materials. Finally, using the energetic span model (ESM) to calculate relative
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turnover frequencies (TOFs), we identify single-atom catalysts that are predicted to have higher

TOFs than unfunctionalized NU-1000 for this reaction.

5.2 Computational Details

5.2.1 Cluster Models

A cluster model was used to represent the Zrs node of NU-1000, which was obtained from
Mondloch et al.! and corresponds to the mixed-staggered proton topology.*® A small “formate
model” was constructed by truncating all eight pyrene-based linkers to capping formate groups
([Zrs(p3-O)a(u3-OH)4(OH)4(OH2)4 ¥ (HCOO )3, Figure 5.2b). This model was used to screen the
supported single-metal catalysts. A larger “benzoate model” was constructed by modeling the
bottom four linkers as formate groups and using benzoate groups for the four linkers located
around the supported transition metals ([Zre(u3-O)a(p3-
OH)4(OH)4(OH2)4]¥*(CsHsCOO )a(HCOO )4, Figure D.1 in Appendix D). This larger model was

only used to test the effect of model size on the reaction energetics for the Ti'V-NU-1000 system.
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Figure 5.2. (a) Representation of M—NU-1000 systems with metals in +2, +3, and +4 oxidation states. (b)

Optimized NU-1000 and (c) Ti'V-NU-1000 (base catalyst denoted as Ti'Y—OH) formate cluster models. Dark
gray, white, red, turquoise, and light gray spheres represent C, H, O, Zr, and Ti atoms, respectively.
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Initially, we studied 36 M—NU-1000 systems with metals in +2, +3, and +4 oxidation states.

We considered metals that have been previously deposited using AIM or SIM as well as new
metal/oxidation state combinations to potentially guide future experiments.?>* The M!'-NU-1000
systems were VI, Cr!l, Mn'!, Fe!!, Co!, Ni',, Cu", Zn", Mo", Pd", W!, and Pt". The M"""-NU-1000
systems were Sc''l, Cr'!l, Fe!l!, Co'l, Cu'™, Y™, Ru', Rh™, Ce!!, Ir'!, and Au™. The M!V-NU-1000
systems were Ti'V, VIV, Mn!V, Zr'V, Mo"V, Ru'V, Pd"V, Ce!V, HfY, WV, Re!V, Os!V, and Pt!V.
Following metal deposition by SIM or AIM, using water as a coreactant,>}” the original terminal —
OH and —OH; groups on the Zrs node are replaced by a M—OH species bridging two oxo or

hydroxo groups. This chelating mode has previously been determined as the most energetically

255 t24l’246’247

favorable=- and crystallographically dominan configuration for metals anchored on NU-
1000 nodes. The most stable proton topologies for the single-atom sites, where each structure is
charge-neutral, were obtained from Ye et al.?>! To confirm that these topologies were indeed most
stable, we reoptimized each system using the computational details described below, and the
different topologies are depicted in Figure 5.2a. The optimized NU-1000 formate cluster models
before and after deposition of Ti!V are provided in Figure 5.2b,c, respectively. Although additional

single-atom sites may be deposited on the three remaining faces of the node,?>

we only modeled
one site for simplicity.

5.2.2 Electronic Structure Calculation Details

All electronic structure calculations were performed using the Gaussian 09 package (revision
D.01).!% Geometry optimizations and frequency calculations were performed for all species using

DFT with the M06-L functional” and an ultrafine integration grid. We chose M06-L because it

exhibits a reasonable balance between chemical accuracy and computational expense, it inherently
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10 it performs well for transition-metal systems,?*¢ and it has

includes some dispersion corrections,
provided reliable results in previous computational studies for NU-1000.2%3257-258 An automatic
density-fitting set generated by Gaussian 09 was employed to reduce the computational cost. The
def2-SVP basis set was used for H, C, and O atoms of the Zrs node, linkers, and capping groups.
The def2-TZVP basis set was used for atoms of the reacting water and sarin molecules and the
transition metals, including the SDD effective core potential (ECP) for second- and third-row
transition-metal atoms.”®’?2!° For Ce, the SDD basis set with the associated ECP was applied.®°

The C atoms of the formate and benzoate linker groups were held fixed to mimic the
constraints imposed by the surrounding MOF structure, whereas all remaining atoms were allowed
to relax. The nature of all stationary points, both intermediates and transition states, were verified
by the calculation of analytic vibrational frequencies. All minima were characterized by zero
imaginary frequencies, whereas all transition-state structures had exactly one imaginary frequency.
These frequencies were used to calculate molecular partition functions using the particle in a box,
rigid rotor, and quantum mechanical harmonic oscillator approximations, but all frequencies below
50 cm™! were replaced with values of 50 cm™! (quasi-harmonic-oscillator approximation).” All
reported thermochemical properties were computed at standard conditions (298.15 K, 1 atm) in
the gas phase (i.e., with no solvation model). The energy values in the article correspond to
standard-state Gibbs free energies, and self-consistent field (SCF) energies and enthalpies are
provided in Appendix D.

Geometry optimizations were performed for all possible spin states for each metal system,
and the most stable spin structures (i.e., lowest-energy electronic states) were used to calculate the
energetics for each species in a mechanism. Cartesian coordinates and spin states for all optimized

structures are given in Appendix D.
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5.3 Results and Discussion

5.3.1 Binding Energies

The overall reaction is shown in Scheme 5.1, where a vapor-phase water molecule hydrolyzes sarin
into the products isopropyl methylphosphonic acid (IMPA) and HF. Before calculating the full
catalytic mechanisms, we were interested in analyzing the binding energies of sarin, water, and
IMPA to the single-atom catalysts. Because the ultimate goal is to use these materials for
application in protective equipment such as gas masks, it is important to consider competitive
adsorption with water that would be relevant in a realistic humid environment. Without a high
affinity for selective adsorption of sarin under ambient conditions, high levels of catalytic activity
are irrelevant.”>> Other atmospheric contaminants such as COz, SO, and NO; are also
relevant?>20 but are outside the scope of this initial study. Further, since product inhibition is
known to be an issue for gas-phase nerve agent hydrolysis, we wanted to calculate the binding
energies of IMPA to the 36 M-NU-1000 systems to potentially rule out any metals before

investigating full degradation pathways.

Scheme 5.1. Overall Reaction for Gas-Phase Sarin Hydrolysis

P P
oI T HOwp —— o”1~on + HF

Me Me
Sarin IMPA

We considered the binding geometry in which sarin (or IMPA) binds through a M—O(=P)
bond, as this is known to be the most favorable binding mode.>’??! All water binding geometries
were initially modeled through a M—O bond and then optimized. We found that water either stayed
in this chemisorbed geometry or converged to a physisorbed water molecule depending on the
system. The binding free energies (AGwindging) for the three adsorbate species are shown in Figure

5.3a—c for M, M, and M"Y systems, respectively. The AGpinding values are calculated via
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AGbinding = GMOF-+adsorbate — GMOF — Gadsorbate (5 1)

where a negative AGwinding indicates favorable binding. In Figure 5.3, the x-axes are labeled with
elements from left to right along the periodic table, where the first-row metals appear first and then

second-row metals and so on. The values from Figure 5.3 are listed in Tables D.1-D.3.

(a) VI Cr' Mn' Fe' Co' Ni' Cu' zZn' Mo' Pd' W' Pt

AGbinding (kJ/mOl)

wmSarin mWater mIMPA

(b) sclll Cf“ Felll Colll Culll yu Rulll Rh' Celll I AuIII

AGbinding (kJ/moI)

mSarin mWater mIMPA

(c) TV VvV MV ZrV MoV RuV PdV CeV HV WV ReV OsV PtV

AGyjinging (kJ/mol)

wmSarin mWater mIMPA

Figure 5.3. Binding free energies for sarin, water, and IMPA to (a) M"-NU-1000, (b) M™-NU-1000, and (c)
MYV-NU-1000 systems.
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As mentioned above, it is ideal for sarin to have a stronger, or at least similar, binding

energy to the catalysts compared to water. This is true for 32 out of the 36 systems, where 4 M-
NU-1000 systems (Crll, Cul, Pd", and Pt"") showered slight preferential adsorption for water.
Twenty three out of the 36 systems showed IMPA binding energies larger than 100 kJ/mol and
thus may be expected to suffer from product inhibition at room temperature. It is interesting to
note that Zr'V, whether isolated as a single-atom here or in the unfunctionalized parent MOF,
exhibits very strong product binding, most likely due to its strong Lewis acidity.!* By examining
periodic trends, it is apparent that M'Y-NU-1000 systems generally exhibit the strongest binding
energies for sarin, whereas M!'-NU-1000 systems show the strongest binding of IMPA. In general,
most of the systems tend to bind IMPA much stronger than sarin, which is especially evident for
the M'-NU-1000 systems. The large difference in their binding energies can be attributed to the
different binding geometry for the two adsorbate species on the single-atom sites. As shown in
Figure D.2, the only interaction for sarin is through a relatively long M—O(=P) bond (e.g., 2.14 A
for Fe!'-Sarin), whereas for IMPA, there is a stabilizing hydrogen bond formed with the M—OH
group in addition to a shorter M—O(=P) bond (e.g., 1.92 A for Fe''-IMPA). Surprisingly, we
discovered that some of the M'V-NU-1000 systems (Re'V, Os'"V, and Pt'V) showed unfavorable
binding energies for sarin, and so we did not explore these metals any further. Pd"™V-NU-1000 also
exhibited unfavorable binding, although its binding free energy for sarin was calculated to be only
+7.1 kJ/mol, and thus we did not rule it out at this stage.

5.3.2 Catalytic Cycle and Validation of Formate Cluster Model for Ti'V-NU-1000

To clearly explain each step of the proposed catalytic cycle for sarin hydrolysis on these systems,
we use Ti'V-NU-1000 as an example. We choose to discuss Ti!V here because it is quite similar to

the Zr'V active sites in unfunctionalized NU-1000. Also, the only possible spin state for the Ti!V—
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NU-1000 system is a singlet, which simplifies the following discussion. The entire catalytic cycle

is depicted in Scheme 5.2, starting from the deposited base catalyst, Ti'Y-OH, active site.
Throughout the scheme, the sarin and ambient water molecules are colored red and blue,
respectively, to clarify the movement of atoms during the course of the mechanism. First, sarin
binds through a relatively strong Ti—O(=P) bond (AGuvinding = —99.2 kJ/mol). In the Reactant
Complex, a water molecule (that would be present in a humid environment) binds to the Ti-OH
group through H-bonding. For direct comparison to Troya’s work, this corresponds to a general
base hydrolysis mechanism.>” In a concerted step, the Ti—~OH group abstracts a H atom from water,
which then performs a nucleophilic attack on the P atom of sarin in TSnue. We only discuss one
pathway herein, where nucleophilic attack occurs directly opposite the —OiPr group but note that
there are two other pathways where attack can also occur opposite the —F or —CH3 groups. A full

explanation for this choice is given in Appendix D (see Figure D.3).

Scheme 5.2. Illustration of the Proposed Catalytic Cycle of Gas-Phase Sarin Hydrolysis on a Ti™"-NU-1000
Cluster
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Nucleophilic attack leads to the formation of a pentacoordinated trigonal bipyramidal

(TBP) INT] species. The hydroxide nucleophile and —OiPr group are axial substituents, whereas
the —F and —CH3 groups are equatorial. For the purposes of screening across many metals, we were
only interested in the mechanism involving cleavage of the P-F bond to generate HF product as
this is known to be the most favorable pathway.’” In TBP phosphorus molecules, the most
electronegative substituent is more stable in an axial position, from which elimination is more
energetically favorable.'?° Thus, elimination of —F requires a Berry pseudorotation to direct it from
an equatorial to an axial site,'?%?%! forming INTz. In TSai, elimination of HF involves proton
transfer from the nucleophilic -OH group. The resulting Product Complex is stabilized by three
hydrogen bonds, as depicted in Scheme 5.2. Once HF desorbs from the active site, the final Ti'Y—
IMPA species is generated, where IMPA is bound in a monodentate fashion to the Ti atom.

Finally, the IMPA product desorbs and regenerates the active site, completing the cycle.

60 T

TSgerry TSei TiV-OH +
IMPA + HF

40 +

20 +
TiV-OH +

Sarin + H,0
0+

20 4

40 +

G (kJ/mol)

60 +

80 +

----- Benzoate =" TiV-IMPA
=100 7 v Product +HF

TiV—Sarin + H,0 ——Formate Complex

-120 +
Figure 5.4. Comparison of the reaction free-energy profiles for gas-phase sarin hydrolysis catalyzed by the
formate (solid line) and benzoate (dashed line) cluster models of Ti™V-NU-1000.

The reaction free-energy profile for the catalytic cycle is shown in Figure 5.4. As

mentioned before, we calculated the full mechanism for sarin hydrolysis on Ti'™"-NU-1000 using
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both formate and benzoate linkers near the active site to test the effect of model size on the reaction

energetics. Comparing the two profiles in Figure 5.4, we see that the results are quite similar for
the two models. More explicitly, the free-energy barrier from the bound sarin molecule to the Berry
pseudorotation transition state, AG = G(TSgerry) — G(Ti'Y=Sarin) — G(H20), is calculated as 141.0
and 142.1 kJ/mol for the formate and benzoate models, respectively. The HF elimination barrier,
AG = G(TSeai) — G(INT2), is 36.7 and 35.6 kJ/mol for the formate and benzoate models,
respectively. Finally, the product desorption barrier, AG = G(Ti'V-OH) + G(IMPA) + G(HF) —
G(Product Complex), is 122.9 and 126.2 kJ/mol for the formate and benzoate models,
respectively.

Since these barriers differ by only a few kJ/mol and are within the DFT error, our results
suggest that the replacement of benzoate linkers by formate capping groups does not strongly
affect the reaction energetics. This observation validates that our smaller formate model is
acceptable for screening purposes. In addition to being relatively accurate, the formate model also
considerably reduces the computational expense for screening across a wide variety of catalysts.
The reason for the striking similarity between the differently sized models can be attributed to the
effective isolation of the single-atom active site. The deposited metal is located far enough from
the rest of the Zrs node support and linkers such that the inclusion of benzoate linkers does not
affect the reaction, in contrast to the differences observed between formate and benzoate models
when nerve agent hydrolysis takes place on unfunctionalized Zrs nodes.!*®207-22! Further, by using
the smaller formate groups, we essentially limit the influence of dispersion interactions with the

9

linkers'*® and only focus on the effects of metal identity and oxidation state on the reaction

energetics.
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5.3.3 Effect of Transition Metal on Key Barriers

To explore the effect of metal identity and oxidation state on the reaction mechanism described
above for Ti'Y-NU-1000, we substituted Ti'V in the single-atom catalyst model with the other 32
metals (omitting Re!V, Os'V, and Pt'V based on the initial analysis of binding energies). Because
the overall pathway is rather large, requiring the calculation of 10 species, we first sought to narrow
down the number of possible candidates. Examining the profile in Figure 5.4 shows that there are
two dominant barriers throughout the mechanism — nucleophilic attack and product desorption.
The calculation of transition states is relatively expensive and more nuanced than optimizing
minima structures. However, a careful analysis of Figure 5.4 reveals that INT is energetically and
structurally similar to TSnuc, and so the free-energy barrier to form INT; serves as a good predictor
of the nucleophilic attack barrier. The validity of this argument is proven in a later section, where
we show a Brensted—Evans—Polyani (BEP) relationship between the TSuuc activation barrier and
the reaction energy to form INTi. Thus, we plotted AGyt, versus AGmvpades. (Figure 5.5) to
identify the most promising candidates to study in more detail. Here, AGyyt, = G(INT1) - G(Ti'V—-
Sarin) — G(H20) and AGivra des. = G(TiV-OH) + G(IMPA) — G(Ti"V-IMPA). Note that after
identifying the most promising candidates below, the nucleophilic attack transition state (TSnuc) 1S
explicitly calculated in all following sections as part of the full hydrolysis mechanisms for the most

promising catalysts.
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Figure 5.5. Effect of transition-metal identity and oxidation state on the free-energy barrier to form INT1 and the
free-energy barrier to desorb the IMPA product from the active site of M—NU-1000 systems, where the optimal
metals are located closest to the origin. As a visual aid, we classify metals as “ideal” if they exhibit barriers lower
than 100 kJ/mol.

In Figure 5.5, the optimal metals are located closest to the origin, showing low barriers for
both nucleophilic attack and product desorption. As a visual aid, we classify metals as “ideal” here
if they exhibit barriers lower than 100 kJ/mol, although this choice is arbitrary. The dashed box
highlights Pd"V, Cu', Co', Fe''!, and Cu" as potentially good candidates, followed by W'V, Co!,,
and Pd". By removing the metal labels, which make it somewhat confusing to analyze the overall
trends, we observe a pseudo-Pareto front (see Figure D.4). In other words, there is a trade-off
between the energy barrier for nucleophilic attack and the product desorption energy such that no
metal has perfectly low barriers for both steps.

In Table 5.1, we list the larger of the two barriers (either AGyyt, or AGivmpa des.) in order of
increasing value to convey the magnitude of the key barriers for each M—NU-1000 system. The
table cells are shaded white and green if the larger free-energy barrier corresponds to AGyyr, and

AGimpAa,des., respectively. The values for both barriers from Figure 5.5 are listed in Table D.4. For

23 out of the 33 M-NU-1000 systems, the larger barrier is for desorption of the IMPA product
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from the active site. This suggests that product inhibition may be a more general problem for most

metals across the periodic table, regardless of the oxidation state, even though we consider IMPA

binding in a monodentate fashion.

Table 5.1. Key Barriers for M-NU-1000 Systems

Metal Larger Barrier” (kJ/mol)
pavv 61.7
Cu™ 72.6
Co™ 81.3
Fell 89.4
Cu" 98.8
w 108.4
Co" 109.6
pd! 109.8
Fe!! 113.3
wi 114.1
Au! 115.9
Zn"! 121.1
Ce!V 122.7
Nil! 124.1
Mn" 125.3
Scttt 125.4
Rh! 127.6
Ru' 129.3
TitV 132.2
Cr!! 132.5
Ru'Y 1333
Ir't 135.6
Yy 137.5
v 137.5
Crt! 138.3

vi 139.6
Mo!! 140.3
Zrv 142.3
MoV 143.2
Mn!Y 143.2
HfY 144.8
Ce'! 145.3

Pttt 160.4

“Larger barrier means the free-energy barrier to form INT: or the free-energy barrier to desorb the IMPA product,
whichever is larger. Cells shaded white and green signify that the value corresponds to AGyy, and AGnpA des.,
respectively.
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On the basis of the data in Figure 5.5 and Table 5.1, we decided to calculate the full
pathways for gas-phase sarin hydrolysis for 19 of the 36 initially considered M—NU-1000 systems
(PdY, Cu™, Co™™, Fe, Cul, WV, Col, Pd", Fel', W', Au'™, Zn™, Ce'V, Ni", Mn™, S¢'", Rh'™, Ru™™,
and Ti'V), representing a broad range of metals in different oxidation states. We decided to
calculate the entire mechanism (including transition states) for such a large number of candidates
because, as will be argued in the following sections, it is important to consider more than a single
step when screening across a wide variety of catalysts. In other words, we wanted to include any
potentially promising single-atom catalysts, even if they exhibited slightly large AGiyr, or
AG1mpa,des. barriers. The remaining 17 M—NU-1000 systems showed free-energy barriers ranging
from ~130 to 160 kJ/mol and can be safely excluded, as the large barriers make them nonideal
systems for this reaction.
5.3.4 Comparison of Full Pathways
With regard to the full mechanism for gas-phase sarin hydrolysis on a M—NU-1000 cluster, as
depicted in Scheme 5.2, there are four elementary steps that must be considered when assessing
the catalytic activity:

1. Nucleophilic attack, AG,. = G(TSnuc) — G(Reactant Complex)

2. Berry pseudorotation, AG§erry = G(TSgerry) — G(INT1)

3. HF elimination, AG. = G(TSei) — G(INT2)
4. IMPA desorption, AGivpa,des. = G(M—OH) + G(IMPA) — G(M-IMPA)
First, we analyze the free-energy barrier for each elementary step for the remaining 19 M—

NU-1000 systems. As mentioned in the Computational Details section, all possible spin states for

each system were considered. The structures, energies, and frequencies of the lowest-energy spin
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states were used to calculate the Gibbs free energies for each species in a mechanism at T =298.15

K. Note that, for application in personal protective equipment under realistic conditions, room
temperature is the relevant temperature. The SCF energies and enthalpies corresponding to the
most stable spin structures are given in Appendix D along with the SCF energies for higher-energy
spin states. The free-energy barriers for the four elementary steps in the reaction are plotted in
Figure D.5, and the values are listed in Table D.5.

The results indicate that the highest free-energy barriers along the reaction pathway vary
for the 19 catalyst candidates. For M = Co'!!, Cu', Pd'V, Ce'V, and W'V, the largest barrier is for
nucleophilic attack. For M = Sc™!, Ti'V, Mn!, Fe!', Fe'!, Co", Ni',, Cu", Zn", Ru'™, Rh!"!, Pd", W',
and Au'l, the largest barrier corresponds to IMPA desorption. Further, for M = Ti'V, Cu'", and
Fe'!l, the differences in free-energy barriers for nucleophilic attack and IMPA desorption are
relatively small (6.3, 7.9, and 9.0 kJ/mol, respectively). Although it is clear that nucleophilic attack
and IMPA desorption are the most influential elementary steps, it is impossible to state which
single-atom catalyst model is the most promising based on this data alone. If we were instead
considering only a small number of catalysts, where there was a single elementary step that
dominated the reaction kinetics for each metal, then we could employ the philosophy of a “rate-
determining step” (RDS)?%? to argue which catalyst is the most promising. Conversely, using the
concept of an RDS for our study would inherently ignore barriers that are only slightly lower in
energy than the largest barrier, resulting in misleading or erroneous predictions of the overall
catalyst activities. Thus, it is important to consider more than a single reaction step when screening
a large number of potential catalysts.?>! To illustrate this point, we discuss Pd"-NU-1000. Figure
D.5 and Table D.5 show that Pd" has the smallest RDS barrier (AGivpa.des. = 75.2 kJ/mol) and

might naively be predicted as the most promising catalyst for gas-phase sarin hydrolysis. However,
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once we incorporate the relative free energies of all intermediates and transition states in the

catalytic cycle into our kinetic analysis, we show that the opposite is true — surprisingly, Pd"-NU-
1000 is one of the worst catalysts out of the transition metals we examined.

Before moving on to address this issue, we also calculated the full pathway for gas-phase
sarin hydrolysis on bare, unfunctionalized NU-1000 for comparison. To compute the reaction on
unfunctionalized NU-1000 (hereafter referred to simply as NU-1000), we modeled the bottom four
linkers as formate groups and used benzoate groups for the four linkers located around the active
site. The bottom formate groups are located far away from the active site and do not directly
interact with the reactants, and so this simplification should have a negligible effect on the reaction
occurring on the opposite node face. However, in contrast to the functionalized M—NU-1000
systems, we considered it important to treat the linkers around the active site as benzoate groups
because the linkers are in closer proximity to the reactants for the reaction on NU-1000.!%8:207.221
We modeled a “partially dehydrated” node of NU-1000 ([Zrs(u3-O)a(u3-OH)s(OH)4(OH,)3]%*-
(CeHsCOOM4(HCOO )4, Figure D.1b), in which one terminal H>O moiety has desorbed,
generating an open metal site. This node topology, confirmed by experimental infrared
spectroscopy and DFT in a prior work,!”> is essential for the catalysis to occur and is commonly
used for mechanistic studies.’”!** We note that the cleavage of a Zr—OH> bond requires
approximately 84 kJ/mol in free energy. We calculated the general base hydrolysis mechanism for
NU-1000, in which sarin and IMPA bind to Zr in a monodentate fashion, for the most direct
comparison to the 19 M—NU-1000 systems. An illustration of the proposed catalytic cycle for gas-
phase sarin hydrolysis on NU-1000 is given in Figure D.6. Note that the energetics for a bidentate

binding mode on NU-1000 is more unfavorable (see Figure D.7).
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Figure 5.6. Comparison of the reaction free-energy profiles for gas-phase sarin hydrolysis catalyzed by single-
atom M-NU-1000 systems as well as unfunctionalized NU-1000. The labels /; and 7; correspond to the
terminology used in the energetic span model for intermediates and transition states, respectively.

A comparison of the reaction free-energy profiles for NU-1000 and the 19 M—NU-1000
systems is shown in Figure 5.6. The individual free-energy profiles for each catalyst model are
provided in Figure D.8. The most striking difference between the supported catalysts and NU-
1000 is that the energy profile for the latter lies lower than all supported metals for nearly every
species along the mechanism. This can be attributed to the strong Lewis acidity of the Zr'Y active
site in NU-1000, which results in strong binding of all reactive intermediates. More importantly,
we observe that all 19 of the single-atom catalysts display lower product desorption energies than
NU-1000. This is true regardless of whether the IMPA product binds to NU-1000 in a monodentate
or bidentate fashion, where the product desorption energy is AGmpa,des. = 151.7 and 168.4 kJ/mol
for monodentate and bidentate modes, respectively (Figure D.7). This agrees with Troya’s

previous results®’” showing stronger binding energies for bidentate hydrolysis products. This is an
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encouraging result, considering one primary aim of this study was to explore materials that can

overcome the product inhibition previously observed during the gas-phase hydrolysis of nerve
agents on Zrs nodes. We now integrate the relative free energies of all intermediates and transition
states into our kinetic analysis for a more detailed comparison of all 20 catalysts.

5.3.5 Relative TOFs

The TOF of a catalytic reaction measures the number of cycles completed per active site per unit
time, which is a useful quantification of the catalyst efficiency.?%> The ESM developed by Kozuch
and Shaik?%*2% translates the energy profile derived from electronic structure calculations to the
TOF obtained in experiments. A fundamental consequence of the ESM is that the kinetics of a
catalytic cycle is determined by the relative free energies of all transition states and intermediates
in the mechanism, instead of being controlled by a single reaction step. Using a DFT-calculated
free-energy profile, the TOF may be computed as

r ew(-20)-1
TOF =X RT) (5.2)
h N (T] Ik 6G j,k>
Lj=rk=0 ¥P\ " —gr

AG, if T; follows I,

06k = {O if T; precedes Iy, -

where kg is the Boltzmann’s constant, 7 is the temperature, 4 is the Planck’s constant, R is the ideal
gas constant, AG; is the overall reaction free energy, N is the number of steps in the cycle, 7; is the
free energy of transition state j (j = 1, 2, ...), and I is the free energy of intermediate k (k= 0, 1,
...). The largest 0G = (T; — Ir — 0G';x) is defined as the energetic span of the cycle, and the
corresponding combination of states (j and k) are defined as the TOF-determining transition state

(TDTS) and TOF-determining intermediate (TDI), respectively. Fundamentally, a smaller
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energetic span results in a higher TOF and faster catalysis. In eq 5.2, the numerator is independent

of the catalyst, whereas the denominator strongly depends on the catalyst properties.

Given the inherent uncertainty in DFT,!3¢ it is difficult to obtain reaction rate constants for
direct comparison to experiments. For example, a small inaccuracy in the calculation of the
energetic span results in an exponential error in the TOF calculation, and so it is challenging to
predict quantitatively accurate absolute TOFs through DFT.?** However, because of error
compensation, relative TOF values can be useful for quantitatively comparing catalyst efficiencies.
An additional reason to focus on relative TOFs is that the application of the ESM to compute TOFs
relies on the assumption of ideal conditions without side reactions.?!2®> Whereas the development
of a microkinetic model would be a more rigorous method to obtain TOFs, performing such an
analysis would be computationally expensive for such a large-scale catalyst screening. Further, we
note that eq 5.2 is generalized such that the concentrations or pressures of all reactant and product
species are assumed to be 1 molar or 1 bar, which may not represent realistic battlefield conditions.
Because these concentration effects would likely be consistent across all catalysts, our main focus
in this section is on the relative performance of each catalyst. Thus, the discussion below is
centered on the calculation of relative TOFs.

We used the procedures established by Ye et al.,?>!

reproduced here for clarity, to apply eq
5.2 to calculate TOFs for all 20 catalysts. There are no corresponding transition states associated
with the adsorption and desorption reaction steps throughout the mechanism. Thus, if no transition
state is shown between two connecting intermediates in the free-energy profiles, then the free

energy of that “missing” transition state is set equal to the energy of the higher of the two

surrounding intermediates. Also, if a transition-state free energy is lower than the energy of either
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of the intermediates it connects, then its energy is raised to that of the higher of the two surrounding

intermediates.

Table 5.2. Calculated Relative TOFs for Gas-Phase Sarin Hydrolysis at 298.15 K and 1 atm

System Relative TOF“ TDTS, TDI
Cu'! 1.00 Ta, Is
Fe 2.66 x 107! T3, Is
w 1.65 x 107! T3, Is
Ni! 9.26 x 1072 T3, Is
ScMt 2.04 x 1072 T3, Is
Ay 9.66 x 1073 T3, Is
TiV 8.88 x 1073 T3, Is
Fe' 7.55 x 1073 Ts, Is
Co™! 5.90 x 1073 T3, Is
wh 1.60 x 1073 T3, Is
Co™! 1.39 x 1073 Ta, Is
Rh™ 1.34 x 1073 Ts, Is

NU-1000 8.48 x 107 Ta, Is
Mn" 8.06 x 107 T3, Is
Zn" 5.95 x 10 T3, Is
Pd" 4.16 x 10™* T3, Is
Ce' 234 x 107 Ta, Is
Ru™ 1.68 x 107 Ta, Is
Cul! 3.63 x 10°° T3, Is
Pd"V 2.20 x 10712 T3, Is

“All values are relative to 2.03 X 107 s,

The relative TOFs for NU-1000 and the 19 M—NU-1000 systems are listed in Table 5.2,
where all values are relative to the largest calculated [TOF| (2.03 x 10 s™! for Cu-NU-1000).
The highest relative TOFs are calculated to be 1.00, 0.266, 0.165, 0.0926, and 0.0204 for Cu'"!,
Fe', WV, Nill, and Sc', respectively. After an exhaustive analysis, we could not find a single,
definitive explanation for the observed activity across the series of metals, a similar conclusion

drawn in related studies.?*?

Rather, there is most likely a complex relationship between slight
changes in the electronic structure, coordination geometry, and so forth that affects the catalyst

efficiencies. Nonetheless, NU-1000 has a relative TOF of 8.48 x 107%, which means that this
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method predicts Cu'-NU-1000 to be over 1000 times more active than NU-1000 for gas-phase

sarin hydrolysis. Moreover, we observe that 12 of the single-atom transition metal catalysts are
predicted to be faster than NU-1000 for this reaction. This is most likely due to the lower product
desorption energies calculated for the single-metal systems, as discussed in the previous section.
Also, it is interesting to note that Pd" exhibited a relative TOF of 4.16 X 107%, which is remarkably
small, considering it showed the smallest RDS barrier (see Figure D.5 and Table D.5). This serves
as a caution against using the RDS philosophy as the sole predictor of catalyst activity and enforces
the notion that it is vital to incorporate the relative free energies of all intermediates and transition
states into a proper kinetic analysis. We also found that the species that dominate the calculated
TOFs (the TDTS and TDI) vary across the 20 catalyst systems, as seen in Table 5.2. In various
combinations, states T3, Ts, Is, and I¢ (TSBerry, TSeli, Product Complex, and M-IMPA + HF,
respectively) are predicted to be the most influential states on the catalytic efficiencies.

For an idea of how sensitive the absolute TOFs are to changes in energy, we mention that
a 15 kJ/mol error in the free-energy value of the TDI for Cu™-NU-1000 (which is a realistic
uncertainty estimate for reaction free energies in transition-metal systems using DFT?*!") changes
its absolute TOF by a factor of 213 (see Figure D.9). Although we noted that accurate absolute
TOFs are currently unattainable through DFT calculations, we must emphasize that our predicted
absolute TOFs are extremely small for these gas-phase reactions. For context, the experimental
TOF is 1.3 x 1072 s7! for the hydrolysis of a related nerve agent, soman, by NU-1000 using a N-
ethylmorpholine buffered solution.! Recent experiments were conducted to evaluate the gas-phase
decontamination efficiency of three Zr-MOFs, including NU-1000, toward the nerve agents soman
and VX under ambient conditions and showed considerably slower hydrolysis rates compared to

rates in basic buffer solutions,’® in agreement with our computational results. Thus, even though
g p g
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we successfully identified multiple single-atom catalysts that have higher TOFs than NU-1000,

the gas-phase hydrolysis of sarin is still quite slow (under the current modeling framework). One
reason for the small absolute TOFs is that the overall reaction (Scheme 5.1) is thermodynamically
unfavorable in the gas phase (AG: = 31.9 kJ/mol). Nonetheless, our calculations predict that
deposition of single-atom transition metal catalysts may be a viable strategy for improving gas-
phase nerve agent hydrolysis by Zrs MOFs. The ranking of single-atom catalysts in Table 5.2 can
also be used to suggest which metals should be tested first in future experiments. Once these
experiments are performed, we will be able to gauge the accuracy of our computational predictions
of the relative TOFs and refine our kinetic analysis, if necessary. However, it is a difficult
experimental challenge to quantify the kinetics of gas-phase decontamination. To the best of our
knowledge, only one such method has been reported. Wang et al.’® used a digestion method to
release unreacted nerve agents and tightly bound hydrolysis products from Zr-MOF catalysts to
measure gas-phase reaction conversion profiles. Similar methods, in addition to accurate
measurements of concentrations of catalyst active sites and adsorbed water under humid
conditions, would be required to assess the reactivity of our proposed NU-1000-supported single-
atom catalysts for gas-phase sarin hydrolysis.

As mentioned in the Computational Details section, we considered metals that have
previously been deposited using AIM or SIM as well as novel metal/oxidation state combinations
to guide future experiments and to explore periodic trends. However, from an experimental point
of view, it is important to note that several metal oxidation states that we considered in this study
may be challenging to stabilize. For example, it is possible that the W'V single-atom catalyst would
oxidize to WV during the deposition process, similar to observations made when depositing a V'V

precursor on NU-1000 nodes.?*! This oxidation process would likely affect the resulting catalyst
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activity and is thus an important consideration when selecting which metals to test in future

experiments. Also, for realistic application under humid atmospheric conditions, it is essential for
the node-supported metals to be relatively water-stable. This being said, several metals that were
predicted to have higher TOFs than NU-1000 have previously been deposited on NU-1000 nodes
and were found stable under neutral to basic conditions, including Ti!V,26¢ Felll 266267 Cqll 255,266
and Ni''2°3257:266 (]isted in order of decreasing stability).

In terms of methods to potentially improve these TOFs, we note that increases in
temperature would only modestly improve the catalytic efficiency of these systems. For example,
the |TOF]| is predicted as 3.79 x 1078 s7! at 318.15 K for Cu'-NU-1000 (Table D.6 and Figure
D.10). Much higher temperatures may lead to distortion and/or degradation of the active sites.
Also, in our current study, we only considered one explicit water molecule that acts as the
nucleophile. The inclusion of multiple explicit water molecules near the active site, mimicking the

56,268

reservoir of adsorbed water molecules found in MOF pores under humid conditions, may

facilitate product desorption,?®’

stabilize the reaction energetics through H-bonding interactions,
and/or enable alternative lower-energy pathways through proton-shuttling networks. It is unclear
exactly how much the presence of atmospheric water would increase the TOFs, but we are
currently investigating this matter in more detail. Recent gas-phase experiments performed under
varying relative humidity conditions showed that large amounts of moisture present in Zr-MOFs
can result in a moderate to significant enhancement of nerve agent hydrolysis rates.>® Further
improvements to the TOF could also come from base heterogenization, as was recently studied

using a Zrs MOF/amino-functionalized dendrimer or polymer mixture for the hydrolysis of a nerve

agent simulant.>
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5.3.6 Catalytic Descriptor Relationships

Last, we discuss the calculation of catalytic descriptor relationships to estimate transition-state
barriers for the final 19 M-NU-1000 systems. As mentioned, the calculation of transition states
can be relatively expensive for larger systems. Identifying relationships to accurately predict
transition-state free-energy barriers can facilitate DFT screening studies such as ours, especially
in the early stages of selecting which catalysts to explore. More importantly, these relationships
can help visualize trends in catalytic activity and can provide valuable insight when screening
across diverse metals in varying oxidation states.

Linear BEP relationships can be used to estimate activation barriers based on the
calculation of the reaction energy.?’%?’! Figure 5.7a shows a plot of the activation free energy,
AGflfuC = G(TSnuc) — G(Reactant Complex), as a function of the reaction free energy, AGnuc =
G(INT:) — G(Reactant Complex), for nucleophilic attack. The transition-state barrier was found
to vary linearly with the free energy of reaction for nucleophilic attack for the 19 M—NU-1000

systems. A linear fit gives the BEP-type relationship

AGE . = 0.75AGr e + 21.02 kJ/mol
with R? = 0.86. Pd'V-NU-1000 is an outlier that deviates from the overall trend; excluding Pd"Y

leads to a linear fit for the other 18 systems of

AG} . = 0.83AGi e + 15.57 kI/mol
with R? = 0.96. However, since we showed that the concept of a RDS is inadequate for our
screening purposes where multiple elementary steps have similar energetic barriers, accurately
predicting one activation barrier using this BEP-type relationship will not necessarily result in an
accurate depiction of the overall catalyst efficiency for various metals. Nonetheless, one important

conclusion from this BEP-type relationship is that our initial decision to use the reaction energy to
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form INT; as a predictor for the TSnuc activation barrier to narrow down the 36 M-NU-1000

candidates was a reasonable choice.
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Figure 5.7. Calculated activation free energy (AGnuc) for nucleophilic attack as a function of (a) the reaction free
energy (AGrnue) for nucleophilic attack, (b) the calculated NBO population of the d orbitals of the base catalyst
(M—OH) metal atom, and (c) the calculated NBO charge of the base catalyst (M—OH) metal atom for 19 M—
NU-1000 systems. The dashed lines represent linear regression relationships.
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To explore possible electronic properties that are related to the catalytic activity, we also
compared the activation free energy for nucleophilic attack to various molecular descriptors. All

molecular orbital parameters were calculated with the natural bond orbital (NBO) method!!"® in

Gaussian 09. Figure 5.7b shows a plot of AGﬁuc as a function of the calculated NBO population of
the d orbitals of the base catalyst (M—OH) metal atom for the 19 M—NU-1000 systems. A linear

fit gives a coefficient of determination of R?> = 0.58, where the TSnuc free-energy barrier decreases

with increasing electron population in the d orbitals. Figure 5.7c shows a plot of AGIfuC as a
function of the calculated NBO charge of the base catalyst (M—OH) metal atom. A linear fit gives
R?=0.68, where the TSnu free-energy barrier increases with increasing charge on the single metal.
We also explored other possible molecular descriptors such as bond lengths, the sarin binding
energy, the NBO charge on P in the M—Sarin species, and the P=O bond order in the M—Sarin
species but found negligible correlations between these parameters and the nucleophilic attack
barriers. Together, the plots in Figure 5.7b,c show that metals with nearly full d orbitals (~8-9
electrons) and lower atomic charges correlate with lower free-energy barriers for nucleophilic
attack. Because of the relatively low R? values, the activation free energies computed using these
molecular descriptors would have low accuracy. Still, the linear relationships are useful for
exploring periodic trends for nucleophilic attack on sarin by M—NU-1000 systems. Although it
would be more desirable to derive relationships between descriptors and the catalyst TOFs or
energetic spans, we note that such correlations are difficult to obtain because these hydrolysis
mechanisms are complex and consist of different TOF-determining species (the TDTS and TDI)
across the metals studied; catalytic descriptor relationships for a single elementary step are more

closely connected to the fundamental chemistry.
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54 Conclusions

In this work, we utilized DFT to perform a comprehensive screening of single-atom transition-
metal catalysts deposited on NU-1000 nodes for the gas-phase hydrolysis of sarin. To enhance
MOF-catalyzed nerve agent hydrolysis, previous approaches have focused on either incorporating
defect sites or synthesizing MOFs with different metal nodes and/or functionalized ligands.?’? This
study represents one of the first reports to specifically consider single-atom catalysts for this
application. The reason for exploring single-atom systems was to force the products to bind to the
active site in a monodentate fashion, thereby avoiding unfavorable bidentate binding which
possibly led to product inhibition in previous studies of gas-phase degradation of nerve agents on
Zrs nodes. A similar concept was reported in a very recent study in which the monomerization of
a Zr-substituted polyoxometalate resulted in the isolation of a single-site Zr that was predicted to
be active for the hydrolysis of the nerve agent simulant dimethyl chlorophosphate, leading to a
monodentate-bound phosphate product.?’?

Initially, we considered 36 M—NU-1000 systems with metals in +2, +3, and +4 oxidation
states. We first analyzed the binding energies of sarin, water, and hydrolysis product IMPA to the
metals to evaluate periodic trends. Thirty two out of the 36 systems showed preferential adsorption
for sarin over water, which is ideal for realistic applications where competitive adsorption with
water would be relevant in a humid atmosphere. M!V-NU-1000 systems exhibited the strongest
binding energies for sarin, whereas M'-NU-1000 systems showed the strongest binding of IMPA.
We then calculated the full catalytic cycle, using Ti'Y-NU-1000 as an example. To identify the
most promising candidates to study in more detail, we then substituted Ti'V with the other metals
and plotted the free-energy barrier to form INT; versus the free-energy barrier to desorb the IMPA

product from the active site. This plot showed a tradeoff between the energy barrier for



159
nucleophilic attack and the product desorption energy such that no metal has perfectly low barriers

for both steps. On the basis of this data, we chose the best 19 M-NU-1000 systems (Pd'V, Cu'"!,
Co'™, Fe, Cul, W1V, Co, Pd™, Fell, Wi, Au'™, Zn", Ce!V, Ni, Mn", Sc', Rh™, Ru™, and Ti'V)
and calculated the full pathways for gas-phase sarin hydrolysis and compared them to bare,
unfunctionalized NU-1000. We observed that all 19 of the single-atom catalysts display lower
product desorption energies than NU-1000, suggesting that they would experience less product
inhibition than the parent MOF. The proposed catalytic cycle consists of four elementary steps:
nucleophilic attack, Berry pseudorotation, HF elimination, and IMPA desorption. Our results
indicate that the highest free-energy barriers, or “rate-determining steps”, vary across the 20
catalysts, proving that it is important to consider more than a single reaction step when screening
a large number of catalysts. Thus, we incorporated the relative free energies of all intermediates
and transition states into our kinetic analysis and used the energetic span model to calculate relative
TOFs to determine the efficiency of each catalyst. The highest relative TOFs were calculated to
be 1.00, 0.266, 0.165, 0.0926, and 0.0204 for Cu', Fe'!, WV, Ni", and Sc', respectively. NU-
1000 has a relative TOF of 8.48 x 104, which means Cu'"-NU-1000 is predicted to be over 1000
times more active than NU-1000 for gas-phase sarin hydrolysis. Although we found that 12 of the
single-atom transition-metal catalysts are predicted to be faster than NU-1000, we note that our
calculated absolute TOFs are very small, partially due to the unfavorable thermodynamics of the
overall reaction in the gas phase. We are currently investigating whether the inclusion of multiple
explicit water molecules near the active site, simulating ambient moisture, can facilitate product
desorption, stabilize the reaction energetics through H-bonding interactions, and/or enable
alternative lower-energy pathways through proton-shuttling networks. Finally, we calculated

catalytic descriptor relationships for the final 19 M-NU-1000 systems. We derived a BEP-type
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relationship, where the activation free-energy barrier was found to vary linearly with the reaction

free energy for nucleophilic attack. Also, we computed various molecular descriptors for the base
catalysts and showed that metals with nearly full d orbitals and lower atomic charges correlate
with lower free-energy barriers for nucleophilic attack on sarin.

Overall, our calculations predict that deposition of single-atom transition-metal catalysts
may be a viable strategy for improving gas-phase nerve agent hydrolysis rates by Zr-based MOFs.
Our results establish design principles for enhancing the gas-phase decontamination of CWAs that
can be used to guide future experiments. Previous studies of MOFs for nerve agent degradation
have almost entirely focused on Zr(IV) frameworks. Going forward, the exploration of non-Zr-
based active sites for these reactions?® could have an important influence in the field of CWA
detoxification. Ultimately, an exhaustive investigation into the solid-state catalytic activity of

MOFs toward nerve agents in the gas phase, under varying humidity levels>®!

and in the presence
of atmospheric contaminants, is warranted before MOFs may be applied in personal protective

equipment such as gas-mask filters.
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Chapter 6: Conclusions and Future Directions

6.1 Summary

Due to the high toxicity of CWAs such as nerve agents, simulants are often used in experiments
as substitutes for the agents. However, there is little reason to believe that the current simulants
used in the literature are optimal predictors of nerve agent reactivity. Thus, in Chapter 2, we
performed DFT calculations on the alkaline hydrolysis of over 100 organophosphate molecules to
identify improved simulants for the G-series nerve agents soman and sarin, based on low toxicity
and similarity to nerve agent hydrolysis energetics and degradation mechanism. This screening
highlighted 5 molecules that have nearly identical reaction barriers to the actual agents, while being
far less toxic. We also derived QSAR models to determine the most significant molecular
descriptors for describing the hydrolysis free energy barriers of these reactions. The optimal QSAR
model was subjected to a thorough statistical analysis and validation procedure to confirm its
predictive capacity, showing excellent quantitative and ranking accuracy. It was further shown that
the model trained on G-series agents can reliably predict energetics for other organophosphate
classes as well, including VX. Through these computational insights, experimentalists may be
aided in accurately and safely studying these reactions with less toxic simulants.

In Chapter 3, we performed DFT calculations to explore the catalytic hydrolysis of the
nerve agent simulant DMNP on the Zr-based MOF NU-1000. The energy barriers computed in
this study are in quantitative agreement with previous experimental kinetics data on the same
reaction system. A comparison between uncatalyzed aqueous hydrolysis and the MOF-catalyzed
reaction revealed the origin of the catalytic effects of NU-1000, where a node Zr atom activates

the phosphate center to facilitate nucleophilic attack and a node hydroxyl group stabilizes the
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negative charges building up on the leaving group oxygen of DMNP to facilitate the cleavage of

its P-O bond, which resembles enzymatic catalysis of similar reactions. The effects of
temperature-induced node dehydration and distortion on the catalytic efficiency were also
examined, and the results are consistent with experimental findings, where the distorted node of
NU-1000 shows an increase in the rate of DMNP hydrolysis compared to the completely hydrated
regular form of NU-1000.

As described throughout this dissertation, MOFs built from hexanuclear M(IV) oxide
cluster nodes are effective catalysts for nerve agent hydrolysis, where the properties of the active
sites on the nodes can strongly influence the reaction energetics. Importantly, the connectivity and
metal identity of these Mg nodes can be easily tuned, offering extensive opportunities for
computational screening to predict promising new materials. Thus, in Chapter 4, we used DFT to
examine the effects of node topology, connectivity, and metal identity on the binding energies of
multiple nerve agents and their corresponding hydrolysis products. By computing an optimization
metric based on the relative binding strengths of key hydrolysis reaction species (water, agent, and
bidentate-bound products), we predicted optimal Mg nodes for hydrolyzing specific nerve agent
and simulant molecules, where our results are in qualitative agreement with observed experimental
trends. This analysis highlighted the notion that no single metal or node topology is optimal for all
possible organophosphates, suggesting that MOFs should be selected based on the agent of
interest. Using the large amount of data generated from our DFT calculations, we then derived
QSAR models to help explain the complex trends observed in the binding energies. Through linear
regression, we identified the most important descriptors for describing the binding of nerve agents
and their hydrolysis products to Ms nodes. These results suggested that both molecular and node

properties, including both structural and chemical features, collectively contribute to the binding
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energetics. By performing a thorough statistical analysis, we showed that our QSAR models are

capable of making quantitatively accurate binding energy predictions for nerve agents and their
hydrolysis products in a wide variety of M(IV)-MOFs. The insights gained in this study can be
used to guide future experiments for the synthesis of MOFs with enhanced catalytic activity for
organophosphate hydrolysis.

Some recent studies have suggested that the gas-phase hydrolysis of nerve agents by Zr-
based MOFs may be limited by product inhibition resulting from strong bidentate binding of the
hydrolysis products to the Zrs nodes. A potential method to avoid this problem is to deposit single-
atom catalysts on the nodes so that the products bind in a more favorable monodentate fashion.
Such catalytic active sites can be characterized with atomic precision, enabling detailed
computational mechanistic studies. Thus, in Chapter 5, we used DFT to perform a comprehensive
screening of single-atom transition-metal catalysts, in varying oxidation states, deposited on NU-
1000 nodes for the gas-phase hydrolysis of the nerve agent sarin. By calculating the complete
reaction pathways for M—NU-1000 systems, we discovered that the highest reaction barrier varies
between catalysts, highlighting the need to consider more than a single reaction step when
screening a large number of diverse materials. Importantly, the single-metal catalysts are predicted
to exhibit lower product desorption energies than unfunctionalized NU-1000. By comparing their
relative turnover frequencies using the energetic span model, we identified several catalysts that
are predicted to be more active than the parent MOF for this reaction. Finally, we explored periodic
trends and molecular descriptors for their effect on catalytic activity.

Overall, this dissertation establishes design principles that can be used to guide future
experimental testing for the optimization of MOF catalysts for CWA detoxification. As computers

grow more powerful and molecular modeling techniques are refined for better accuracy and
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efficiency, computational studies will continue to play a vital role in this rapidly growing research

area. From providing valuable mechanistic insights into experimental observations to screening
candidate materials with potentially better performance for the degradation of nerve agents,
computational modeling has great potential to accelerate scientific advancement in the field of
MOF-catalyzed nerve agent hydrolysis.

To further advance the findings of this dissertation, we suggest the research directions
detailed below.
6.2  Recommendations for Future Research
In Chapter 5, we sought to improve MOF-based catalysts for gas-phase nerve agent hydrolysis by
depositing single-atom transition-metal catalysts on the nodes of NU-1000, with the goal of forcing
hydrolysis products to weakly bind to the active sites in a monodentate fashion, thus facilitating
catalyst regeneration. Since the DFT calculations in that study were performed in the gas phase
(i.e., with no solvation model), we considered one explicit water molecule (that would be present
in a humid environment) near the single-atom active sites acting as the nucleophile. However, in
a realistic battlefield environment, the amount of moisture present in the air would likely be much
higher. Further, recent studies have shown that Zr-MOFs are capable of considerable water
adsorption under ambient conditions. Using this observation, preliminary solid-phase experiments
have shown that the water present inside MOF pores under varying relative humidity conditions
is sufficient for catalytic nerve agent hydrolysis to occur, thereby circumventing the need for liquid
water.>%%° Since these results were reported less than a year ago, there is still much to be explored
concerning the exact mechanism behind the observed enhancement of gas-phase hydrolysis rates
with large amounts of moisture. This presents a great opportunity to study the effects of increased

humidity on the reaction mechanism through DFT calculations. As a continuation of our work in
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Chapter 5, we suggest the exploration of gas-phase sarin hydrolysis catalyzed by single-atom

catalysts supported on the nodes of NU-1000, in addition to various amino-functionalized systems
as described below. For cluster-model DFT calculations, the inclusion of multiple explicit water
molecules near the active site, mimicking the reservoir of adsorbed water molecules found in Zr-
MOF pores under ambient conditions, may facilitate product desorption, stabilize the computed
reaction energetics through hydrogen-bonding interactions, and/or enable alternative lower-energy
pathways through proton-shuttling networks. Depending on the humidity level chosen for study,
it may also be worthwhile to perform periodic DFT calculations to fully capture the effects of large
amounts of water present in the pores.

Additionally, amino-functionalized linkers have been previously used in experiments to
enhance the rate of nerve agent hydrolysis in basic buffered solutions, where higher pKas of the
amine functionalities (i.e., higher basicity) are predicted to enable faster hydrolysis.?!»>16° This
rate enhancement has also been observed with the use of heterogenized bases (e.g., amine-based

55,274

dendrimers and polymers) to catalyze organophosphate hydrolysis in pure water and under

ambient humidity conditions.®® To date, there has been limited computational analysis of the

SLI% which did not consist of a full

effects of amino groups on solution-phase hydrolysis,
mechanistic study and kinetic analysis. Thus, we recommend further exploration of this topic,
especially in the context of gas-phase nerve agent hydrolysis. To do so, we suggest performing
cluster-model DFT calculations using different amino-functionalized linkers on NU-1000 (or other
Zr-MOFs), with varying pKas, to act as Brensted bases to aid the proton-transfer process during
the degradation mechanism, again modeling multiple explicit water molecules near the active site.

Periodic calculations could also be used to model larger amine-based dendrimers or polymeric

bases in the MOF pores, although this would present many computational challenges.
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Combining the hypotheses detailed above, we recommend exploring the synergistic effects

of ambient moisture and amino-functionalized linkers, to aid proton-transfer and lower
nucleophilic attack barriers, together with node-supported single-atom catalysts to facilitate
product desorption. Together, these effects have the potential to significantly accelerate gas-phase
nerve agent hydrolysis, with the ultimate goal of achieving sufficiently fast kinetics for practical
application in personal protective equipment such as gas masks and protective suits. By using DFT
to map out the complete catalytic pathways for the systems listed above and comparing their
relative degradation kinetics to those obtained with unfunctionalized Zr-MOFs, some very
promising catalysts could be discovered that warrant experimental testing. In general, future
computational mechanistic studies should be performed in the gas phase in the presence of
moisture, heterogenized base, and atmospheric contaminants to better compare with experiments
as the field of MOF-based CWA detoxification moves forward into conducting studies under

realistic operating conditions.
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Appendix A: Supporting Information for Chapter 2

This appendix is a modified version of the Supporting Information for the manuscript in Chapter

2 (Chem. Eur. J. 2019, 25, 9217-9229).

A.1  Density Functional Sensitivity

Table A.1. Free energy barriers for the first transition state (AGrsi1) in the alkaline hydrolysis reaction of sarin,
obtained at T =298.15 K and P = 1 atm.

Single point energy//geometry AGrsi (kJ/mol)
B3LYP/6-311++G**//B3LYP/6-311++G** 56.16
B3LYP-D3(BJ)/6-311++G**//B3LYP/6-311++G** 44.32
MP2/6-311++G**//B3LYP/6-311++G** 46.17
HF/6-31+G**//HF/6-31+G** 79.01
MO06-2X/6-311++G**//M06-2X/6-311++G** 29.20
CBS-QB3 50.54
Experiment® 65.53

(a) Experimental data obtained from Larsson, L. Acta. Chem. Scand. 1957, 11, 1131-1142.

Comparing the free energy barriers using different levels of theory in Table A.1, we see that
B3LYP corresponds to the best agreement with experiment. The B3LYP method also performs
similar to the high-level CBS-QB3 method, which further inspires confidence in using B3LYP to
study uncatalyzed organophosphate hydrolysis reactions. Thus, this method was used to screen for
improved nerve agent simulants in our study.
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A.2  Comparison to Experimental Results

Next, we calculated the free energy barriers for several other molecules for which experimental
data was available. This was done to put our screening results into perspective and to obtain a
rough estimate of expected deviations from experiment.

Table A.2. Free energy barriers for the first transition state (AGrs1) in the alkaline hydrolysis reaction of several
organophosphate molecules, obtained at T =298.15 K and P = 1 atm. All energies are in kJ/mol.

Molecule B3LYP | Expt.? | Deviation | Rank B3LYP | Rank Expt.
isoPropoxy-methyl-phosphoryl fluoride (Sarin) 56.16 | 65.53 -9.38 3 3
Methoxy-methyl-phosphoryl fluoride 51.18 61.4 -10.23 6 7
Ethoxy-methyl-phosphoryl fluoride 52.05 | 63.09 -11.05 5 6
n-Propoxy-methyl-phosphoryl fluoride 52.76 | 63.49 -10.73 4 5
3,3-Dimethylbutoxy-methyl-phosphoryl fluoride | 49.08 | 63.95 -14.87 7 4
isoPropoxy-ethyl-phosphoryl fluoride 56.61 67.24 -10.63 2 2
isoPropoxy-isopropyl-phosphoryl fluoride 60.12 | 70.94 -10.82 1 1

(a) Experimental data obtained from Larsson, L. Acta. Chem. Scand. 1957, 11, 1131-1142.

Comparing the B3LYP free energy barriers to those from experiment in Table A.2, the average
deviation is -11.10 £+ 1.62 kJ/mol, with the calculated barriers lower than experiment in all cases.
Comparing the ordering of the molecules, the Spearman’s rank correlation coefficient is 0.79.



A.3  DFT Screening Results

Table A.3. Organophosphate molecules analyzed in this study.
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Molecule b e AGTSl Rat Oral LD50 lOglo
4o Database ID Structure (kJ/mol)? (mol/kg)*
0]
Il
1 CAS RN: 13213-38-2 \/ IID\ 39.20 2.408
Cl
CHj3
(0]
Il
2 CAS RN: 1112-37-4 \/ P\Cl 42.30 2.688
(0]
Il
3 CAS RN: 756-78-5 \/ P\ r 45.36 2.38¢
0
4 CAS RN: 762-04-9 PN /IID\ N 47.06 1.55h
(0] O
H
0]
Il
5 CAS RN: 1066-52-0 D ||3\ 48.57 2.45¢
0] Cl
CHj3
Il
6 “Hypothetical” o }I:\CI 48.83 2.808
(0]
7 CAS RN: 14235-74-6 g 48.86 2.638
o7 >cl
CH3
I
8 CAS RN: 660-21-9 ></\o/ Pap | 4008 5.05¢
CHjz
O
9 “Hypothetical” |F[ 50.47 3.268
o” | >al
(0]
[l
10 CAS RN: 5284-09-3 /\ _ |I3\ 50.73 2.93¢
(0] Cl
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(@)
Il
11 CAS RN: 5284-10-6 /\O/ P\CI 51.12 3.44¢
O
|
12 CAS RN: 353-88-8 \O/ IID\ 51.18 2.13¢
F
CHg
(0]
Il
13 CAS RN: 18359-05-2 o~ 'I:’\ ol 51.22 3.23¢
CH,4
o)
[
14 “Hypothetical” o T\ o 51.45 3.47¢
/W/\ i
@)
|
15 CAS RN: 673-97-2 /\O P li’\ 52.05 2.19¢
F
CHg
O
Il
16 CAS RN: 665-03-2 \O - PQF 52.10 2.46¢
NO,
[¢]
17 CAS RN: 7531-39-7 I /©/ 52.33 4.84¢8
\/Qo
(@)
Il
18 CAS RN: 1445-76-7 o T\CI 52.40 2.80¢
CHg
)
Il
19 CAS RN: 21502-57-8 \O/ P\CI 52.41 2.83¢
o]
20 CAS RN: 133826-40-1 @\ Il 5251 2.50¢
o7 I>F
CH,
s
21 “Hypothetical” P 52.67 3.11#
o7 >al




189

(0]
g
22 CAS RN: 763-14-4 52.76 2.27¢
CHj3
(0]
Il
23 CAS RN: 2053-81-8 O/ I|3\ - 53.47 3.55¢
CHj3
0
24 CAS RN: 66348-71-8 P 55.06 3.99¢
1N
O" | °F
CHa
(0]
ll
P RS
25 CAS RN: 358-74-7 /\O (|) F 55.58 4.01¢
(0]
Il
26 CAS RN: 28829-95-0 s P\ 55.72 3.73¢
@) l\CI
(0]
I
27 CAS RN: 107-44-8 - P\ 56.16 5.410
O" | °F
CHs
O
Il
28 CAS RN: 5954-50-7 \O/ llj\ " 56.21 2.268
(e}
N
(0]
I
29 CAS RN: 1189-87-3 e P\ 56.61 4.11¢
@) F
O
I:I’
o7 I>F
30 CAS RN: 563-22-4 OJ\ 57.11 3.74¢
(0]
Il
/\o/ P\CI
31 CAS RN: 5284-12-8 57.20 3.37¢
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3 CAS RN: 761-93-3 57.50 3818
CHa
O
|
33 CAS RN: 2276-27-9 P 57.50 3.79¢
o" | °F
O
N
O
Il
34 CAS RN: 813-77-4 ~ P~ 57.60 226
o” | ~cl
0]
~N
0
g
35 CAS RN: 113548-88-2 o INE | 5787 3818
NO,
0
36 CAS RN: 54436-53-2 PN 58.59 4.99¢
(@)
\l NO,
NO,
37 CAS RN: 3735-98-6 3 /©/ 58.74 5,188
o7 1o
CHy
0
Il
SN0
38 CAS RN: 381-45-3 o\k 58.96 3.66¢
[e]
u
o7 >
0.
39 CAS RN: 538-37-4 59.29 201
0
LL
P
40 CAS RN: 814-49-3 o & 59.57 420"
O
|
41 CAS RN: 96-64-0 o TNE | P 5.66"
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o)
I
e P\
42 ChemSpider ID: 21252683 o (l) F 59.77 4.45¢
0
43 CAS RN: 352-53-4 )\/Lo’ IID\ | 600 4.64¢
CH,
(0]
I
44 CAS RN: 665-33-8 P 60.12 4.25¢
(0] F
0
L_I,
o7 1 >al
45 CAS RN: 17158-87-1 OJ\ 60.12 2.89¢
(0]
I:I>
46 CAS RN: 1426-08-0 - 60.26 3.70¢
N (y;F
NO,
47 CAS RN: 13538-10-8 i /O/ 60.65 4.90¢
[e]
/L/\ ll:
o IF
48 PubChem CID: 129642440° Olr 60.93 2078
0
N0
49 CAS RN: 674-48-6 0\ 61.02 3.33¢
o)
LI’
NACTN
50 “Hypothetical” o F 61.17 3.63¢
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o)
I
NP
51 “Hypothetical” O)>F< 61.52 4248
(0]
[
52 CAS RN: 97931-20-9 o Po . 61.67 4.96¢
L
Il
/P\
53 CAS RN: 403-65-6 o"L>F : 61.86 2.46¢
NO,
sig
54 CAS RN: 3015-70-1 : oo 62.76 3.72¢
0
Il
NN e
55 CAS RN: 2510-89-6 o\k 63.07 3.52¢
0
Il
o~ lID\F
56 CAS RN: 625-17-2 o \( 63.93 3.75¢
NO,
57 CAS RN: 950-35-6 E /©/ 64.26 4.88"
\O/I\O
O\
(0]
I
P
58 “Hypothetical” 0 (|) F 64.42 4.46¢
NO,
59 ChemSpider ID: 9228613 1 /©/ 64.90 4.73¢
\O/T\O
CH,
NO,
60 CAS RN: 1021-47-2 . i O/ 64.98 4.92¢
0”1 o
0.
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61 CAS RN: 2524-64-3 5 : 65.15 2.08¢
NO,
i
62 CAS RN: 3015-73-4 g 65.23 5.00¢
i
P
N0 e
63 CAS RN: 819-43-2 o\H 65.28 2.87¢
Cl
Cl
64 CAS RN: 20362-80-5 0 66.17 3.168
/\O/Z\o
Cl
Cl (o]
i
65 “Hypothetical” A~ 66.67 2.75¢
O
"
0
Il
7 P\
66 CAS RN: 2574-25-6 o (|) Cl 66.68 3.518
NO,
67 CAS RN: 3735-97-5 o /©/ 66.79 4858
o/é:o
O
I
68 PubChem CID: 58861548 T\ . 66.80 4318
CHj
NO,
69 CAS RN: 546-71-4 i /©/ 66.87 5.08¢
/\0/ o
(0]
I
70 CAS RN: 113548-85-9 o IID\ - 66.99 4.00¢
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71 CAS RN: 13538-11-9 /\O/QO( 67.02 4,728
0
)\/\ g
o” 1> al
72 “Hypothetical” O\kr 67.55 2.07¢
73 CAS RN: 7526-26-3 @\ 1 /@ 67.70 3.03"
o7 o
CH,
(0]
I
74 “Hypothetical” s P\ 67.92 3.92¢
O" | °F
oX
i
75 CAS RN: 4532-02-9 /\O/T\O 67.93 4.12¢8
(0]
NO,
NO,
/P\
76 CAS RN: 2012-00-2 N 68.38 4.24¢
(0]
P
o7 >al
77 CAS RN: 54757-38-9 o\< 69.21 3.77¢
NO,
78 CAS RN: 1153-30-6 \/\o’g\o 69.27 4.44¢
NO,
79 “Hypothetical” w/\o/g\o 69.30 3.87¢
NO,
InChI Key: WVAUFDIKPLFXQL-
80 UHFFFAOYSA-N fl) 69.54 3.508
o~ T\o
(0]
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P.
81 CAS RN: 311-60-4 O\;/ 69.54 223¢
Cl
i
. h
82 CAS RN: 3279-62-7 oo 69.84 3.48
7l
CHs,
NO,
83 CAS RN: 2255-17-6 0 70.83 4.04"
\O/T\O
O\
0
I
o~ T\F
84 “Hypothetical” OJ/\ 71.27 2.72¢
0
Il
/P\
85 CAS RN: 55-91-4 o é F 71.67 4.57h
I
86 CAS RN: 16462-86-5 oo 71.91 2.92¢
(o)
1
NO,
¥ej
/P\
87 CAS RN: 2255-19-8 "o (I)W; 71.93 3.83¢
NO,
88 CAS RN: 4532-06-3 9 /@ 72.24 4.04¢
oo
R
NO,
i
89 CAS RN: 311-45-5 o~ 72.29 5.18h
N
éN
[e]
0 AS RN: 6132-16- I 00 4.17¢
9 CAS 32-16-7 Y Q/ 7 7

-/
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Cl

(o]
91 CAS RN: 18264-30-7 I 74.03 3.08¢
o7 No
O\
(0]
Il
92 CAS RN: 6163-75-3 o P\O - 74.16 2.45¢
(0]
93 CAS RN: 10113-28-7 Il 74.16 2.53¢
~ PN
o" |0
O\
O
LI'
94 CAS RN: 5689-41-8 - 74.46 2.24¢
\/ N 0
Cl
ﬁ O/
95 CAS RN: 5076-63-1 oo 75.75 3.20¢
(0]
Il
9 CAS RN: 756-79-6 ~_ P~ 78.38 118"
o | "o
CHj3
[e]
/g\
97 CAS RN: 19236-58-9 ©A 0 a3® 79.80 1.87¢
~
98 CAS RN: 7357-14-4 0 80.79 3.01¢
\O/I\O
O\
N
f
99 CAS RN: 3070-13-1 o~ 80.93 4.36¢
N
0
Il
100 CAS RN: 2510-86-3 o F’Qo 84.09 2718
N
101 CAS RN: 4619-09-4 0 84.24 2.74¢
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NO,
/P\
102 CAS RN: 13538-15-3 o[ 86.19 4.42¢
(0]
[
103 CAS RN: 512-56-1 \O - lID\O e 87.69 2200
(0]
~N
I
104 CAS RN: 1445-75-6 )\ _P_ J\ 88.04 2.34h
o” |0
CH,4
I
/\O/P\o/\
105 CAS RN: 1754-49-0 88.24 3.502
NO,
106 “Hypothetical” \)\o/z\o 89.08 4.48¢
0
I
/\O/ P\O/\
107 CAS RN: 2404-75-3 89.59 3.05¢
0
Il
701N
108 CAS RN: 18812-51-6 ~o o 90.27 2.612
I
. - - g
109 CAS RN: 683-08-9 AN T\o/\ 90.80 2.90
0
Il
110 CAS RN: 1067-69-2 o P\o 91.11 2.86¢
o
I
111 CAS RN: 1789-95-3 91.67 3.01¢




198

112 CAS RN: 78-38-6 /\o/ 91.97 1.85"

I
113 CAS RN: 53803-21-7 \k\O/T\O/\‘/ 93.92 2.83¢
CH,

114 CAS RN: 18812-55-0 95.30 2.88¢
NO,
o
Il
115 CAS RN: 3254-66-8 /LO/T\OO/ 97.30 4.67¢
O\(
o}
g
71N
116 CAS RN: 78-40-0 ~o é 07N oo 219"
(o]
g
~N
117 CAS RN: 814-22-2 Ao o 100.41 3.30¢

ﬁ /E/
P
118 “Hypothetical” g é o 104.55 3.27¢

I
119 CAS RN: 19935-93-4 /\O;Ipz)/\ 128.28 2.66¢
0 _
120 CAS RN: 329-99-7 ',l 57.83 N/A!
o7 IF
CH,
S |
121 CAS RN: 50782-69-9 P 83.91 N/A!
CHg
0
IFI,
122 AS RN: 77-81-6 2.32 N/A
CAS 77 /\O/ | \QN 7 /
PN

(a) Numbers used to identify molecules for QSAR analysis. Molecules 1-119 are numbered in order of increasing
AGrsi values, and 120-122 correspond to external set molecules in the QSAR analysis. (b) Identifiers, such as CAS
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Registry Numbers, that can be used to easily look up the molecules in chemical databases. “Hypothetical” indicates a
hypothetical molecule for which a unique chemical identifier could not be found. (c¢) All molecules are drawn with
their considered leaving group on the right-hand side. For molecules that have a stereocenter at the phosphorous atom,
the Sp-enantiomer was studied. (d) Free energy barriers for the first (or only) transition state in the hydrolysis reactions,
calculated with DFT at T =298.15 K using B3LYP/6-311++G**. (e) Toxicity endpoint, which represents the mass of
the compound per rat body weight that causes death in 50% of rats after oral ingestion. Values were obtained using
the EPA Toxicity Estimation Software Tool (T.E.S.T. v 4.2).! (f) Molecule originally referenced in Cook et al.? (g)
Predicted toxicity values calculated using the consensus QSAR method in the T.E.S.T. software. (h) Experimental

toxicity values from the T.E.S.T. database. (i) These nerve agents were only used as an external set in QSAR analysis,
so toxicities are omitted here.

140
120
100 : . .
_ ° oo °* % ° o* R2=0.01
o ™
80 ° . °
£ g AR ST X .
2 s 2 ...c...‘. ...... e o.% $.9%.0%...........
E ° ..2 o‘o :‘ .Q.O. oo ..o.
9 40 .
20
0
1 2 3 4 5 6

Rat Oral LDsg -log4o (mol/kg)

Figure A.1. DFT-calculated free energy barriers for the first (or only) transition state in the hydrolysis reactions for

119 organophosphate molecules vs. their toxicity endpoint. The negligible correlation coefficient indicates no
correlation.
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Figure A.2. Differences in DFT-calculated hydrolysis free energy barriers for the first transition state, |[AAGrsi|, for
simulants relative to (top) soman and (bottom) sarin vs. their toxicity endpoint. The horizontal grey line indicates
|AAGrTsi1| < 3.25 kJ/mol as the energy barrier criterion for an improved simulant. The vertical purple line indicates
LDso—logio <2.50 mol/kg as the toxicity criterion. The black vertical line indicates LDso —logio =4.88 mol/kg (toxicity
of DMNP). The red vertical line indicates LDso —logio = 5.66 mol/kg (toxicity of soman). The blue vertical line
indicates LDso —logio = 5.41 mol/kg (toxicity of sarin).
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A4  QSAR Analysis — Molecular Descriptors

Table A.4. Unscaled molecular descriptors used for QSAR analysis, calculated using DFT with B3LYP/6-311++G**,

Molecule # | qp? pb IP¢ | EAY | BO® pK.f ne SOF" x ! Vk s
1 1.825 | 6.132 | 0.301 | 0.038 | 1.240 | -8.00™ | 0.131 | 7.612 | 0.169 | 0.109 | 92.541 | 0.201
2 1.835 | 6.139 | 0.297 | 0.039 | 1.240 | -8.00 | 0.129 | 7.746 | 0.168 | 0.110 | 98.724 | 0.196
3 2121 | 6.029 | 0.297 | 0.032 | 1.259 | 3.17 | 0.133 | 7.543 | 0.165 | 0.102 | 93.178 | 0.062
4 2,162 | 6.740 | 0.319 | 0.026 | 1.258 | 16.00 | 0.146 | 6.843 | 0.173 | 0.102 | 106.886 | 0.002
5 2,042 | 4.170 | 0.314 | 0.038 | 1.276 | -8.00 | 0.138 | 7.240 | 0.176 | 0.112 | 86.690 | 0.218
6 2,048 | 4.497 | 0312 | 0.037 | 1.273 | -8.00 | 0.137 | 7.290 | 0.174 | 0.111 | 149.606 | 0.202
7 2.035 | 4.041 | 0263 | 0.037 | 1.284 | -8.00 | 0.113 | 8.849 | 0.150 | 0.100 | 130.833 | -0.001
8 2332 | 4.174 | 0309 | 0.027 | 1.284 | 3.17 | 0.141 | 7.070 | 0.168 | 0.100 | 132.891 | 0.089
9 2,043 | 4.059 | 0.264 | 0.037 | 1.285 | -8.00™ | 0.113 | 8.840 | 0.150 | 0.100 | 143.710 | -0.002
10 2,047 | 4.445 | 0312 | 0.037 | 1.273 | -8.00™ | 0.137 | 7.275 | 0.175 | 0.111 | 99.021 | 0.206
11 2.056 | 4.441 | 0312 | 0.038 | 1.273 | -8.00™ | 0.137 | 7.312 | 0.175 | 0.112 | 98.906 | 0.199
12 2328 | 4.087 | 0.325 | 0.032 | 1.289 | 3.17™ | 0.146 | 6.843 | 0.179 | 0.109 | 80.506 | 0.144
13 2.050 | 4.597 | 0311 | 0.037 | 1.272 | -8.00™ | 0.137 | 7.301 | 0.174 | 0.111 | 132.260 | 0.196
14 2,049 | 4591 | 0311 | 0.037 | 1.272 | -8.00™ | 0.137 | 7.291 | 0.174 | 0.111 | 143.990 | 0.201
15 2332 | 4335 | 0322 | 0.032 | 1.286 | 3.17™ | 0.145 | 6.895 | 0.177 | 0.108 | 89.353 | 0.110
16 2332 | 4.094 | 0326 | 0.032 | 1.288 | 3.17™ | 0.147 | 6.806 | 0.179 | 0.109 | 89.669 | 0.089
17 2.101 | 10.150 | 0.267 | 0.113 | 1.223 | 7.15* | 0.077 | 13.029 | 0.190 | 0.235 | 173.265 | -0.005
18 2.053 | 4.473 | 0.308 | 0.037 | 1.268 | -8.00™ | 0.135 | 7.380 | 0.173 | 0.110 | 117.064 | 0.200
19 2,051 | 4.191 | 0314 | 0.039 | 1.276 | -8.00™ | 0.137 | 7.280 | 0.176 | 0.113 | 98.186 | 0.212
20 2330 | 3.941 | 0.264 | 0.038 | 1.305 | 3.17™ | 0.113 | 8.846 | 0.151 | 0.101 | 122.275 | 0.001
21 2.055 | 4.614 | 0.304 | 0.037 | 1.267 | -8.00™ | 0.133 | 7.492 | 0.171 | 0.109 | 147.963 | 0.194
22 2332 | 4.449 | 0321 | 0.031 | 1.286 | 3.17™ | 0.145 | 6.897 | 0.176 | 0.107 | 105.493 | 0.101
23 2333 | 4478 | 0319 | 0.032 | 1.284 | 3.17™ | 0.144 | 6.963 | 0.176 | 0.108 | 115.552 | 0.071
24 2336 | 4475 | 0310 | 0.032 | 1.280 | 3.17™ | 0.139 | 7.178 | 0.171 | 0.105 | 133.889 | 0.069
25 2544 | 4.863 | 0.324 | 0.030 | 1.302 | 3.17™ | 0.147 | 6.783 | 0.177 | 0.106 | 101.585 | 0.246
26 2,062 | 4.457 | 0.308 | 0.038 | 1.268 | -8.00™ | 0.135 | 7.405 | 0.173 | 0.111 | 123.914 | 0.195
27 2335 | 4343 | 0320 | 0.031 | 1.281 | 3.17™ | 0.144 | 6.934 | 0.176 | 0.107 | 99.326 | 0.096
28 2540 | 4.500 | 0.329 | 0.033 | 1.309 | 3.17™ | 0.148 | 6.764 | 0.181 | 0.111 | 82.956 | 0.429
29 2339 | 4324 | 0318 | 0.031 | 1.280 | 3.17™ | 0.144 | 6.965 | 0.175 | 0.106 | 112.523 | 0.053
30 2547 | 4709 | 0.318 | 0.030 | 1.299 | 3.17™ | 0.144 | 6.936 | 0.174 | 0.105 | 161.116 | 0.412
31 2,074 | 5071 | 0277 | 0.068 | 1.273 | -8.00™ | 0.105 | 9.562 | 0.172 | 0.142 | 147.365 | 0.079
32 2335 | 4.403 | 0316 | 0.031 | 1.280 | 3.17™ | 0.142 | 7.019 | 0.173 | 0.106 | 135.942 | 0.082
33 2546 | 4.427 | 0323 | 0.032 | 1.300 | 3.17™ | 0.146 | 6.870 | 0.178 | 0.108 | 111.084 | 0.181
34 2250 | 4.200 | 0.321 | 0.041 | 1.295 | -8.00™ | 0.140 | 7.123 | 0.181 | 0.117 | 79.340 | 0.257
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35 2333 | 4.632 | 0303 | 0.031 | 1.283 | 3.17™ | 0.136 | 7.362 | 0.167 | 0.103 | 175.072 | 0.066
36 2537 | 7.356 | 0.289 | 0.126 | 1.298 | 4.07" 0.082 | 12.243 | 0.207 | 0.263 | 208.747 | -0.003
37 2313 | 11.125 | 0.272 | 0.117 | 1.265 7.15" 0.078 | 12.902 | 0.195 | 0.244 | 176.173 | -0.003
38 2545 | 4773 | 0322 | 0.029 | 1.300 | 3.17™ | 0.146 | 6.846 | 0.176 | 0.105 | 146.187 | 0.443
39 2256 | 5.141 | 0.265 | 0.054 | 1.290 | -8.00™ | 0.105 | 9.493 | 0.160 | 0.121 | 207.542 | 0.081
40 2261 | 4704 | 0317 | 0.039 | 1.290 | -8.00™ | 0.139 | 7.174 | 0.178 | 0.114 | 112.930 | 0.228
41 2338 | 4.516 | 0.309 | 0.031 | 1.280 | 3.17™ | 0.139 | 7.206 | 0.170 | 0.104 | 150.855 | 0.054
42 2546 | 4913 | 0.320 | 0.031 | 1.297 | 3.17™ | 0.144 | 6.929 | 0.175 | 0.107 | 120.939 | 0.037
43 2336 | 4.448 | 0.313 | 0.031 | 1.280 | 3.17™ | 0.141 | 7.079 | 0.172 | 0.105 | 122.578 | 0.082
44 2351 | 4.480 | 0.315 | 0.030 | 1.279 | 3.17™ | 0.142 | 7.030 | 0.173 | 0.105 | 134.645 | 0.021
45 2265 | 4714 | 0312 | 0.039 | 1.286 | -8.00™ | 0.137 | 7.308 | 0.176 | 0.113 | 180.447 | 0.215
46 2347 | 4.487 | 0316 | 0.028 | 1.284 | 3.17™ | 0.144 | 6.955 | 0.172 | 0.103 | 121.712 | 0.168
47 2336 | 9.027 | 0.270 | 0.114 | 1.258 7.15" 0.078 | 12.790 | 0.192 | 0.235 | 178.320 | -0.002
48 2548 | 5.044 | 0313 | 0.029 | 1.298 | 3.17™ | 0.142 | 7.044 | 0.171 | 0.102 | 184.604 | 0.215
49 2.546 | 4928 | 0318 | 0.029 | 1.300 | 3.17™ | 0.145 | 6915 | 0.173 | 0.104 | 175.150 | 0.493
50 2358 | 4319 | 0.310 | 0.029 | 1.274 | 3.17™ | 0.140 | 7.119 | 0.169 | 0.102 | 148.036 | 0.007
51 2354 | 4327 | 0312 | 0.028 | 1.279 | 3.17™ | 0.142 | 7.052 | 0.170 | 0.102 | 144.605 | 0.130
52 2343 | 4.476 | 0309 | 0.031 | 1.278 | 3.17™ | 0.139 | 7.205 | 0.170 | 0.104 | 155.309 | 0.036
53 2557 | 5.845 | 0.264 | 0.041 | 1.333 | 3.17™ | 0.111 | 8979 | 0.153 | 0.104 | 175.290 | 0.032
54 2332 | 8750 | 0.256 | 0.114 | 1.256 7.15" 0.071 | 14.073 | 0.185 | 0.240 | 261.064 | -0.003
55 2263 | 4.837 | 0.317 | 0.039 | 1.289 | -8.00™ | 0.139 | 7.198 | 0.178 | 0.114 | 154.169 | 0.222
56 2552 | 5328 | 0.314 | 0.029 | 1.293 | 3.17™ | 0.142 | 7.033 | 0.172 | 0.104 | 165.698 | 0.006
57 2530 | 9.364 | 0.277 | 0.115 | 1.294 7.15" 0.081 | 12.410 | 0.196 | 0.238 | 151.576 | -0.002
58 2545 | 2.424 | 0318 | 0.030 | 1.294 | 3.17™ | 0.144 | 6.933 | 0.174 | 0.105 | 163.164 | 0.221
59 2315 | 8261 | 0271 | 0.114 | 1.261 7.15" 0.078 | 12.748 | 0.192 | 0.236 | 153.900 | -0.002
60 2.534 | 9.484 | 0.275 | 0.115 | 1.291 7.15" 0.080 | 12.500 | 0.195 | 0.238 | 163.962 | -0.008
61 2257 | 5869 | 0.263 | 0.052 | 1.312 | -8.00™ | 0.105 | 9.479 | 0.158 | 0.118 | 168.932 | 0.165
62 2331 | 8940 | 0.269 | 0.113 | 1.257 7.15" 0.078 | 12.847 | 0.191 | 0.235 | 181.732 | -0.004
63 2263 | 4965 | 0314 | 0.038 | 1.286 | -8.00™ | 0.138 | 7.255 | 0.176 | 0.113 | 171.165 | 0.214
64 2.536 | 6.440 | 0.256 | 0.060 | 1.290 6.72° 0.098 | 10.229 | 0.158 | 0.128 | 222.255 | -0.002
65 2.540 | 5.473 | 0.263 | 0.060 | 1.288 5.99° 0.102 | 9.829 | 0.161 | 0.128 | 223.966 | -0.003
66 2286 | 6.601 | 0.313 | 0.040 | 1.288 | -8.00™ | 0.137 | 7.318 | 0.176 | 0.114 | 151.930 | 0.212
67 2.326 | 10.819 | 0.271 | 0.114 | 1.256 7.15" 0.079 | 12.719 | 0.193 | 0.236 | 180.574 | -0.003
68 2.137 | 6.009 | 0.287 | 0.031 | 1.258 | 3.17™ | 0.128 | 7.797 | 0.159 | 0.099 | 130.217 | 0.012
69 2327 | 8820 | 0.269 | 0.114 | 1.256 7.15" 0.078 | 12.835 | 0.191 | 0.235 | 194.223 | -0.003
70 2341 | 4.474 | 0.308 | 0.031 | 1.281 3.17™ | 0.139 | 7.214 | 0.169 | 0.103 | 146.473 | 0.044
71 2335 | 8826 | 0.269 | 0.113 | 1.253 7.15" 0.078 | 12.845 | 0.191 | 0.235 | 225.847 | -0.003
72 2279 | 6320 | 0312 | 0.039 | 1.293 | -8.00™ | 0.137 | 7.326 | 0.175 | 0.113 | 219.825 | 0.215
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73 2330 | 6.846 | 0.257 | 0.037 | 1.266 9.99" 0.110 | 9.102 | 0.147 | 0.098 | 180.295 | 0.000
74 2544 | 2.614 | 0319 | 0.031 | 1.299 | 3.17™ | 0.144 | 6.950 | 0.175 | 0.106 | 148.507 | 0.301
75 2538 | 5.762 | 0.273 | 0.111 | 1.290 7.23" 0.081 | 12.376 | 0.192 | 0.228 | 183.150 | -0.003
76 2338 | 8.635 | 0.268 | 0.114 | 1.261 7.15" 0.077 | 13.003 | 0.191 | 0.237 | 214.095 | -0.002
77 2273 | 5325 | 0.310 | 0.038 | 1.279 | -8.00™ | 0.136 | 7.347 | 0.174 | 0.111 | 163.263 | 0.202
78 2538 | 9945 | 0.273 | 0.115 | 1.286 7.15" 0.079 | 12.593 | 0.194 | 0.237 | 222.522 | -0.002
79 2539 | 9985 | 0.274 | 0.115 | 1.286 7.15" 0.079 | 12.585 | 0.194 | 0.237 | 244.859 | -0.002
80 2.523 | 10.123 | 0.275 | 0.122 | 1.292 8.36" 0.077 | 12.991 | 0.198 | 0.256 | 154.531 | -0.003
81 2.553 | 5.572 | 0.305 | 0.029 | 1.291 3.17™ | 0.138 | 7.251 | 0.167 | 0.102 | 224.931 | 0.002
82 2.537 | 5.637 | 0.255 | 0.053 | 1.287 7.85° 0.101 | 9.898 | 0.154 | 0.118 | 189.851 | -0.001
83 2530 | 8594 | 0.271 | 0.109 | 1.293 7.33P 0.081 | 12.392 | 0.190 | 0.224 | 172.395 | -0.002
84 2561 | 6.593 | 0312 | 0.030 | 1.295 | 3.17™ | 0.141 | 7.099 | 0.171 | 0.104 | 191.981 | 0.155
85 2.558 | 6.539 | 0.321 | 0.030 | 1.298 | 3.17™ | 0.145 | 6.884 | 0.176 | 0.106 | 142.657 | 0.196
86 2.538 | 4.860 | 0.257 | 0.044 | 1.284 8.56" 0.106 | 9.399 | 0.151 | 0.107 | 194.695 | -0.001
87 2538 | 9.824 | 0.274 | 0.115 | 1.286 7.15" 0.079 | 12.589 | 0.194 | 0.237 | 255.973 | -0.002
88 2.530 | 10.491 | 0.274 | 0.121 | 1.286 8.36" 0.076 | 13.125 | 0.197 | 0.256 | 198.800 | -0.003
89 2537 | 9.891 | 0.275 | 0.115 | 1.288 7.15" 0.080 | 12.530 | 0.195 | 0.238 | 190.080 | -0.002
90 2.537 | 9.372 | 0.266 | 0.070 | 1.286 797" 0.098 | 10.219 | 0.168 | 0.144 | 191.477 | 0.000
91 2530 | 6.132 | 0.255 | 0.047 | 1.286 9.41" 0.104 | 9.607 | 0.151 | 0.109 | 163.257 | -0.001
92 2335 | 6.782 | 0.303 | 0.029 | 1.243 | 15.54° | 0.137 | 7.302 | 0.166 | 0.101 | 102.097 | 0.012
93 2531 | 5.351 | 0.259 | 0.037 | 1.284 9.99" 0.111 | 9.035 | 0.148 | 0.099 | 129.549 | 0.000
94 2.119 | 7.823 | 0.281 | 0.030 | 1.201 | 15.54° | 0.125 | 7.979 | 0.155 | 0.096 | 106.817 | 0.003
95 2.537 | 6.493 | 0.254 | 0.046 | 1.281 9.41" 0.104 | 9.637 | 0.150 | 0.108 | 166.250 | -0.001
96 2328 | 6.866 | 0.307 | 0.030 | 1.244 | 15.54° | 0.139 | 7.216 | 0.169 | 0.103 | 92.118 | 0.026
97 2319 | 3.676 | 0.262 | 0.042 | 1.233 | 15.40° | 0.110 | 9.083 | 0.152 | 0.104 | 222.923 | 0.014
98 2.524 | 5.189 | 0.233 | 0.040 | 1.282 | 10.21" | 0.097 | 10.318 | 0.136 | 0.096 | 170.948 | 0.001
99 2.537 | 6.081 | 0.219 | 0.040 | 1.277 9.53" 0.090 | 11.166 | 0.130 | 0.094 | 205.441 | -0.001
100 2.538 | 5.548 | 0.257 | 0.037 | 1.278 9.99" 0.110 | 9.069 | 0.147 | 0.098 | 169.552 | 0.000
101 2.538 | 5.015 | 0.201 | 0.032 | 1.275 9.78" 0.085 | 11.815 | 0.117 | 0.080 | 200.019 | 0.001
102 2349 | 9.130 | 0.268 | 0.113 | 1.256 7.15" 0.077 | 12.944 | 0.191 | 0.235 | 249.466 | -0.003
103 2528 | 5.501 | 0.311 | 0.029 | 1.268 | 15.54° | 0.141 | 7.087 | 0.170 | 0.102 | 103.635 | 0.074
104 2344 | 7.121 | 0.300 | 0.030 | 1.230 | 16.50™ | 0.135 | 7.402 | 0.165 | 0.101 | 159.461 | 0.006
105 2343 | 4.140 | 0.272 | 0.055 | 1.237 | 16.00° | 0.109 | 9.202 | 0.163 | 0.123 | 164.326 | 0.036
106 2.543 | 10.212 | 0.272 | 0.114 | 1.276 7.15" 0.079 | 12.688 | 0.193 | 0.236 | 240.149 | -0.002
107 2337 | 3.852 | 0.296 | 0.030 | 1.231 | 16.00° | 0.133 | 7.529 | 0.163 | 0.100 | 175.527 | 0.000
108 2337 | 3.877 | 0.298 | 0.030 | 1.231 | 16.00° | 0.134 | 7.467 | 0.164 | 0.101 | 140.191 | -0.001
109 2.323 | 3.530 | 0.302 | 0.030 | 1.233 | 16.00° | 0.136 | 7.339 | 0.166 | 0.101 | 121.148 | 0.011
110 2352 | 6964 | 0.298 | 0.030 | 1.229 | 16.50™ | 0.134 | 7.467 | 0.164 | 0.100 | 157.127 | 0.003
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111 2337 | 4.029 | 0.297 | 0.029 | 1.230 | 16.10° | 0.134 | 7.451 | 0.163 | 0.099 | 178.866 | 0.002
112 2332 | 3.769 | 0.299 | 0.030 | 1.231 | 16.00° | 0.135 | 7.412 | 0.165 | 0.100 | 128.071 | -0.001
113 2326 | 3.718 | 0.300 | 0.030 | 1.229 | 16.50' | 0.135 | 7.415 | 0.165 | 0.101 | 202.369 | 0.016
114 2357 | 6981 | 0.297 | 0.029 | 1.229 | 16.50™ | 0.134 | 7.460 | 0.163 | 0.099 | 171.583 | 0.001
115 2.542 | 10.188 | 0.272 | 0.114 | 1.277 7.15" 0.079 | 12.684 | 0.193 | 0.236 | 210.362 | -0.002
116 2.539 | 5.863 | 0.306 | 0.027 | 1.260 | 16.00° | 0.139 | 7.177 | 0.167 | 0.100 | 136.844 | 0.005
117 2539 | 5949 | 0306 | 0.025 | 1.260 | 16.10° | 0.141 | 7.107 | 0.165 | 0.097 | 149.825 | 0.001
118 2542 | 5913 | 0.303 | 0.027 | 1.255 | 18.20* | 0.138 | 7.240 | 0.165 | 0.099 | 181.294 | 0.002
119 2364 | 3.346 | 0.292 | 0.025 | 1.229 | 16.00° | 0.133 | 7.504 | 0.158 | 0.094 | 162.370 | 0.094
120 2335 | 4.479 | 0303 | 0.026 | 1.280 | 3.17™ | 0.138 | 7.220 | 0.164 | 0.097 | 127.046 | 0.000
121 1.947 | 3.455 | 0.217 | 0.032 | 1.219 9.601 0.093 | 10.808 | 0.125 | 0.084 | 225.971 | 0.014
122 2258 | 5.680 | 0.274 | 0.036 | 1.252 | 9.40™ | 0.119 | 8.412 | 0.155 | 0.101 | 121.313 | 0.118

(a) Charge on the phosphorus atom calculated using electron population analysis with the natural bond orbital (NBO)
method. (b) Molecular dipole moment, in Debye. (c) lonization potential, in Hartrees. (d) Electron affinity, in Hartrees.
(e) Bond order of the P=0 bond. (f) Experimental pK. values for the conjugate acid of the leaving group. (g) Molecular
hardness, in Hartrees. (h) Molecular softness, in Hartrees™.. (i) Molecular electronegativity, in Hartrees. (j) Molecular
electrophilicity, in Hartrees. (k) Molecular volume, in cm?/mol. (1) Fukui index for nucleophilic attack on the
phosphorus atom. pKa values obtained from (m) Evans,? (n) Lide,* (0) Bourne et al.,> (p) Schwarzenbach et al.,® (q)
Wille et al.,” (r) Chemicalize,? (s) Sarjeant et al., (t) estimated value for primary alcohols, and (u) FooDB.!°

The formula used to scale molecular descriptors was as follows:

x§; = 4" Timin_ (A.1)

Y Xjmax — Xjmin
where x;; and x;; are the unscaled and scaled j™ descriptor values for molecule 7, respectively, and
Xj min and X;j mqy are the minimum and maximum values for the j* descriptor. For all descriptors,

j
min(xisj) = 0 and max(xisj) =1.
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Table A.5. Scaled molecular descriptors used for QSAR analysis, calculated using DFT with B3LYP/6-311++G**.

Molecule # | qp n IP EA | BO | pK. n SOF | yx ) \Y fr

1 0.000 | 0.426 | 0.779 | 0.132 | 0.298 | 0.000 | 0.786 | 0.116 | 0.580 | 0.157 | 0.073 | 0.417
2 0.014 | 0.427 | 0.753 | 0.144 | 0.299 | 0.000 | 0.756 | 0.134 | 0.568 | 0.160 | 0.107 | 0.407
3 0.403 | 0.414 | 0.753 | 0.075 | 0.440 | 0.426 | 0.801 | 0.107 | 0.530 | 0.120 | 0.076 | 0.139
4 0.458 | 0.496 | 0.921 | 0.019 | 0.433 | 0.916 | 0.978 | 0.011 | 0.617 | 0.118 | 0.152 | 0.020
5 0.296 | 0.201 | 0.887 | 0.134 | 0.571 | 0.000 | 0.873 | 0.065 | 0.657 | 0.175 | 0.040 | 0.451
6 0.304 | 0.238 | 0.865 | 0.125 | 0.545 | 0.000 | 0.861 | 0.072 | 0.636 | 0.166 | 0.387 | 0.419
7 0.286 | 0.186 | 0.488 | 0.128 | 0.634 | 0.000 | 0.546 | 0.285 | 0.373 | 0.108 | 0.283 | 0.014
8 0.689 | 0.201 | 0.848 | 0.020 | 0.632 | 0.426 | 0.917 | 0.042 | 0.566 | 0.106 | 0.295 | 0.194
9 0.297 | 0.188 | 0.488 | 0.126 | 0.637 | 0.000 | 0.548 | 0.284 | 0.372 | 0.107 | 0.354 | 0.012
10 0.303 | 0.232 | 0.871 | 0.127 | 0.548 | 0.000 | 0.865 | 0.070 | 0.642 | 0.169 | 0.108 | 0.427
11 0.314 | 0.232 | 0.866 | 0.134 | 0.545 | 0.000 | 0.856 | 0.075 | 0.642 | 0.172 | 0.108 | 0.414
12 0.684 | 0.191 | 0.968 | 0.078 | 0.671 | 0.426 | 0.978 | 0.011 | 0.683 | 0.157 | 0.006 | 0.303
13 0.307 | 0.250 | 0.863 | 0.127 | 0.539 | 0.000 | 0.858 | 0.073 | 0.636 | 0.167 | 0.291 | 0.408
14 0.305 | 0.249 | 0.864 | 0.124 | 0.542 | 0.000 | 0.861 | 0.072 | 0.635 | 0.166 | 0.356 | 0.417
15 0.689 | 0.220 | 0.945 | 0.070 | 0.644 | 0.426 | 0.963 | 0.018 | 0.662 | 0.149 | 0.055 | 0.235
16 0.689 | 0.192 | 0.977 | 0.074 | 0.664 | 0.426 | 0.988 | 0.006 | 0.687 | 0.156 | 0.057 | 0.194
17 0.375 | 0.888 | 0.513 | 0.877 | 0.169 | 0.578 | 0.074 | 0.857 | 0.808 | 0.846 | 0.517 | 0.006
18 0.310 | 0.235 | 0.841 | 0.127 | 0.512 | 0.000 | 0.839 | 0.084 | 0.621 | 0.164 | 0.208 | 0.415
19 0.307 | 0.203 | 0.881 | 0.141 | 0.568 | 0.000 | 0.864 | 0.071 | 0.656 | 0.178 | 0.104 | 0.438
20 0.687 | 0.174 | 0.495 | 0.136 | 0.793 | 0.426 | 0.547 | 0.285 | 0.383 | 0.115 | 0.236 | 0.019
21 0.313 | 0.252 | 0.806 | 0.124 | 0.504 | 0.000 | 0.813 | 0.100 | 0.595 | 0.157 | 0.378 | 0.403
22 0.689 | 0.233 | 0.943 | 0.068 | 0.644 | 0.426 | 0.963 | 0.018 | 0.659 | 0.148 | 0.144 | 0.217
23 0.691 | 0.236 | 0.927 | 0.076 | 0.633 | 0.426 | 0.945 | 0.027 | 0.653 | 0.149 | 0.199 | 0.158
24 0.695 | 0.236 | 0.855 | 0.070 | 0.598 | 0.426 | 0.889 | 0.057 | 0.598 | 0.134 | 0.300 | 0.153
25 0.978 | 0.280 | 0.966 | 0.050 | 0.765 | 0.426 | 0.995 | 0.003 | 0.666 | 0.142 | 0.122 | 0.506
26 0.322 | 0.234 | 0.838 | 0.133 | 0.508 | 0.000 | 0.833 | 0.088 | 0.622 | 0.167 | 0.245 | 0.405
27 0.693 | 0.221 | 0.930 | 0.067 | 0.607 | 0.426 | 0.953 | 0.023 | 0.650 | 0.145 | 0.110 | 0.207
28 0.972 | 0.239 | 1.000 | 0.084 | 0.819 | 0.426 | 1.000 | 0.000 | 0.709 | 0.166 | 0.020 | 0.871
29 0.699 | 0.218 | 0.919 | 0.066 | 0.598 | 0.426 | 0.944 | 0.027 | 0.641 | 0.143 | 0.183 | 0.121
30 0.982 | 0.263 | 0.918 | 0.054 | 0.747 | 0.426 | 0.952 | 0.024 | 0.634 | 0.136 | 0.450 | 0.839
31 0.339 | 0.304 | 0.594 | 0.428 | 0.549 | 0.000 | 0.437 | 0.383 | 0.615 | 0.338 | 0.374 | 0.173
32 0.694 | 0.227 | 0.899 | 0.063 | 0.601 | 0.426 | 0.930 | 0.035 | 0.626 | 0.138 | 0.311 | 0.179
33 0.980 | 0.230 | 0.956 | 0.073 | 0.754 | 0.426 | 0.970 | 0.015 | 0.671 | 0.153 | 0.175 | 0.377
34 0.578 | 0.204 | 0.943 | 0.159 | 0.717 | 0.000 | 0.903 | 0.049 | 0.710 | 0.199 | 0.000 | 0.528
35 0.691 | 0.254 | 0.798 | 0.067 | 0.626 | 0.426 | 0.844 | 0.082 | 0.557 | 0.123 | 0.527 | 0.149
36 0.968 | 0.567 | 0.688 | 1.000 | 0.734 | 0.461 | 0.138 | 0.750 | 1.000 | 1.000 | 0.712 | 0.011
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37 0.663 | 1.000 | 0.555 | 0.915 | 0.491 | 0.578 | 0.084 | 0.840 | 0.859 | 0.896 | 0.533 | 0.011
38 0.979 | 0.270 | 0.944 | 0.048 | 0.752 | 0.426 | 0.977 | 0.011 | 0.649 | 0.137 | 0.368 | 0.899
39 0.586 | 0.312 | 0.501 | 0.296 | 0.673 | 0.000 | 0.446 | 0.373 | 0.476 | 0.223 | 0.705 | 0.177
40 0.593 | 0.262 | 0.912 | 0.140 | 0.676 | 0.000 | 0.890 | 0.056 | 0.677 | 0.183 | 0.185 | 0.472
41 0.697 | 0.240 | 0.844 | 0.066 | 0.603 | 0.426 | 0.882 | 0.061 | 0.589 | 0.130 | 0.394 | 0.124
42 0.981 | 0.286 | 0.930 | 0.065 | 0.731 | 0.426 | 0.954 | 0.023 | 0.649 | 0.144 | 0.229 | 0.089
43 0.695 | 0.233 | 0.880 | 0.063 | 0.601 | 0.426 | 0.914 | 0.043 | 0.613 | 0.134 | 0.238 | 0.180
44 0.715 | 0.236 | 0.891 | 0.057 | 0.592 | 0.426 | 0.927 | 0.036 | 0.617 | 0.133 | 0.304 | 0.058
45 0.598 | 0.263 | 0.872 | 0.140 | 0.646 | 0.000 | 0.857 | 0.074 | 0.650 | 0.177 | 0.556 | 0.446
46 0.710 | 0.237 | 0.900 | 0.038 | 0.629 | 0.426 | 0.947 | 0.026 | 0.613 | 0.124 | 0.233 | 0.352
47 0.695 | 0.759 | 0.539 | 0.881 | 0.437 | 0.578 | 0.093 | 0.824 | 0.829 | 0.848 | 0.545 | 0.011
48 0.982 | 0.301 | 0.873 | 0.040 | 0.738 | 0.426 | 0.923 | 0.038 | 0.594 | 0.121 | 0.579 | 0.445
49 0.980 | 0.288 | 0.916 | 0.043 | 0.749 | 0.426 | 0.958 | 0.021 | 0.627 | 0.129 | 0.527 | 1.000
50 0.725 | 0.218 | 0.851 | 0.042 | 0.557 | 0.426 | 0.904 | 0.049 | 0.581 | 0.119 | 0.378 | 0.031
51 0.720 | 0.219 | 0.865 | 0.034 | 0.594 | 0.426 | 0.921 | 0.039 | 0.586 | 0.116 | 0.359 | 0.275
52 0.705 | 0.236 | 0.843 | 0.065 | 0.588 | 0.426 | 0.882 | 0.060 | 0.587 | 0.129 | 0.418 | 0.088
53 0.995 | 0.393 | 0.491 | 0.164 | 1.000 | 0.426 | 0.525 | 0.303 | 0.395 | 0.131 | 0.528 | 0.079
54 0.690 | 0.727 | 0.427 | 0.881 | 0.422 | 0.578 | 0.000 | 1.000 | 0.750 | 0.874 | 1.000 | 0.009
55 0.596 | 0.277 | 0.904 | 0.140 | 0.666 | 0.000 | 0.884 | 0.059 | 0.672 | 0.181 | 0.412 | 0.459
56 0.988 | 0.334 | 0.883 | 0.049 | 0.697 | 0.426 | 0.926 | 0.037 | 0.607 | 0.127 | 0.475 | 0.028
57 0.958 | 0.798 | 0.591 | 0.899 | 0.706 | 0.578 | 0.124 | 0.773 | 0.875 | 0.865 | 0.398 | 0.012
58 0.979 | 0.000 | 0.916 | 0.049 | 0.708 | 0.426 | 0.953 | 0.023 | 0.630 | 0.133 | 0.461 | 0.457
59 0.666 | 0.671 | 0.545 | 0.883 | 0.455 | 0.578 | 0.096 | 0.819 | 0.834 | 0.850 | 0.410 | 0.011
60 0.964 | 0.811 | 0.579 | 0.896 | 0.684 | 0.578 | 0.116 | 0.785 | 0.865 | 0.862 | 0.466 | 0.000
61 0.587 | 0.396 | 0.486 | 0.274 | 0.844 | 0.000 | 0.448 | 0.372 | 0.454 | 0.206 | 0.493 | 0.345
62 0.689 | 0.749 | 0.532 | 0.879 | 0.424 | 0.578 | 0.088 | 0.832 | 0.823 | 0.846 | 0.563 | 0.008
63 0.595 | 0.292 | 0.885 | 0.137 | 0.647 | 0.000 | 0.870 | 0.067 | 0.657 | 0.177 | 0.505 | 0.444
64 0.967 | 0.462 | 0.427 | 0.353 | 0.677 | 0.562 | 0.348 | 0.474 | 0.456 | 0.259 | 0.786 | 0.013
65 0.972 | 0.350 | 0.485 | 0.347 | 0.663 | 0.534 | 0.400 | 0.419 | 0.494 | 0.261 | 0.796 | 0.010
66 0.627 | 0.480 | 0.875 | 0.148 | 0.661 | 0.000 | 0.854 | 0.076 | 0.657 | 0.182 | 0.399 | 0.439
67 0.681 | 0.965 | 0.549 | 0.885 | 0.418 | 0.578 | 0.098 | 0.815 | 0.838 | 0.852 | 0.557 | 0.011
68 0.424 | 0.412 | 0.676 | 0.063 | 0.436 | 0.426 | 0.745 | 0.141 | 0.469 | 0.101 | 0.280 | 0.040
69 0.682 | 0.735 | 0.534 | 0.880 | 0.423 | 0.578 | 0.089 | 0.831 | 0.825 | 0.847 | 0.632 | 0.009
70 0.702 | 0.236 | 0.836 | 0.060 | 0.609 | 0.426 | 0.880 | 0.062 | 0.580 | 0.126 | 0.369 | 0.105
71 0.693 | 0.736 | 0.532 | 0.879 | 0.395 | 0.578 | 0.088 | 0.832 | 0.823 | 0.846 | 0.806 | 0.010
72 0.618 | 0.448 | 0.867 | 0.141 | 0.699 | 0.000 | 0.852 | 0.077 | 0.647 | 0.176 | 0.773 | 0.445
73 0.687 | 0.508 | 0.435 | 0.124 | 0.493 | 0.687 | 0.505 | 0.320 | 0.334 | 0.098 | 0.556 | 0.016
74 0.978 | 0.022 | 0.923 | 0.065 | 0.744 | 0.426 | 0.949 | 0.025 | 0.644 | 0.143 | 0.381 | 0.617
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75 0.970 | 0.384 | 0.560 | 0.856 | 0.674 | 0.581 | 0.127 | 0.768 | 0.829 | 0.806 | 0.571 | 0.010
76 0.698 | 0.714 | 0.523 | 0.886 | 0.454 | 0.578 | 0.076 | 0.854 | 0.820 | 0.858 | 0.742 | 0.012
77 0.610 | 0.333 | 0.852 | 0.129 | 0.594 | 0.000 | 0.847 | 0.080 | 0.630 | 0.167 | 0.462 | 0.420
78 0.969 | 0.864 | 0.566 | 0.891 | 0.648 | 0.578 | 0.109 | 0.797 | 0.853 | 0.857 | 0.788 | 0.012
79 0.971 | 0.869 | 0.567 | 0.891 | 0.645 | 0.578 | 0.109 | 0.796 | 0.854 | 0.857 | 0.911 | 0.012
80 0.949 | 0.885 | 0.582 | 0.959 | 0.689 | 0.624 | 0.077 | 0.852 | 0.902 | 0.960 | 0.414 | 0.010
81 0.990 | 0.362 | 0.815 | 0.048 | 0.685 | 0.426 | 0.871 | 0.067 | 0.559 | 0.115 | 0.801 | 0.020
82 0.968 | 0.369 | 0.425 | 0.285 | 0.651 | 0.605 | 0.390 | 0.429 | 0.416 | 0.206 | 0.608 | 0.014
83 0.959 | 0.709 | 0.545 | 0.839 | 0.698 | 0.585 | 0.126 | 0.770 | 0.810 | 0.785 | 0.512 | 0.013
84 1.000 | 0.479 | 0.868 | 0.056 | 0.713 | 0.426 | 0.909 | 0.046 | 0.601 | 0.129 | 0.620 | 0.325
85 0.997 | 0.473 | 0.939 | 0.057 | 0.735 | 0.426 | 0.966 | 0.016 | 0.651 | 0.141 | 0.348 | 0.407
86 0.969 | 0.280 | 0.437 | 0.194 | 0.633 | 0.632 | 0.460 | 0.360 | 0.375 | 0.143 | 0.635 | 0.014
&7 0.970 | 0.850 | 0.567 | 0.891 | 0.648 | 0.578 | 0.109 | 0.797 | 0.854 | 0.858 | 0.972 | 0.012
88 0.958 | 0.927 | 0.567 | 0.956 | 0.646 | 0.624 | 0.067 | 0.870 | 0.891 | 0.959 | 0.657 | 0.010
&9 0.968 | 0.858 | 0.575 | 0.894 | 0.663 | 0.578 | 0.114 | 0.789 | 0.861 | 0.860 | 0.609 | 0.012
90 0.968 | 0.799 | 0.505 | 0.448 | 0.647 | 0.610 | 0.349 | 0.473 | 0.563 | 0.347 | 0.617 | 0.016
91 0.959 | 0.426 | 0.420 | 0.218 | 0.650 | 0.665 | 0.430 | 0.389 | 0.376 | 0.157 | 0.462 | 0.014
92 0.694 | 0.501 | 0.800 | 0.048 | 0.321 | 0.898 | 0.858 | 0.074 | 0.548 | 0.113 | 0.125 | 0.039
93 0.960 | 0.336 | 0.450 | 0.126 | 0.629 | 0.687 | 0.516 | 0.311 | 0.345 | 0.101 | 0.276 | 0.017
94 0.400 | 0.620 | 0.623 | 0.054 | 0.000 | 0.898 | 0.707 | 0.166 | 0.426 | 0.087 | 0.151 | 0.022
95 0.968 | 0.468 | 0.411 | 0.214 | 0.607 | 0.665 | 0.426 | 0.393 | 0.367 | 0.153 | 0.478 | 0.013
96 0.684 | 0.510 | 0.832 | 0.055 | 0.328 | 0.898 | 0.879 | 0.062 | 0.574 | 0.122 | 0.070 | 0.068
97 0.672 | 0.144 | 0.474 | 0.168 | 0.246 | 0.893 | 0.508 | 0.317 | 0.385 | 0.131 | 0.790 | 0.044
98 0.951 | 0.318 | 0.251 | 0.148 | 0.613 | 0.695 | 0.337 | 0.486 | 0.218 | 0.085 | 0.504 | 0.018
99 0.968 | 0.420 | 0.142 | 0.155 | 0.578 | 0.669 | 0.241 | 0.602 | 0.145 | 0.075 | 0.694 | 0.014
100 0.969 | 0.359 | 0.440 | 0.121 | 0.585 | 0.687 | 0.511 | 0.315 | 0.336 | 0.097 | 0.496 | 0.016
101 0.970 | 0.298 | 0.000 | 0.074 | 0.566 | 0.679 | 0.177 | 0.691 | 0.000 | 0.000 | 0.664 | 0.019
102 0.713 | 0.771 | 0.523 | 0.879 | 0.417 | 0.578 | 0.081 | 0.846 | 0.816 | 0.847 | 0.936 | 0.010
103 0.956 | 0.354 | 0.861 | 0.043 | 0.509 | 0.898 | 0.912 | 0.044 | 0.588 | 0.120 | 0.134 | 0.164
104 0.705 | 0.540 | 0.777 | 0.055 | 0.221 | 0.935 | 0.834 | 0.087 | 0.536 | 0.113 | 0.441 | 0.029
105 0.704 | 0.197 | 0.553 | 0.296 | 0.276 | 0.916 | 0.490 | 0.334 | 0.513 | 0.230 | 0.468 | 0.087
106 0.976 | 0.895 | 0.553 | 0.886 | 0.574 | 0.578 | 0.101 | 0.811 | 0.841 | 0.853 | 0.885 | 0.012
107 0.696 | 0.164 | 0.743 | 0.057 | 0.228 | 0.916 | 0.804 | 0.105 | 0.512 | 0.108 | 0.529 | 0.016
108 0.696 | 0.167 | 0.759 | 0.056 | 0.228 | 0.916 | 0.819 | 0.096 | 0.524 | 0.111 | 0.335 | 0.014
109 0.677 | 0.127 | 0.791 | 0.050 | 0.242 | 0.916 | 0.849 | 0.079 | 0.543 | 0.113 | 0.230 | 0.038
110 0.717 | 0.522 | 0.756 | 0.052 | 0.215 | 0.935 | 0.819 | 0.096 | 0.519 | 0.108 | 0.428 | 0.022
111 0.697 | 0.185 | 0.753 | 0.042 | 0.225 | 0.920 | 0.822 | 0.094 | 0.512 | 0.102 | 0.548 | 0.021
112 0.689 | 0.155 | 0.770 | 0.050 | 0.228 | 0.916 | 0.832 | 0.089 | 0.528 | 0.109 | 0.268 | 0.014
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113 0.682 | 0.149 | 0.772 | 0.053 | 0.219 | 0.935 | 0.831 | 0.089 | 0.531 | 0.111 | 0.677 | 0.048
114 0.723 | 0.524 | 0.751 | 0.043 | 0.217 | 0.935 | 0.820 | 0.095 | 0.511 | 0.102 | 0.508 | 0.018
115 0.975 | 0.892 | 0.554 | 0.887 | 0.580 | 0.578 | 0.101 | 0.810 | 0.842 | 0.853 | 0.721 | 0.012
116 0.971 | 0.395 | 0.822 | 0.028 | 0.446 | 0.916 | 0.889 | 0.057 | 0.552 | 0.106 | 0.316 | 0.026
117 0.971 | 0.405 | 0.821 | 0.000 | 0.447 | 0.920 | 0.907 | 0.047 | 0.536 | 0.091 | 0.388 | 0.018
118 0.974 | 0.401 | 0.799 | 0.024 | 0.409 | 1.000 | 0.873 | 0.065 | 0.534 | 0.100 | 0.561 | 0.021
119 0.732 | 0.106 | 0.708 | 0.004 | 0.216 | 0.916 | 0.810 | 0.101 | 0.458 | 0.074 | 0.457 | 0.203
120 0.694 | 0.236 | 0.795 | 0.010 | 0.604 | 0.426 | 0.878 | 0.062 | 0.523 | 0.092 | 0.263 | 0.016
121 0.166 | 0.118 | 0.124 | 0.074 | 0.140 | 0.672 | 0.280 | 0.553 | 0.087 | 0.019 | 0.807 | 0.044
122 0.589 | 0.374 | 0.567 | 0.111 | 0.387 | 0.664 | 0.623 | 0.225 | 0.419 | 0.111 | 0.231 | 0.251
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A.5 QSAR Analysis — Non-Predictive QSAR Models for Molecular Subsets

Before dividing the molecular dataset into training and test sets, non-predictive QSAR models
were generated for different molecular subsets. The term non-predictive denotes that, for each
molecular subset (e.g., molecules with leaving group = F~), all molecules were included in the
model development. This was done in order to gain a better understanding of the most important
descriptors involved in organophosphate hydrolysis, especially since some descriptors selected
when using the entire dataset may be different from those when using only a training set.

Out of the 119 molecules studied, there are several possible molecular subsets that contain enough
molecules to create a statistically significant QSAR model including: all molecules (Nm = 119),
those hydrolyzing through concerted mechanisms (Nm = 57) or stepwise mechanisms (N,
= 62), those with a F~ leaving group (Nm = 37) or CI" leaving group (Nm = 25),
phosphono— molecules composed of alkyl and alkoxy substituents (Nm = 58), and
phosphoro— molecules composed of two alkoxy substituents (Nm = 54). The non-predictive
multi-parametric QSAR models for each of these subsets is included below, along with their
corresponding model statistics. As described in the main text, AGrs: is in kJ/mol and the
descriptors are dimensionless (scaled from O to 1). Uniparametric correlation coefficients
(R%4ni) for individual descriptors are also listed, in order of decreasing statistical
significance.

Included below each model is a matrix containing correlation coefficients between descriptors
(R2iq) within that molecular subset. The diagonal is blacked out, omitting correlations between
descriptors and themselves, for clarity. Inter-descriptor correlations that have R%4 > 0.5 are
considered significant and are highlighted in yellow. Theoretically, these highly correlated
descriptors could be substituted for one another in the non-predictive multi-parametric QSAR
models without significantly affecting the model statistics.

All molecules:

AGrs1 =(73.70 £+ 4.88) +(58.81 £ 9.58)qr — (80.68 + 11.99)BO — (12.33 + 7.40)pKa
—(10.47 £+ 2.92)w + (10.60 + 4.38)V (A.2)
Nm =119, Q*co0 = 0.64, R? = 0.72, F = 59.2, RMSE = 8.02 kJ/mol
Uniparametric correlation coefficients and sign of their slope (R?uni, sign): pKa (0.52, positive),
gr (0.21, positive), BO (0.19, negative), f7 (0.16, negative), V (0.15, positive), IP (0.08,

negative), y (0.05, negative), n (0.03, negative), SOF (0.02, positive), n (0.02, positive), EA (0,
N/A), w (0, N/A).
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Descriptor 1P EA BO [pKa| 1 |SOF| y ) \Y .
qp 0.04 0.04 0.16 | 0.29 | 0.05 | 0.06 | 0.00 | 0.04 0.19 0.04
n 0.05 0.71 0.01 | 0.06 | 0.61 | 0.67 | 0.28 | 0.70 0.25 0.19
1P 0.04 0.22
EA 0.04 0.71
BO 0.16 0.01
pKa 029 | 0.06
n 0.05 | 0.6l
SOF 0.06 0.67
X 0.00 | 028
7 0.04 0.70
\% 0.19 0.25
13 0.04 | 0.19

Concerted mechanism:

AGrts1 = (41.68 + 2.06) + (24.41 + 3.83)qp + (10.52 + 4.47)V
Nm =57, Q’oo = 0.65,R*=0.71, F = 64.7, RMSE = 5.97 kJ/mol

(A.3)

Uniparametric correlation coefficients and sign of their slope (R?uni, sign): gp (0.68, positive),
V (0.48, positive), pKa (0.43, positive), p (0.32, positive), n (0.32, negative), SOF (0.30,
positive), 5 (0.30, negative), EA (0.25, positive), IP (0.24, negative), w (0.22, positive),

BO (0.08, positive), y (0.06, positive).
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Stepwise mechanism:

AGrs1 = (73.74 £+ 7.30) + (33.67 £ 6.28)qp — (60.14 + 14.36)BO + (12.29 + 6.00)pK.
+(8.17 £ 4.46)V (A.4)
Nm =62, Q*.00 =0.69, R? =0.84, F = 75.8, RMSE = 7.11 kJ/mol
Uniparametric correlation coefficients and sign of their slope (R?uni, sign): pKa (0.68, positive),
BO (0.45, negative), w (0.22, negative), V (0.19, positive), y (0.18, negative), IP (0.15,

negative), 5 (0.14, negative), n (0.11, negative), SOF (0.09, positive), g (0.02, positive), p
(0.02, positive), EA (0, N/A).

Descriptor 1P EA BO |pKa| B |SOF| x w \% by
qp 0.01 0.00 0.31 | 0.03 | 0.01 | 0.02 | 0.01 0.00 0.13 0.16
I 0.00
1P 0.01
EA 0.00
BO 0.31
pKa 0.03
n 0.01

SOF 0.02
X 0.01
w 0.00
\% 0.13
f; 0.16

Leaving group = F:

AGts1 =(52.12 £ 1.46) + (18.19 + 3.26)V (A.S5)
Nm =37, Q*.00 =0.34, R =0.47, F = 31.1, RMSE = 4.49 kJ/mol
Uniparametric correlation coefficients and sign of their slope (R?uni, sign): V (0.47, positive),

gr (0.23, positive), p (0.07, positive), w (0.06, negative), EA (0.03, negative), BO (0.03,
positive), y (0.01, negative), IP (0, N/A), 7" (0, N/A), n (0, N/A), SOF (0, N/A).



212

+

Descriptor 1P EA BO n SOF X w \% P
qp 0.06 0.00 0.65 0.05 | 0.03 0.07 0.07 0.21 0.29
R 0.00
1P 0.06

EA 0.00
BO 0.65
n 0.05
SOF 0.03
X 0.07
w 0.07
\% 0.21
f; 0.29

Leaving group = Cl:

AGts1 = (3833 £ 1.24) +(24.34 + 1.68)qer + (4.74 £ 1.69)n

Nm =25, Q’oo = 0.89, R =0.91, F = 116.0, RMSE = 2.40 kJ/mol

(A.6)

Uniparametric correlation coefficients and sign of their slope (R?uni, sign): gp (0.88, positive),
BO (0.57, positive), V (0.43, positive), w (0.10, positive), pu (0.09, positive), EA (0.05,
positive), y (0.04, positive), f5 (0.03, positive), IP (0.01, positive), SOF (0, N/A), n (0, N/A).
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Phosphono— molecules:

AGrts1 =(75.17 + 4.00) — (10.10 £+ 3.41)u — (37.20 + 4.74)BO + (20.36 + 3.72)pKa
(A.7)
Nm =58, Q*.00=0.81, R?=0.86, F = 110.0, RMSE = 6.44 kJ/mol
Uniparametric correlation coefficients and sign of their slope (R?uni, sign): BO (0.77, negative),
pKa (0.68, positive), f7 (0.24, negative), e (0.23, positive), V (0.16, positive), y (0.07,

negative), IP (0.06, negative), n (0.01, negative), nu (0, N/A), SOF (0, N/A), w (0, N/A), EA (0,
N/A).

Descriptor 1P EA BO [pKa| 1 |SOF| y ) \Y by
qp 0.01 0.01 0.07 | 0.66 | 0.01 | 0.02 | 0.01 0.02 0.09 0.45
n 0.06 0.74 0.05 | 0.05 | 0.66 | 0.71 | 0.44 | 0.76 0.30 0.20
1P 0.01 0.33
EA 0.01 0.74
BO 0.07 0.05
pKa 0.66 | 0.05
n 0.01 | 0.66
SOF 0.02 0.71
¥ 0.01 | 0.44
7 0.02 0.76
\% 0.09 0.30
13 045 | 0.20

Phosphoro— molecules:

AGrs1 =(83.40 £ 3.70) — (46.07 + 5.72)BO + (15.26 £ 3.53)pKa (A.8)
N =54, Q’oo = 0.66, R =0.75, F = 77.1, RMSE = 5.89 kJ/mol

Uniparametric correlation coefficients and sign of their slope (R?uni, sign): BO (0.66, negative),
pKa (0.43, positive), f7 (0.27, negative), IP (0.12, negative), gpr (0.08, positive), u (0.07,
positive), y (0.06, negative), n (0.05, negative), V (0.05, positive), SOF (0.04, positive), EA (0,
N/A), w (0, N/A).
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A.6  QSAR Analysis — Comparison of Dataset Division Algorithms for Predictive QSAR
Models

As stated in the main text, we also used more rational algorithms to divide our data into training
and test sets, which we refer to as cluster by rank and modified cluster by rank. As with the random
selection approach, both of these methods include the molecules with the highest and lowest AGrs
values in the training set so that it spans the entire response variable space. Again, 18 out of the
119 total molecules (~15 %) were included in the test set.

For cluster by rank, we first ranked all 119 molecules by AGrs: values, in order from lowest to
highest. Once the molecules with the highest and lowest AGrs: values were placed in the training
set, we divided the remaining 117 molecules into 17 groups. Due to the odd number, the first and
last groups each had one less molecule. Then, one molecule was randomly selected from each
group (two for the middle group) until the test set included 18 molecules.

For modified cluster by rank, the molecules with the highest and lowest AGrs: values were first
placed in the training set. Out of the 119 molecules, there are a total of 23 unique leaving groups
that have different conjugate acid pKa values. At least one molecule with each specific leaving
group was included in the training set. For leaving groups that were present for multiple molecules,
one molecule was randomly chosen for the training set. This was done so that the training set spans
the entire pK, descriptor space, because we already know that the pK., affects the type of hydrolysis
mechanism that each molecule follows. Finally, we ranked the remaining molecules and divided
them into 18 groups, using the same procedure as in cluster by rank, and assigned molecules
randomly from each group until the test set included 18 molecules.

We ran each dataset division algorithm 100 times to examine the variability in model statistics. As
seen in Figures A.3—A.6 below, the more rational algorithms do not have a strong influence on the
resulting QSAR model statistics. Aside from highlighting the optimal cluster by rank and modified
cluster by rank models, we restricted our analysis to the optimal random selection model. Here,
“optimal” denotes the models that yielded the lowest RMSE ;.
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Figure A.3. Training set leave-one-out correlation coefficients for the 100 QSAR models generated using (top)
random selection, (middle) cluster by rank, and (bottom) modified cluster by rank algorithms. Red points indicate the
optimal model for each dataset division algorithm.
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Figure A.4. Test set correlation coefficients for the 100 QSAR models generated using (top) random selection,
(middle) cluster by rank, and (bottom) modified cluster by rank algorithms. Red points indicate the optimal model for
each dataset division algorithm.
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Figure A.5. Test set root-mean-square errors for the 100 QSAR models generated using (top) random selection,
(middle) cluster by rank, and (bottom) modified cluster by rank algorithms. Red points indicate the optimal model for

each dataset division algorithm.
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Figure A.6. Test set Spearman’s rank correlation coefficients for the 100 QSAR models generated using (top) random
selection, (middle) cluster by rank, and (bottom) modified cluster by rank algorithms. Red points indicate the optimal
model for each dataset division algorithm.
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Table A.6. Predictions, residuals, and leverages for training, test, and external set molecules using the optimal random

selection QSAR model (eq 2.12 in the main text).

Molecule # Set Observation | Prediction | Raw Residual Stand‘ftrdized Leverage
(kJ/mol) (kJ/mol) (kJ/mol) Residual

1 Training 39.20 50.83 -11.63 -1.48 0.098
119 Training 128.28 92.98 35.30 4.43 0.067
57 Training 64.26 64.43 -0.17 -0.02 0.051
14 Training 51.45 48.43 3.02 0.37 0.045
80 Training 69.54 61.43 8.11 1.02 0.075
118 Training 104.55 89.29 15.27 1.90 0.053
86 Training 71.91 80.06 -8.15 -1.02 0.056

9 Training 50.47 43.52 6.95 0.88 0.086
35 Training 57.87 60.46 -2.60 -0.32 0.023
44 Training 60.12 63.23 -3.11 -0.38 0.023
90 Training 73.00 77.98 -4.99 -0.62 0.052
100 Training 84.09 83.55 0.54 0.07 0.056

6 Training 48.83 47.98 0.85 0.11 0.045
116 Training 98.39 86.82 11.57 1.44 0.047
73 Training 67.70 71.79 -4.09 -0.51 0.056
99 Training 80.93 80.60 0.33 0.04 0.042
70 Training 66.99 61.95 5.04 0.62 0.020
114 Training 95.30 91.62 3.68 0.46 0.064
74 Training 67.92 67.49 0.43 0.05 0.045
111 Training 91.67 89.19 2.49 0.31 0.058
49 Training 61.02 66.91 -5.89 -0.73 0.047

8 Training 49.08 57.96 -8.88 -1.09 0.032
54 Training 62.76 62.50 0.26 0.03 0.140
38 Training 58.96 66.02 -7.06 -0.88 0.051
105 Training 88.24 88.87 -0.63 -0.08 0.072
40 Training 59.57 55.89 3.68 0.46 0.045
56 Training 63.93 73.17 -9.25 -1.15 0.050
106 Training 89.08 76.71 12.37 1.54 0.059
75 Training 67.93 68.36 -0.42 -0.05 0.043
19 Training 52.41 46.01 6.40 0.79 0.047
21 Training 52.67 53.65 -0.98 -0.12 0.047
47 Training 60.65 68.65 -8.00 -1.00 0.050
48 Training 60.93 69.08 -8.16 -1.01 0.042
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79 Training 69.30 70.13 -0.84 -0.10 0.045

5 Training 48.57 44.66 3.91 0.49 0.050
110 Training 91.11 91.41 -0.30 -0.04 0.063
46 Training 60.26 58.91 1.35 0.17 0.033
82 Training 69.84 78.27 -8.43 -1.05 0.055
102 Training 86.19 71.08 15.10 1.89 0.059
63 Training 65.28 59.36 5.92 0.74 0.054
58 Training 64.42 70.81 -6.39 -0.79 0.049
26 Training 55.72 53.49 223 0.28 0.047
41 Training 59.75 62.12 -2.38 -0.29 0.020
31 Training 57.20 54.64 2.57 0.32 0.076
39 Training 59.29 60.98 -1.69 -0.21 0.080
107 Training 89.59 89.43 0.16 0.02 0.058
72 Training 67.55 56.51 11.04 1.37 0.044
55 Training 63.07 57.26 5.81 0.72 0.048
22 Training 52.76 55.50 -2.75 -0.34 0.046
97 Training 79.80 89.83 -10.03 -1.26 0.075
113 Training 93.92 88.25 5.67 0.71 0.059
3 Training 45.36 57.96 -12.60 -1.56 0.041
109 Training 90.80 85.65 5.15 0.64 0.054
85 Training 71.67 69.17 2.50 0.31 0.052
112 Training 91.97 88.30 3.67 0.46 0.057
25 Training 55.58 64.19 -8.61 -1.07 0.056
42 Training 59.77 68.70 -8.93 -1.11 0.047
11 Training 51.12 48.85 2.27 0.28 0.044
77 Training 69.21 65.91 3.30 0.42 0.085
115 Training 97.30 76.09 21.20 2.65 0.057
7 Training 48.86 43.00 5.86 0.74 0.089
62 Training 65.23 69.19 -3.96 -0.49 0.053
33 Training 57.50 66.08 -8.58 -1.07 0.050
91 Training 74.03 76.93 -2.90 -0.36 0.056
2 Training 42.30 52.32 -10.03 -1.28 0.098
64 Training 66.17 75.98 -9.81 -1.22 0.053
71 Training 67.02 72.21 -5.18 -0.65 0.058
4 Training 47.06 48.45 -1.39 -0.20 0.305
81 Training 69.54 75.94 -6.40 -0.80 0.050
36 Training 58.59 65.57 -6.97 -0.87 0.046
61 Training 65.15 44.99 20.16 2.57 0.092
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43 Training 60.05 61.33 -1.29 -0.16 0.023
18 Training 52.40 52.03 0.37 0.05 0.046
45 Training 60.12 59.93 0.20 0.02 0.054
67 Training 66.79 69.76 -2.97 -0.37 0.050
98 Training 80.79 77.93 2.86 0.36 0.050
92 Training 74.16 79.65 -5.50 -0.68 0.048
30 Training 57.11 67.32 -10.21 -1.27 0.046
103 Training 87.69 79.62 8.07 1.00 0.048
27 Training 56.16 59.55 -3.39 -0.42 0.032
117 Training 100.41 86.20 14.20 1.76 0.048
60 Training 64.98 66.43 -1.45 -0.18 0.047
17 Training 52.33 69.44 -17.11 -2.20 0.113
69 Training 66.87 68.87 -2.00 -0.25 0.053
95 Training 75.75 81.63 -5.88 -0.73 0.056
87 Training 71.93 69.84 2.09 0.26 0.045
76 Training 68.38 66.20 2.18 0.27 0.058
15 Training 52.05 55.55 -3.50 -0.43 0.046
93 Training 74.16 78.82 -4.65 -0.58 0.053
78 Training 69.27 69.81 -0.53 -0.07 0.046
59 Training 64.90 65.08 -0.18 -0.02 0.051
16 Training 52.10 52.90 -0.80 -0.10 0.062
37 Training 58.74 60.75 -2.01 -0.25 0.064
94 Training 74.46 91.50 -17.03 -2.20 0.120
96 Training 78.38 77.78 0.60 0.07 0.052
53 Training 61.86 51.60 10.26 1.36 0.165
68 Training 66.80 61.00 5.79 0.72 0.036
65 Training 66.67 78.95 -12.28 -1.54 0.061
66 Training 66.68 60.66 6.02 0.75 0.058
13 Training 51.22 48.86 2.36 0.29 0.045
20 Training 52.51 48.68 3.83 0.50 0.138
52 Test 61.67 64.10 -2.44 -0.56 0.017
88 Test 72.24 65.46 6.77 1.61 0.067
32 Test 57.50 60.81 -3.31 -0.77 0.026
24 Test 55.06 62.21 -7.15 -1.66 0.020
23 Test 53.47 57.23 -3.76 -0.88 0.037
34 Test 57.60 50.69 6.91 1.62 0.040
84 Test 71.27 73.01 -1.74 -0.41 0.048
29 Test 56.61 61.13 -4.52 -1.05 0.028
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28 Test 56.21 58.51 -2.31 -0.55 0.070
108 Test 90.27 89.01 1.26 0.30 0.057
51 Test 61.52 63.62 -2.10 -0.49 0.022
83 Test 70.83 65.13 5.70 1.34 0.049
10 Test 50.73 47.58 3.15 0.74 0.046
50 Test 61.17 67.90 -6.73 -1.56 0.020
12 Test 51.18 52.19 -1.01 -0.24 0.064
104 Test 88.04 89.70 -1.66 -0.39 0.060
89 Test 72.29 68.51 3.79 0.89 0.045
101 Test 84.24 79.12 5.11 1.19 0.038
120 External 57.83 61.82 -3.99 -0.35 0.020
121 External 83.91 64.73 19.18 1.82 0.140
122 External 72.32 74.56 -2.24 -0.20 0.042
130
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Figure A.7. Comparison between observed (DFT-calculated) free energy barriers with those predicted by the optimal
predictive QSAR model developed using the random selection algorithm (eq 2.12 in the main text). The dashed line
shows the relationship ypred = yoss, Where data points for ideal models should lie close to this line.
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Figure A.8. Distribution of residuals for the optimal predictive QSAR model developed using the random selection
algorithm (eq 2.12 in the main text). The (top) histogram of raw residuals and (bottom) normal probability plot of raw
residuals show that the residuals have an acceptable normal distribution, with one outlier (molecule 119).
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A.8 QSAR Analysis — Optimal Cluster by Rank Predictive QSAR Model

AGts1 = (72.86 £ 5.46) +(60.29 + 10.80)gr — (80.76 + 13.40)BO — (13.58 £+ 8.17)pKa
—(9.18 £ 3.43)w + (10.75 £ 5.11)V (A.9)
Training set: Nm = 101, Q%00 = 0.54, “R5 = 0.68, R?%train = 0.70, F = 45.0, RMSErain = 8.50 kJ/mol
Test set: Nm = 18, R%est= 0.86, RMSEest = 4.91 kJ/mol, Spearman’s p = 0.97
A.9  QSAR Analysis — Optimal Modified Cluster by Rank Predictive QSAR Model

AGrs1 = (139.75 + 17.72) + (75.14 £+ 10.46)qp — (95.61 £ 13.37)BO — (21.56 + 8.68)pK.
—(67.00 + 17.57)n — (74.55 £ 19.06)SOF (A.10)

Training set: Nm = 101, Q%00 = 0.62, “R5 = 0.72, R%train = 0.72, F = 48.9, RMSE rain = 8.24 kJ/mol

Test set: Nm = 18, R%est = 0.89, RMSEcest = 4.40 kJ/mol, Spearman’s p = 0.98
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Appendix B: Supporting Information for Chapter 3

This appendix is a modified version of the Supporting Information for the manuscript in Chapter

3 (J. Phys. Chem. C 2018, 122, 12362—12368).

B.1  Benchmarking Different Levels of Theory for the Uncatalyzed Reaction

Table B.1. Free energy barriers (AG*), enthalpy barriers (AH?), and reaction free energies (AGy) of the uncatalyzed
DMNP hydrolysis reaction obtained at T = 298.15 K and P = 1 atm. All energies are in kJ/mol. Experimental data
obtained from: Ginjaar, L.; Vel, S. Rec. trav. chim. 1958, 77, 956.

Single point energy//geometry AG* AH# AGr
B3LYP/6-311++G**//B3LYP/6-31+G** 68 23 -161
B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G** 55 9 -147
M06/6-311++G**//B3LYP/6-31+G** 44 -1 -167
M06-D3/6-311++G**//B3LYP/6-31+G** 42 -4 -
M06-2X/6-311++G**//B3LYP/6-31+G** 44 -1 -
M06/6-311++G**//M06/6-31+G** 42 -3 -166
M06-D3/6-311++G**//M06/6-31+G** 40 -5 -
M06-2X/6-311++G**//M06/6-31+G** 42 -3 -
HF/6-31+G*//HF/6-31+G* 102 53 -
MP2/6-311++G**//B3LYP/6-31+G** 57 12 -
MP2/6-311++G**//M06/6-31+G** 56 12 -
MP2/6-311++G**//HF/6-31+G* 63 15 -
CBS-QB3 68 19 -
Experiment 81 49 -

Comparing the enthalpy barriers in Table B.1, the “lowest” level of theory HF/6-31+G*
corresponds to the best agreement with experiment. We believe that HF performs so well in this
situation due to a fortuitous error cancellation. The B3LYP method performs remarkably similar
to CBS-QB3, which inspires confidence in using B3LYP to study these reactions. For modeling
the NU-1000-catalyzed reactions, the inclusion of dispersion corrections is necessary since the
adsorbate has significant dispersion interactions with the MOF, and thus the B3LYP-D3(BJ) level
of theory was chosen for all calculations. We note that a recent computational study using NU-
1000 clusters found good agreement among the MO06-L, PBE-D3, B3LYP-D3, and MO06
functionals for describing trends between energy barriers and molecular descriptors.!



Table B.2. Electronic energies, free energies, and enthalpies at different levels of theory for the optimized species of

the uncatalyzed DMNP hydrolysis reaction obtained at T =298.15 K and P =1 atm.
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Single point energy//geometry Species | E (hartree) G (hartree) H (hartree)
DMNP | 1158384872 | -1158.432389 | -1158.367401

B3LYP/6-311++G**//B3LYP/6-31+G** OH 75.950644 -75.966902 ~75.947339
TS | -1234325195 | -1234.373353 | -1234.306065

DMNP

B3LYP-D3(BJ)/6-3114+G**/B3LYP/6- -1158.435474 | -1158.482991 | -1158.418003

3G OH -75.950890 -75.967148 -75.947585
TS | -1234.381147 | -1234.429305 | -1234.362017
DMNP | 1157870851 | -1157.918368 | -1157.853380

MO06/6-311++G**//B3LYP/6-31+G** OH -75.907261 -75.923519 -75.903956
TS | -1233.777007 | -1233.825165 | -1233.757877
DMNP | 1157.874476 | -1157.921993 | -1157.857005

MO06-D3/6-311++G**//B3LYP/6-31+G** OH -75.907280 75.923538 75.903975
TS | -1233.781453 | -1233.829611 | -1233.762323
DMNP | 1158026654 | -1158.074171 | -1158.009183

MO06-2X/6-311++G**//B3LYP/6-31+G** OH -75.909315 -75.925573 -75.906010
TS | -1233.934878 | -1233.983036 | -1233.915748
DMNP | 1157873435 | -1157.920735 | -1157.856125

MO06/6-311++G**//M06/6-31+G** OH -75.907088 -75.923336 -75.903783
TS | -1233.779900 | -1233.828047 | -1233.760911
DMNP | _1157.877084 | -1157.924384 | -1157.859774

MO06-D3/6-311++G**//M06/6-31+G** OH -75.907088 -75.923336 -75.903783
TS | -1233.784262 | -1233.832409 | -1233.765273
DMNP | 1158028983 | -1158.076283 | -1158.011673

M06-2X/6-311++G**//M06/6-31+G** OH -75.909107 -75.925355 -75.905802
TS | -1233.937633 | -1233.985780 | -1233.918644
DMNP | 1152916345 | -1152.963684 | -1152.899761

HF/6-31+G*//HF/6-31+G* OH -75.502386 75518611 -75.499082
TS | -1228.396591 | -1228.443567 | -1228.378676
DMNP | 1155748443 | -1155.795960 | -1155.730972

MP2/6-311++G**//B3LYP/6-31+G** OH -75.763154 75779412 -75.759849
TS | -1231.505447 | -1231.553605 | -1231.486317
DMNP | 1155748380 | -1155.795680 | -1155.731070

MP2/6-311++G**//M06/6-31+G** OH -75.762906 -75.779154 -75.759601
TS | -1231.505204 | -1231.553351 | -1231.486215
DMNP | 1155725739 | -1155.773078 | -1155.709156

MP2/6-311++G**//HF/6-31+G* OH 75762514 75778738 275759210
TS | -1231.480710 | -1231.527686 | -1231.462796
DMNP | 1156770051 | -1156.817424 | -1156.752574

CBS-QB3 OH -75.846046 -75.862308 75.842742
TS | -1232.606791 | -1232.653686 | -1232.588209
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B.2  Comparison of Regular and Distorted Node Structures

)

Regular Distorted

Figure B.1. Starting structures of (left) regular and (right) distorted NU-1000 node used in this work. Color scheme:
H - white, C - grey, O - red, Zr - cyan.

Regular Distorted

Figure B.2. Comparison of the binding mode of DMNP on (left) regular and (right) distorted NU-1000 node. Color
scheme: H - white, C - grey, N - blue, O - red, P - orange, Zr - cyan.
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B.3  Effect of Dispersion Corrections on the Reaction Free Energy Profiles

NU-1000 node, without dispersion
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Figure B.3. Comparison of the free energy profiles of the DMNP hydrolysis reaction catalyzed by (top) regular and
(bottom) distorted NU-1000 node obtained (left) without and (right) with dispersion corrections. “Sep. R”, “RS”,
“TS”, and “Sep. P correspond to separated reactants, node-DMNP complex, transition state, and separated products,

respectively.



B.4  Natural Bond Orbital Population Analysis
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Table B.3. Partial atomic charges for the uncatalyzed transition state, calculated using the NBO method at B3LYP-
D3(BJ)/6-311++G**//B3LYP/6-31+G**. The ordering of atoms is the same as in the Cartesian coordinates (provided

in the Supporting Information document but omitted here for conciseness).

Atom

NBO Charge

C

-0.237180

-0.161960

0.037130

-0.155000

-0.265940

0.373370

0.232820

0.245160

0.244780

0.238150

0.483120

-0.426610

-0.426600

-0.788480

2.536730

-0.842310

-0.829190

-1.096920

-0.206340

0.196200

0.185390

0.184920

-0.207260

0.172320

0.232600

0.184700

-1.316250

T|Io|m|m|mQ|m|lm|m|Q|O|0o|O|w|o|0|0|z|m|lmlm|m|IOQla|lalA

0.412630
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Table B.4. Partial atomic charges for the NU-1000 node, calculated using the NBO method at B3LYP-D3(BJ)/6-
311++G**//B3LYP/6-31+G**. The ordering of atoms is the same as in the Cartesian coordinates (provided in the
Supporting Information document but omitted here for conciseness).

Atom NBO Charge
Zr 1.969840
Zr 1.945990
Zr 1.974020
Zr 2.292270
Zr 1.989040

1.986110

-0.692390

-0.689190

0.725530

-0.705920

-0.690440

0.220680

-0.698410

-0.692910

0.221310

-0.685510

-0.685800

0.729070

-1.052750

0.495680

-0.700390

-0.662560

0.726070

-0.706680

-0.693170

0.221050

-0.692330

-0.717260

0.221440

-0.678760

-0.702060

0.726670

-1.051630

0.497100

N
[y

T oja|ojo|m|o|o|m|IO|O|0|0|O|m|O|O|0|O|E|O|IO|E|O|IO|O0|0O|O




-1.073920

0.495170

-0.963830

0.517890

-1.083010

-1.099110

-0.978800

0.516160

-0.966200

0.518720

-1.085420

-0.974580

-1.095690

0.535140

-0.907310

0.516930

0.535030

-0.905090

0.512370

-0.908210

0.537870

0.518160

0.135430

0.134490

0.134950

0.133020

-0.195700

-0.195380

-0.195890

-0.183540

-0.167270

0.226990

-0.146150

0.847730

-0.176560

0.226200

-0.193340

oDl o|mE|Dm|E|E|D|OE|O|m|E|O|H|OQ|O|O|E|O|E|O|O|O|E|O|XZ|O

0.215640
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-0.211820

0.216320

-0.166700

0.227030

-0.145970

0.847770

-0.175960

0.226390

-0.193380

0.215710

-0.211790

0.216390

-0.167530

0.227020

-0.145920

0.842780

-0.176540

0.226220

-0.193530

0.215570

-0.211890

0.216330

-0.163790

0.227820

-0.148210

0.853540

-0.165440

0.226200

-0.211840

0.217160

-0.211500

0.217100

-1.029170

0.484180

== j=--R ol ==l N ol iR oNi--A o R ol K oNi--RNoNi--NioN =R Kol i:-R IoN Kol NoRi--N ok oN =N ioN i:} Kol KON oN =N NoRR="R e

0.520920
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Table B.S. Partial atomic charges for the transition state on the NU-1000 node, calculated using the NBO method at
B3LYP-D3(BJ)/6-311++G**//B3LYP/6-31+G**. The ordering of atoms is the same as in the Cartesian coordinates

(provided in the Supporting Information document but omitted here for conciseness).

Atom

NBO Charge

Zr

1.974430

Zr

1.949940

Zr

1.980050

Zr

1.953890

Zr

1.994450

N
[y

1.987020

-0.693660

-0.689400

0.721700

-0.745680

-0.695530

0.219650

-0.693710

-0.705020

0.219800

-0.682850

-0.689650

0.728890

-1.054230

0.493750

-0.699210

-0.664020

0.725990

-0.745450

-0.696670

0.219410

-0.732700

-0.728000

0.219540

-0.679820

-0.702980

0.724390

-1.054300

T o|a|ojo|m|o|o|m|IO|O||0|0O|m|O|OQ|0|O|E|O|IO|E|O|IO|O0|O0|0O

0.495560




-1.053710

0.494080

-0.964270

0.514330

-1.084150

-1.084920

-0.963900

0.515450

-0.966440

0.516420

-1.085050

-0.980240

-1.078650

0.509690

-0.904240

0.533770

0.535850

-0.906860

0.511160

-0.909420

0.537760

0.517070

0.134470

0.133010

0.131990

0.130780

-0.190180

-0.197070

-0.191300

-0.187440

-0.173310

0.225270

-0.183810

0.985740

-0.171210

0.225480

-0.213090

Tio|jD|alajaolmjlajoaojajomZE|D|E|E|D|OE|OIm|E|O|E|OQ|Q|O|E|O|E|O|O|O0O|E|O|XZ|O

0.215550
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-0.213070

0.215430

-0.168150

0.226640

-0.145020

0.842310

-0.177910

0.225910

-0.193730

0.215160

-0.212160

0.215890

-0.172870

0.224470

-0.183620

0.973890

-0.170070

0.226790

-0.213960

0.214890

-0.214810

0.214940

-0.169860

0.226080

-0.187620

0.995710

-0.170820

0.221290

-0.211210

0.216430

-0.211420

0.216330

-1.020690

0.484600

0.531230

-1.046090

-0.273910

olloNieap-Ri--Rlolp--RE o =N KoN iR Iol oNIoN =N N oRk-"R ioN:-R o =N i oNioN Kol "Rl oN =i NoRi--RioNi:-RoN IoN NoN k=N KoN NN @]

-0.163390
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0.053310
-0.162500
-0.275030
0.482870
0.237360
0.246770
0.245550
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B.5 References for Appendix B
1. Simons, M. C.; Ortuiio, M. A.; Bernales, V.; Gaggioli, C. A.; Cramer, C. J.; Bhan, A.; Gagliardi,
L. C-H Bond Activation on Bimetallic Two-Atom Co-M Oxide Clusters Deposited on Zr-Based
MOF Nodes: Effects of Doping at the Molecular Level. ACS Catal. 2018, 8, 2864-2869.

B.6  Optimized Cartesian Coordinates (in A) and Free Energies of Important Species

For conciseness, the Cartesian coordinates are omitted here, but they are available free of charge
in the Supporting Information at https://doi.org/10.1021/acs.jpcc.8b03641.
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Appendix C: Supporting Information for Chapter 4

This appendix is the preliminary version of the Supporting Information for the manuscript in

Chapter 4 (in preparation).

C.1  Hypothetical Hydrolysis Pathways on M(IV)-MOF Nodes

H,0 5 3
GA: 1 + Node-OH, —Z . Node-1 —Z— Node-2 —Z— Node—4

H,0 10 8
GB: 6 + Node-OH, 2. Node-6 2. Node-7 2. Node-9

H,0 10 13
GD: 11 + Node-OH, —Z . Node-11 —Z - Node-12 —Z ~ Node-9

3
H,0 N' Node-15 —Z~ Node-9

VX: 14 + Node-OH, —Z + Node—14 .
?\ Node-16 —<Z Node-9

H,0 10 ?
A-230: 18 + Node-OH, —Z . Node-18 —Z - Node-19 —Z - Node-?

H,0 10 ?
A-232: 20 + Node-OH, —/ . Node—20 —Z - Node-21 —Z + Node—?

H,0 24 24
DMMP: 22 + Node—OH, — /. Node-22 —Z -+ Node—23 —Z + Node-9

Figure C.1. Hypothetical hydrolysis pathways for the nerve agent and simulant molecules occurring on M(IV)-MOF
nodes, using the molecule numbering established in Figure 4.1a of the main text. The terminology ‘“Node-N”
represents molecule N bound to the node. Numbers listed above the curved reaction arrows represent hydrolysis
product molecules (monodentate anions, alcohols, and thiols) released into solution. The question marks in the

pathways for A-230 and A-232 indicate that the full hydrolysis mechanisms for these Novichok agents are currently
unknown.
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C.2  Representative Binding Modes

In Figure C.2a, the node—noOH: structure represents a bare node where the terminal -OH> group
has been removed from the active (binding) site, which was used in the formula to calculate the
binding energies of neutral molecules throughout the study. In Figure C.2b, the node-noOH
structure represents a bare node where the terminal -OH group has been removed from the binding
site, which was used in the formula to calculate the binding energies of monodentate anions. In
Figure C.2c, the node-noOH>, OH structure represents a bare node where the terminal -OH> and —
OH groups have been removed from the binding site, which was used in the formula to calculate
the binding energies of bidentate anions.

(a) (b)

9

Figure C.2. Optimized cluster models for the (a) node—noOH:, (b) node—noOH, and (c) node—noOH>,OH bare node
structures of Zr-NU-1000 (large pore). The benzoate linkers around the binding site are shown in tube format for
clarity, and only the top half of the node is shown to highlight the site where binding occurs. Dark gray, white, red,
and turquoise spheres represent C, H, O, and Zr atoms, respectively.
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Figure C.3 shows structures that are representative of the binding modes for (a) nerve agent and
simulant molecules, (b) alcohol and thiol product molecules, (c) bidentate anions, and (d)
monodentate anions.

J

Figure C.3. Optimized cluster models for molecules (a) 6 (sarin, GB), (b) 8 (isopropanol), (c) 7 (isopropyl
methylphosphonic acid, IMPA), and (d) 10 (fluoride anion) bound to the node of Zr-NU-1000 (large pore). The
benzoate linkers around the binding site are shown in tube format for clarity, and only the top half of the node is shown
to highlight the site where binding occurs. Dark gray, white, red, orange, light blue, and turquoise spheres represent
C,H, O, P, F, and Zr atoms, respectively.
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C.3 Relative Stabilities of Different Binding Orientations: Nerve Agent/Simulant
Molecules

CHs ¥ OiPr

' ‘ 9 '
Relative AGying = 3.2 kJ/mol Relative AGpjnq = 0.0 kd/mol Relative AGying = 11.6 kJ/mol
Figure C.4. Optimized cluster models for the three possible orientations of GB (6) bound to the node of Zr-NU-1000
(large pore), along with their relative binding free energies. Each orientation is named according to the R group (F,
CHs, or OiPr) that is approximately collinear with the neighboring terminal node Zr—OH group. The benzoate linkers
around the binding site are shown in tube format for clarity, and only the top half of the node is shown to highlight

the site where binding occurs. Dark gray, white, red, orange, light blue, and turquoise spheres represent C, H, O, P, F,
and Zr atoms, respectively.
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Table C.1. Relative binding free energies (in kJ/mol) for different orientations of nerve agent and simulant molecules
bound to Zr(IV)-MOF node sites. Values in red indicate the most favorable molecular orientation for each node site.

Molecule | Orientation [\ (0)3]I}] (large UiO-66 d.efect
pore Ui0-66

OEt 0.0 4.6 0.0 14.8 30.8 3.1

1 NMe» 7.3 0.0 4.2 0.0 0.0 0.0
CN 43.6 12.5 11.6 18.8 24.2 3.4

OiPr 0.0 11.6 29.7 12.6 0.4 17.7

6 CHs 29.5 0.0 0.0 0.0 14.8 19.7
F 39.5 32 12.5 4.4 0.0 0.0

OR 0.0 16.8 9.3 5.3 0.0 0.0

11 CHs 21.9 0.0 0.0 3.8 2.9 352
F 534 19.0 18.3 0.0 18.1 6.6

CHs 0.0 0.0 0.0 0.0 0.0 6.8

14 SR 2.4 304 68.6 16.4 20.9 0.0
OEt 5.8 44.8 N/A® 17.9 13.4 11.8

CHs 0.0 0.0 1.3 0.0 0.0 10.3

18 NR 9.2 14.9 19.1 1.9 23.9 252
F 20.3 4.9 0.0 39 7.2 0.0

F 0.0 23.8 19.3 21.2 0.0 12.8

20 NR 6.2 12.4 24.2 20.3 1.6 39.0
OMe 19.1 0.0 0.0 0.0 12.3 0.0

OMe 0.0 0.0 7.3 0.0 0.0 0.9

2 CH3 10.7 14.5 0.0 9.6 28.1 0.0

“N/A indicates that the OFEt orientation for molecule 14 could not be optimized on the Zr-bi(trans)-defect UiO-66

node, despite multiple attempts.
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C.4  Effects of Molecular Size and Dispersion on Binding Energy: Neutral Molecules

(a) SAmol (AZ) (b) SA A
100 150 200 250 300 350 400 450 500 60 mal (A%)
_60 } Il Il Il Il Il Il Il .
6 t\_‘__\
= 701 |8 e b 40 +
5 SaLe TS . -
< g0 4 (10 SRe T S 201 .
= P . Sy T Re=097 £ . .
o e, ° X °
® 90 ¢ e = 0 . : : — } } }
s Increasing Node - o8 e, & 100 150 208 250 "800 30 400 450 500
é’ -100 1+ Connectivity ‘c\,‘{ KP=098 20 M . .
204 e .
\\“\. ° ° °
-110 4+ e .
oR2=0.98 a0 1 R .
L]
-120 L .
60 L ° © .
. Zr-MOF-808 Zr-mono-defect UiO-66
Zr-NU-1000 (large pore) Zr-bi(cis)-defect UiO-66

B Zr-bi(trans)-defect Ui0-66 [ Zr-NU-1000 (c pore)

Figure C.5. The effect of molecular solvent-accessible surface area (S4mor) on (a) the dispersion energy and (b) the

binding free energy computed for node-bound neutral molecules. Neutral molecules refer to molecules 1, 3, 6, 8, 11,
13,14, 17, 18, 20, 22, 24, and H:0.

C.5 Relative Stabilities of Different Binding Orientations: Bidentate Anions

CH3—H3OH OIPI’—[J;;OH J\¢
) ’
/\
Relative AGyq = 11.4 kd/mol Relative AGyjh,q = 0.0 kJ/mol

Figure C.6. Optimized cluster models for the two possible orientations of IMPA (7) bound to the node of Zr-NU-
1000 (large pore), along with their relative binding free energies. Each orientation is named according to the R group
(CHs or OiPr) that is directed towards the bridging node hydroxyl group at the binding site. The benzoate linkers
around the binding site are shown in tube format for clarity, and only the top half of the node is shown to highlight

the site where binding occurs. Dark gray, white, red, orange, and turquoise spheres represent C, H, O, P, and Zr atoms,
respectively.
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Table C.2. Relative binding free energies (in kJ/mol) for different orientations of bidentate anion products bound to
Zr(IV)-MOF node sites. Values in green indicate the most favorable orientation for each node site.

NU-1000 mono- bi(cis)-

Molecule | Orientation [\%(0)%]I}] (large defect defect

pore Ui0-66 Ui0-66

NMe>—p:0H 0.0 0.0 0.0 9.1 12.8
2 OEt—u;0H 12.9 14.5 5.1 0.0 0.0

NMe>—p3:0H 0.0 4.0 3.4 0.0 0.0 8.7
! OH—u3;OH 4.2 0.0 0.0 1.7 7.1 0.0
CHs—u30H 0.0 11.4 0.1 11.6 3.7 0.0
7 OiPr—u;0H 23.9 0.0 0.0 0.0 0.0 4.5
CHs—n30H 0.0 0.0 0.5 0.2 0.0 0.0
? OH—u3:0H 9.4 8.9 0.0 0.0 10.8 0.2
CHs—u30H 0.0 10.8 4.4 11.0 11.6 3.5
12 OR—u;0H 7.6 0.0 0.0 0.0 0.0 0.0
CHs—u30H 0.0 0.0 0.03 2.0 0.0 0.0
5 OEt—u;0H 30.0 35.8 0.0 0.0 2.8 0.4
CHs—u30H 0.0 24.3 16.7 11.1 5.1 15.5
16 SR—u3OH 11.0 0.0 0.0 0.0 0.0 0.0
CHs—u30H 0.0 0.0 0.2 5.1 24.9 4.5
1 NR—p30H 24.8 6.6 0.0 0.0 0.0 0.0
OMe—u;OH 0.0 0.0 0.0 0.0 9.1 0.0
A NR-u;0H 17.0 7.8 5.6 26.5 0.0 1.0
CHs—u30H 0.0 10.9 1.9 12.2 43 3.4
= OMe—u;0H 4.8 0.0 0.0 0.0 0.0 0.0
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Figure C.7. The effect of molecular solvent-accessible surface area (S4mo) on (a) the dispersion energy and (b) the
binding free energy computed for node-bound bidentate anions. Bidentate anions refer to molecules 2, 4,7, 9, 12, 15,
16, 19, 21, and 23.
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Table C.3. Binding free energies (in kJ/mol) for molecules bound to Zr(IV)-MOF node sites in their most favorable
orientations, corresponding to results in Figure 4.2. Negative and positive values indicate favorable and unfavorable
binding, respectively.

Molecule [ERVTOENT mono defect R nEae -

H:0 7.9 28.1 299 409 545 61.1
1 85 19 46 100 226 303
2 729 11026 1004 979 1154 1116
3 10.8 108 214 134 136 577
4 780 915 967 854 1000 1016
5 307 453 264 336 135 322
6 48 2.7 170 125 203 533
7 878 927 8.1 829 96.0 1029
8 63 28 12,1 42 170 217
9 923 909 1079 1080 1197 1186
10 2413 2668 2422 255.0 2267.0 2489
1 22 23 4.2 108 75 406
12 83.0 827 707 1010 1019 835
13 15.9 175 128 242 311 -15.1
14 8.6 305 39.1 246 194 575
15 1014 989 1002 89.8 -109.6 11092
16 92,0 1029 904 758 989 1008
17 324 52.1 53.6 311 46.8 2.0
18 175 187 2835 224 4538 622
19 119.4 11223 1043 1082 1293 1384
20 249 26.1 349 423 22.1 612
21 088 1146 925 109.1 1113 1193
2 53 5.0 44 11 242 454
23 763 902 1016 1049 1216 1124
24 236 10.5 227 229 364 579
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Binding Free Energies on M-MOF-808 Nodes
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Figure C.8. Binding free energies for (a) water, (b) nerve agent and simulant molecules, (c) alcohol and thiol
of M-MOF-808 (M = Zr, Hf, Ce, Th).
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Effect of Metal Electronegativity on Water Binding Energy: M(IV)-MOF Nodes

XMa+ node (€V)

50 55 60

Figure C.9. The effect of the electronegativity of M*" cations in the nodes of M-bi(trans)-defect UiO-66 on the binding

free energy for water.
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Figure C.10. The effect of the electronegativity of M*" cations in the nodes of M-MOF-808 on the binding free energy

for water.
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Table C.4. Binding free energies (in kJ/mol) for molecules bound to M-bi(trans)-defect UiO-66 node sites,
corresponding to results in Figure 4.3. Negative and positive values indicate favorable and unfavorable binding,

respectively.

Molecule Zrx Hf Ce Th
H:0 -29.9 -35.4 -32.0 -38.2
1 4.6 -4.6 -27.2 -19.0
2 -100.4 -103.6 -135.3 -86.8
3 -21.4 -29.5 -30.6 -37.6
4 -96.7 -99.7 -129.9 -89.0
5 -26.4 -26.6 -27.8 -21.1
6 -17.0 -25.5 -31.1 -12.7
7 -89.1 -92.4 -131.4 -71.0
8 -12.1 -17.6 -27.5 -34.5
9 -107.9 -110.6 -135.5 -92.5
10 -242.2 -242.8 -250.1 -229.1
11 -4.2 -13.2 -30.2 -19.3
12 -70.7 -75.0 -127.4 -58.9
13 -12.8 -33.5 -30.3 -36.5
14 -39.1 -40.7 -59.9 -45.9
15 -100.2 -104.4 -130.1 -101.6
16 -90.4 -96.5 -145.0 -101.5
17 53.6 423 2.9 33.9
18 -28.5 -33.5 -42.4 -28.9
19 -104.3 -110.0 -157.4 -87.4
20 -34.9 -41.1 -48.0 -32.5
21 -92.5 -95.2 -154.7 -95.1
22 -4.4 -10.5 -26.5 -17.4
23 -101.6 -105.1 -130.9 -84.0
24 -22.7 -29.3 -28.9 -60.2
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Table C.5. Binding free energies (in kJ/mol) for molecules bound to M-MOF-808 node sites, corresponding to results
in Figure C.8. Negative and positive values indicate favorable and unfavorable binding, respectively.

Molecule Zrx Hf Ce Th
H:0 -7.9 -14.8 -28.8 -21.6
1 -8.5 -0.4 -17.9 -7.4
2 -72.9 -74.6 -103.4 -88.0
3 10.8 17.4 -21.8 -20.2
4 -78.0 -84.1 -112.1 -95.5
5 -30.7 -34.6 -20.6 -9.5
6 -4.8 1.9 -18.5 -0.7
7 -87.8 -90.8 -108.3 -92.5
8 -6.3 -5.8 -24.6 -24.1
9 -92.3 -94.4 -120.0 -106.0
10 -241.3 -263.1 -239.2 -214.9
11 2.2 7.4 -20.2 -5.0
12 -83.0 -80.8 -115.0 -85.3
13 15.9 18.7 -23.0 -10.6
14 8.6 14.2 -26.8 -12.5
15 -101.4 -102.1 -114.8 -100.0
16 -92.0 -95.0 -107.2 -95.3
17 324 37.9 -10.3 -22.7
18 -17.5 -12.0 -32.3 -22.0
19 -119.4 -118.9 -150.4 -119.2
20 -24.9 -20.0 -29.8 -24.8
21 -98.8 -105.3 -133.1 -113.5
22 -5.3 -5.2 -18.3 -14.8
23 -76.3 -79.0 -105.9 -90.9
24 -23.6 -16.4 -22.2 -17.0




C.11 QSAR Modeling: Molecular Descriptors

Table C.6. List of molecular descriptors used in the QSAR models for the prediction of binding free energies.

251

Descriptor Notation Unit Range*
NBO partial atomic charge on binding O/S atomb qo/s,mol a.u. (—1.149) — (-0.148)
z:/:;l%e NBO partial atomic charge on binding O Ao AL (11.226)— (_1.189)
Wiberg bond index of binding O/S atom” Blosmol 1.424 — 2.041
average Wiberg bond index of binding O atoms’ | 4VB,,,; 1.308 —1.368
molecular volume Vinot cm’/mol 17.289 — 205.526, 63.697 — 184.317
solvent-accessible surface area S4, ., A 113.827 —483.313, 220.756 — 420
molecular dipole moment Umol Debye 1.704 — 7.723,4.911 — 16.278
total number of atoms in molecule ndt 3-42,9-35
number of electrons in molecule nElec 10 — 146, 50 — 130
molecular ionization potential ol hartree 0.261 - 0.383,0.254 - 0.318
molecular electron affinity EA hartree (=0.112) = (-0.019), (-0.115) — (-0.057)
molecular hardness M ol hartree 0.160 — 0.246, 0.162 — 0.217
molecular softness Swmot hartreefl 4.057 - 6.259,4.611 - 6.180
molecular electronegativity X ool hartree 0.092 -0.147,0.081 - 0.108
molecular electrophilicity ol hartree 0.025-0.065, 0.018 — 0.034
number of hydrogen atoms in molecule nH 2-26,4-21
number of carbon atoms in molecule nC 0-11,1-9
number of nitrogen atoms in molecule nN,_, 0-2,0-2
number of oxygen atoms in molecule” 10, 0-3
number of non-hydrogen atoms in molecule nNonH 1-16,5—-14
number of rotatable bonds in molecule nRB, 0-8,0-6
number of donor atoms for H-bonds in molecule’ | "HB ot 0-2
E?(ﬁ?elj(;fle of acceptor atoms for H-bonds in | .p a 1-53-5
molecular unsaturation index” u,, 0-1.585
molecular hydrophilicity index I, (-0.673) — 6.169, (-0.626) — 0.671
molecular weight mol g/mol 18.015 -267.368, 95.014 — 238.306
average molecular weight AMw, g/mol 4.866 —7.783, 6.636 — 10.557

“The values in red and green correspond to neutral molecules and bidentate anions, respectively. “These descriptors
were only computed for neutral molecules. “These descriptors were only computed for bidentate anions.
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Below, we provide more explicit definitions and equations for some of the molecular descriptors
described in the main text and shown in Table C.6.

Molecular ionization potential (/Pn.): refers to the amount of energy required to remove the
valence electron from an isolated neutral species. Koopmans’ theorem! may be used to relate the
ionization potential to the energy of the highest occupied molecular orbital, where /P = —Eromo.

Molecular electron affinity (EAm.): refers to the difference in energy of a neutral species and its
anion. Koopmans’ theorem! may be used to relate the electron affinity to the energy of the lowest
unoccupied molecular orbital, where EA o = —Erumo.

Molecular hardness (7, ,): measures the stability of a molecule.

Molecular softness (Sno): measures the reactivity of a molecule.

Molecular electronegativity (y, ,): describes the strength with which a species attracts electrons.

mol

Molecular electrophilicity (w, ,): measures the reactivity of a species towards attracting electrons

from a nucleophile.

] b 2 .
Using Koopmans’ theorem, Parr and co-workers” derived 1, Smol, X1, and @,,.; as:

Moy = —mel—2rmel (C.1)
Simol = n:wl (C.2)
Xmoy = et Ermel (C3)
Wpmor = 2oL (C.4)

2Mmol

Molecular unsaturation index (Ul ): measures the extent of unsaturated bonds in a molecule. The

definition as described in the user manual for Dragon? is:

Ulypor = log,(1 + nDBy,o; + nTBpo + NAB o) (C.5)

where nDBoi, n'TBnoi, and n4Bn.: denote the number of double, triple, and aromatic bonds in the
molecule, respectively.

Molecular hydrophilicity index (Hy!, ): measures the extent of hydrophilicity of a molecule.?

1 1 nHYmol
1+nH log,(14+nH +ncC ( lo )+ e
( Ymo1)1082( Ymol) MmO\ nNonHy, o anNonHmol W
(C.6)

log, (1+nNonH 1)

Hylmol =
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where nHymo denotes the number of hydrophilic groups (number of H atoms bonded to O, S, or N
atoms) in the molecule.
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Figure C.11. Heatmap of absolute value Pearson’s correlation coefficients between molecular descriptors for the
neutral molecules.
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Figure C.12. Heatmap of absolute value Pearson’s correlation coefficients between molecular descriptors for the
bidentate anions.
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Table C.7. The unscaled values of the molecular descriptors for the neutral molecules used for QSAR modeling. For
descriptor units, refer to Table C.6.

Molecule | qosmor | Blosmor Vol SA, HMmo | nAt,, | nElec, | IP . | EA, , | 1.,
H:0 -0.972 1.533 17.289 | 113.827 | 2.440 3 10 0.383 | -0.110 | 0.246
1 -1.098 1.492 125.453 | 342.293 | 7.046 21 86 0.313 | -0.019 | 0.166
3 -0.808 1.735 40.278 | 184.254 | 2.104 9 26 0.338 | -0.107 | 0.222
6 -1.127 1.459 102.993 | 291.424 | 3.721 18 74 0.372 | -0.094 | 0.233
8 -0.814 1.736 63.600 | 209.187 | 2.184 12 34 0.338 | -0.100 | 0.219
11 -1.125 1.460 145.404 | 347.746 | 3.749 27 98 0.366 | -0.086 | 0.226
13 -0.809 1.745 89.137 | 270.280 | 2.269 21 58 0.330 | -0.094 | 0.212
14 -1.127 1.460 | 205.526 | 483.313 | 2.713 42 146 0.261 | -0.058 | 0.160
17 -0.148 2.041 144.837 | 353.589 | 1.704 29 90 0.262 | -0.079 | 0.170
18 -1.149 1.424 152.558 | 377.772 | 7.723 28 104 0.292 | -0.030 | 0.161
20 -1.137 1.445 155.593 | 388.342 | 6.867 29 112 0.298 | -0.027 | 0.162
22 -1.136 1.441 91.313 | 277.482 | 5.697 16 66 0.370 | -0.096 | 0.233
24 -0.793 1.745 28.765 | 146.818 | 2.123 6 18 0.343 | -0.112 | 0.227
Molecule | Swo Kool w | nHd, | «C, | &N, | »n0, | «oNonH, | nRB, & | nHBd,
H:0 4.057 | 0.136 | 0.038 2 0 0 1 1 0 2
1 6.031 | 0.147 | 0.065 11 5 2 2 10 4 0
3 4.498 | 0.115 | 0.030 6 2 0 1 3 0 1
6 4291 | 0.139 | 0.041 10 4 0 2 8 2 0
8 4.566 | 0.119 | 0.033 8 3 0 1 4 0 1
11 4.429 | 0.140 | 0.043 16 7 0 2 11 3 0
13 4723 | 0.118 | 0.033 14 6 0 1 7 1 1
14 6.259 | 0.101 | 0.032 26 11 1 2 16 8 0
17 5.873 | 0.092 | 0.025 19 8 1 0 10 4 0
18 6.208 | 0.131 | 0.053 16 7 2 1 12 4 0
20 6.158 | 0.135 | 0.056 16 7 2 2 13 5 0
22 4286 | 0.137 | 0.040 9 3 0 3 7 2 0
24 4.402 | 0.116 | 0.029 4 1 0 1 2 0 1




Table C.7 (continued).

Molecule | nHBa, 6 | Ul | Hyl, | MW,k | AMW,
H>0 1 0 6.169 | 18.015 6.005
1 4 1.585 | -0.480 | 162.129 7.720
3 1 0 0.638 | 46.069 5.119
6 3 1 -0.473 | 140.094 7.783
8 1 0 0.323 | 60.096 5.008
11 3 1 -0.614 | 182.175 6.747
13 1 0 -0.088 | 102.177 4.866
14 3 1 -0.673 | 267.368 6.366
17 1 0 -0.161 | 161.307 5.562
18 4 1.585 | -0.565 | 194.190 6.935
20 5 1.585 | -0.523 | 210.189 7.248
22 3 1 -0.401 | 124.076 7.755
24 1 0 1.262 | 32.042 5.340
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Table C.8. The unscaled values of the molecular descriptors for the bidentate anions used for QSAR modeling. For

descriptor units, refer to Table C.6.

Molecule | Avqomo | AvBI, Omol Vinol SA, ., Mmol nAt, , | nElec, | IP, 6 | EA,, L/
2 -1.200 1.345 107.803 | 317.303 | 8.968 20 82 0.264 | -0.102 | 0.183
4 -1.204 1.339 78.980 | 253.376 | 7.104 14 66 0.271 | -0.105 | 0.188
7 -1.210 1.332 94.664 | 293.255 | 8.660 18 74 0.316 | -0.103 | 0.210
9 -1.217 1.321 63.697 | 220.756 | 4.911 9 50 0.318 | -0.115 | 0.217
12 -1.210 1.333 138.440 | 354.065 | 9.347 27 98 0.315 | -0.098 | 0.206
15 -1.210 1.332 89.112 | 279.764 | 7.724 15 66 0.318 | -0.113 | 0.215
16 -1.189 1.368 184.317 | 420.152 | 16.278 35 130 0.254 | -0.091 | 0.173
19 -1.226 1.308 152.276 | 386.074 | 15.554 28 104 0.258 | -0.070 | 0.164
21 -1.204 1.341 152.309 | 387.380 | 15.213 29 112 0.267 | -0.057 | 0.162
23 -1.209 1.332 66.722 | 249.963 | 6.559 12 58 0.318 | -0.114 | 0.216
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Table C.8 (continued).

Molecule | Swo Kool o, | nH, | n»nC, | &8N, | aNonH, | nRB, | nHBa, | Hyl ,
2 5470 | 0.081 | 0.018 11 4 1 9 3 4 -0.424
4 5.324 | 0.083 | 0.018 7 2 1 7 1 4 0.447
7 4.772 | 0.106 | 0.027 10 4 0 8 2 3 -0.473
9 4.611 | 0.101 | 0.024 4 1 0 5 0 3 0.671
12 4.847 | 0.108 | 0.029 16 7 0 11 3 3 -0.614
15 4.643 | 0.103 | 0.024 8 3 0 7 2 3 -0.401
16 5.792 | 0.082 | 0.019 21 9 1 14 6 3 -0.626
19 6.082 | 0.094 | 0.027 16 7 2 12 4 4 -0.565
21 6.180 | 0.105 | 0.034 16 7 2 13 5 5 -0.523
23 4.632 | 0.102 | 0.024 6 2 0 6 1 3 -0.307

Molecule | MW, , | AMW,

2 152.110 7.606
4 124.056 8.861
7 137.095 7.616
9 95.014 10.557
12 179.176 6.636
15 123.068 8.205
16 238.306 6.809
19 191.191 6.828
21 207.190 7.144
23 109.041 9.087
The formula used to scale descriptors was as follows:
xS, = il = Xjmin (C.7

2 . —_
J Xjmax ~— Xjmin

where x;; and x;; are the unscaled and scaled j™ descriptor values for molecule 7, respectively, and
Xj min and X; ;q, are the minimum and maximum values for the /” descriptor. For all descriptors,
min(xisj) = 0 and max(xisj) = 1. Scaling was performed separately for the neutral molecules

descriptors and the bidentate anions descriptors.
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Table C.9. The scaled values of the molecular descriptors for the neutral molecules used for QSAR modeling.

Molecule | qosmor | Blosmor Vot S4,., Hmor | nAt, | nElec, | IP | EA . | n,,
H:0 0.177 0.176 0.000 0.000 0.122 | 0.000 0.000 1.000 | 0.013 | 1.000
1 0.051 0.110 0.575 0.618 0.887 | 0.462 0.559 0.423 | 1.000 | 0.070
3 0.341 0.504 0.122 0.191 0.066 | 0.154 0.118 0.631 | 0.050 | 0.722
6 0.023 0.057 0.455 0.481 0.335 | 0.385 0.471 0912 | 0.189 | 0.845
8 0.335 0.505 0.246 0.258 0.080 | 0.231 0.176 0.635 | 0.128 | 0.683
11 0.024 0.060 0.681 0.633 0.340 | 0.615 0.647 0.862 | 0.279 | 0.761
13 0.340 0.521 0.382 0.423 0.094 | 0.462 0.353 0.563 | 0.191 | 0.599
14 0.022 0.060 1.000 1.000 0.168 | 1.000 1.000 0.000 | 0.575 | 0.000
17 1.000 1.000 0.678 0.649 0.000 | 0.667 0.588 0.005 | 0.355 | 0.121
18 0.000 0.000 0.719 0.714 1.000 | 0.641 0.691 0.254 | 0.880 | 0.015
20 0.012 0.034 0.735 0.743 0.858 | 0.667 0.750 0.301 | 0.914 | 0.030
22 0.013 0.028 0.393 0.443 0.663 | 0.333 0.412 0.898 | 0.164 | 0.848
24 0.355 0.520 0.061 0.089 0.070 | 0.077 0.059 0.672 | 0.000 | 0.778
Molecule | Swo Kool o | nHd, | «C, | &N, | »n0, | «oNonH, | nRB, & | nHBd,
H:0 0.000 | 0.807 | 0.322 | 0.000 | 0.000 | 0.000 | 0.333 0.000 0.000 1.000
1 0.896 | 1.000 | 1.000 | 0.375 | 0.455 | 1.000 | 0.667 0.600 0.500 0.000
3 0.200 | 0.433 | 0.133 | 0.167 | 0.182 | 0.000 | 0.333 0.133 0.000 0.500
6 0.106 | 0.858 | 0.416 | 0.333 | 0.364 | 0.000 | 0.667 0.467 0.250 0.000
8 0.231 | 0.503 | 0.195 | 0.250 | 0.273 | 0.000 | 0.333 0.200 0.000 0.500
11 0.169 | 0.879 | 0.467 | 0.583 | 0.636 | 0.000 | 0.667 0.667 0.375 0.000
13 0.302 | 0.476 | 0.203 | 0.500 | 0.545 | 0.000 | 0.333 0.400 0.125 0.500
14 1.000 | 0.180 | 0.189 | 1.000 | 1.000 | 0.500 | 0.667 1.000 1.000 0.000
17 0.825 | 0.000 | 0.000 | 0.708 | 0.727 | 0.500 | 0.000 0.600 0.500 0.000
18 0977 | 0.714 | 0.709 | 0.583 | 0.636 | 1.000 | 0.333 0.733 0.500 0.000
20 0954 | 0.794 | 0.788 | 0.583 | 0.636 | 1.000 | 0.667 0.800 0.625 0.000
22 0.104 | 0.821 | 0.385 | 0.292 | 0.273 | 0.000 | 1.000 0.400 0.250 0.000
24 0.156 | 0.436 | 0.119 | 0.083 | 0.091 | 0.000 | 0.333 0.067 0.000 0.500




Table C.9 (continued).

Molecule | nHBa,, | UL , | Hyl , | MW,k | AMW, ,
H>0 0.000 0.000 | 1.000 0.000 0.391
1 0.750 1.000 | 0.028 0.578 0.979
3 0.000 0.000 | 0.192 0.113 0.087
6 0.500 0.631 | 0.029 0.490 1.000
8 0.000 0.000 | 0.146 0.169 0.049
11 0.500 0.631 | 0.009 0.658 0.645
13 0.000 0.000 | 0.085 0.338 0.000
14 0.500 0.631 | 0.000 1.000 0.514
17 0.000 0.000 | 0.075 0.575 0.239
18 0.750 1.000 | 0.016 0.707 0.709
20 1.000 1.000 | 0.022 0.771 0.817
22 0.500 0.631 | 0.040 0.425 0.990
24 0.000 0.000 | 0.283 0.056 0.163

Table C.10. The scaled values of th
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e molecular descriptors for the bidentate anions used for QSAR modeling.

Molecule | Avgoma | AVBI, Omol Vinol SA, Mmol nAt, , | nElec, | IP, | EA,, Mot
2 0.702 0.618 0.366 0.484 0.357 | 0.423 0.400 0.143 | 0.227 | 0.381
4 0.577 0.513 0.127 0.164 0.193 | 0.192 0.200 0.252 | 0.176 | 0.472
7 0.418 0.392 0.257 0.364 0.330 | 0.346 0.300 0.959 | 0.204 | 0.867
9 0.228 0.209 0.000 0.000 0.000 | 0.000 0.000 1.000 | 0.000 | 1.000
12 0.409 0.405 0.620 0.669 0.390 | 0.692 0.600 0.944 | 0.299 | 0.808
15 0.433 0.397 0.211 0.296 0.247 | 0.231 0.200 0.995 | 0.046 | 0.973
16 1.000 1.000 1.000 1.000 1.000 | 1.000 1.000 0.000 | 0.418 | 0.197
19 0.000 0.000 0.734 0.829 0.936 | 0.731 0.675 0.061 | 0.765 | 0.047
21 0.584 0.550 0.735 0.836 0.906 | 0.769 0.775 0.196 | 1.000 | 0.000
23 0.441 0.404 0.025 0.146 0.145 | 0.115 0.100 0.993 | 0.026 | 0.982




Table C.10 (continued).
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Molecule | Swo Kool o, | nH, | n»nC, | &8N, | aNonH, | nRB, | nHBa, | Hyl ,
2 0.548 | 0.000 | 0.000 | 0.412 | 0.375 | 0.500 0.444 0.500 0.500 0.156
4 0.455 | 0.072 | 0.024 | 0.176 | 0.125 | 0.500 0.222 0.167 0.500 0.827
7 0.103 | 0916 | 0.554 | 0.353 | 0.375 | 0.000 0.333 0.333 0.000 0.118
9 0.000 | 0.747 | 0.361 | 0.000 | 0.000 | 0.000 0.000 0.000 0.000 1.000
12 0.151 | 1.000 | 0.654 | 0.706 | 0.750 | 0.000 0.667 0.500 0.000 0.010
15 0.020 | 0.790 | 0.406 | 0.235 | 0.250 | 0.000 0.222 0.333 0.000 0.174
16 0.753 | 0.038 | 0.095 | 1.000 | 1.000 | 0.500 1.000 1.000 0.000 0.000
19 0.938 | 0.476 | 0.552 | 0.706 | 0.750 | 1.000 0.778 0.667 0.500 0.047
21 1.000 | 0.880 | 1.000 | 0.706 | 0.750 | 1.000 0.889 0.833 1.000 0.079
23 0.013 | 0.766 | 0.383 | 0.118 | 0.125 | 0.000 0.111 0.167 0.000 0.246

Molecule | MW, | AMW,

2 0.398 0.247
4 0.203 0.567
7 0.294 0.250
9 0.000 1.000
12 0.587 0.000
15 0.196 0.400
16 1.000 0.044
19 0.671 0.049
21 0.783 0.130
23 0.098 0.625



C.12 QSAR Modeling: Node Descriptors
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Table C.11. List of node descriptors used in the QSAR models for the prediction of binding free energies.

bondh

Descriptor Notation Unit Range*
distance between 2 binding site metal atoms dr-Mpnode A 3.584-3.997,3.559 -4.017
NBO partial atomic charge on binding site M atom’ | node a.u. 1.921 -2.341
average NBO partial atomic charge on binding site
¢ AVvGu node a.u. 1.990 - 2.317
M atoms
Wiberg bond index of binding site M atom’ Bl node 3.212-4.092
average Wiberg bond index of binding site M
c AvBIynode 3.235-3.903
atoms
NBO population of valence orbitals of binding site
Pop & ValPop,, . 1.590 —2.072
M atom ’
average NBO population of valence orbitals of
verase popt’ AvVvalPop,, . 1.622 —2.000
binding site M atoms o
experimental ionization potential of M atom IPy4+ node eV 58.000 — 80.348, 58.000 — 80.348
experimental electron affinity of M4+ atom EArs+ node eV 28.648 —36.906, 28.648 — 36.906
experimental hardness of M4+ atom N M4+ node eV 14.322 —22.965, 14.322 — 22.965
experimental softness of M4+ atom S+ node ev’l 0.044 —0.070, 0.044 - 0.070
experimental electronegativity of M' atom XM#+node eV 43.324 - 57.383, 43.324 — 57.383
experimental electrophilicity of M4+ atom W M4+ node eV 63.947 —91.618, 63.947 —91.618
atomic number of binding site M atom ZM node 40 -90, 40 -90
atomic weight of binding site M atom AtWtr node g/mol 91.224 —232.040, 91.224 — 232.040
period in the periodic table of binding site M atom | Pdasnode 5-7,5-7
covalent radius of binding site M atom CoVR i node A 1.75-2.06, 1.75 - 2.06
total number of linkers per node nLink . 6-11,6 11
linker bite angle Bite . degree | 138.194 —157.337, 138.127 — 156.311
number of electrons in node nklec, . 790 — 1266, 780 — 1256
NBO partial atomic charge on binding site p,O(H
p 4 g K, O(H) Gu30(H) node a.u. (-0.974) — (-0.867), (—0.985) — (—0.888)
atom
NBO partial atomic charge on binding site p,(O)H
p g gsite py (O | e au. 0.514 - 0.529, 0.509 — 0.520
atom
NBO partial atomic charge on binding site p30 atom | q,,30,node au. (-1.137) = (-0.916), (—1.163) — (-0.930)
NBO partial atomic charge on binding site terminal
b q1O0(H),node a.u. (-1.081) — (-0.976)
O(H) atom
NBO partial atomic charge on binding site terminal
b qt(0O)H,node a.u. 0.500 — 0.508
(O)H atom
bond length of binding site terminal M—OH bond’ | BLot-otnode A 2.030-2.210
Wiberg bond order of binding site terminal M—OH
BOuws-ot node 0.700 — 0.923
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“The values in red correspond to node binding sites with the terminal —-OH> group removed (node-noOH?>) and values
in green correspond to node binding sites with the terminal -OH> and —OH groups removed (node—noOH>, OH). *These
descriptors were only computed for node-noOH: structures. “These descriptors were only computed for node—

noOH>,OH structures.
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Figure C.13. Heatmap of absolute value Pearson’s correlation coefficients between node descriptors for the node—
noOH: binding sites.
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Figure C.14. Heatmap of absolute value Pearson’s correlation coefficients between node descriptors for the node—
noOH>,OH binding sites.
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Table C.12. The unscaled values of the node descriptors for the node—noOH: binding sites used for QSAR modeling.
For descriptor units, refer to Table C.11.

—-noOH.
nOdeSi’::‘e’o ? dM—]W,node qM,node Bllll,m;de ValPopMm,de IPM4+,node EAM4+,m)de nM4+,node SM4+,mnie XM4+,n0de
Zr-MOF-808 3.600 2.056 3.667 1.876 80.348 34418 22.965 0.044 57.383
Zr-NU-1000
3.611 2.192 3.432 1.735 80.348 34418 22.965 0.044 57.383
(large pore)
Zr-bi(trans)-
. 3.617 2.233 3.378 1.700 80.348 34418 22.965 0.044 57.383
defect UiO-66
Zr-mono-
. 3.606 2.244 3.360 1.689 80.348 34418 22.965 0.044 57.383
defect UiO-66
Zr-bi(cis)-
. 3.623 2.203 3414 1.725 80.348 34418 22.965 0.044 57.383
defect UiO-66
Zr-NU-1000
3.610 2.196 3.426 1.731 80.348 34418 22.965 0.044 57.383
(c pore)
Hf-bi(trans)-
. 3.595 2.341 3.212 1.590 68.370 33.370 17.500 0.057 50.870
defect UiO-66
Ce-bi(trans)-
. 3.898 2.068 3.768 1.918 65.550 36.906 14.322 0.070 51.228
defect UiO-66
Th-bi(trans)-
. 3.990 2.224 3.781 1.781 58.000 28.648 14.676 0.068 43.324
defect UiO-66
Hf-MOF-808 3.584 2.158 3.517 1.777 68.370 33.370 17.500 0.057 50.870
Ce-MOF-808 3.896 1.921 4.033 2.072 65.550 36.906 14.322 0.070 51.228
Th-MOF-808 3.997 2.065 4.092 1.949 58.000 28.648 14.676 0.068 43.324




Table C.12 (continued).
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— H - q q
nOdeSi’:ZO ’ @ M4+node Zanie At WtMnode P d[ll,m)de COVRJW,node nLlnknode Bltem)de nElecnode qu30(H),node
Zr-MOF-808 71.693 40 91.224 5 1.75 6 155.759 790 -0.933
Zr-NU-1000
71.693 40 91.224 5 1.75 8 149.637 878 -0.942
(large pore)
Zr-bi(trans)-
. 71.693 40 91.224 5 1.75 10 143.714 966 -0.944
defect UiO-66
Zr-mono-
. 71.693 40 91.224 5 1.75 11 142.567 1010 -0.944
defect UiO-66
Zr-bi(cis)-
. 71.693 40 91.224 5 1.75 10 142.463 966 -0.942
defect UiO-66
Zr-NU-1000
71.693 40 91.224 5 1.75 8 138.194 878 -0.943
(c pore)
Hf-bi(trans)-
. 73.936 72 178.490 6 1.75 10 143.415 1158 -0.974
defect UiO-66
Ce-bi(trans)-
. 91.618 58 140.120 6 2.04 10 144.622 1074 -0.905
defect UiO-66
Th-bi(trans)-
. 63.947 90 232.040 7 2.06 10 144.456 1266 -0.882
defect UiO-66
Hf-MOF-808 73.936 72 178.490 6 1.75 6 155.763 982 -0.961
Ce-MOF-808 91.618 58 140.120 6 2.04 6 156.912 898 -0.902
Th-MOF-808 63.947 90 232.040 7 2.06 6 157.337 1090 -0.867




Table C.12 (continued).

node—noOH, Site Qu3(0)H,node qu30,node qto(H),node qt(0)H,node BLy_on,node BOw—on,node
Zr-MOF-808 0.525 -1.053 -1.055 0.503 2.050 0.743
Zr-NU-1000
0.526 -1.064 -1.049 0.504 2.030 0.754
(large pore)
Zr-bi(trans)-
. 0.527 -1.061 -1.052 0.502 2.038 0.743
defect UiO-66
Zr-mono-
. 0.528 -1.062 -1.052 0.501 2.043 0.737
defect UiO-66
Zr-bi(cis)-
. 0.527 -1.063 -1.051 0.501 2.044 0.739
defect UiO-66
Zr-NU-1000
0.527 -1.062 -1.049 0.503 2.035 0.751
(c pore)
Hf-bi(trans)-
. 0.529 -1.137 -1.077 0.500 2.042 0.700
defect UiO-66
Ce-bi(trans)-
. 0.523 -0.916 -0.976 0.508 2.123 0.923
defect UiO-66
Th-bi(trans)-
. 0.515 -1.052 -1.058 0.506 2.170 0.785
defect UiO-66
Hf-MOF-808 0.527 -1.129 -1.081 0.501 2.053 0.701
Ce-MOF-808 0.519 -0.917 -0.991 0.503 2.148 0.891
Th-MOF-808 0.514 -1.040 -1.061 0.500 2.210 0.775

266



267
Table C.13. The unscaled values of the node descriptors for the node—noOH>,OH binding sites used for QSAR
modeling. For descriptor units, refer to Table C.11.

node— d
noOH,,0OH M-

i Avq}ﬂ,node AVBIJW,node AVVaIPOPMm,de IPM4+,node EAM4+,mnle N M4+node SM4+,n0de XMd4+node
Site note

Zr-MOF-

308 3.578 2.117 3.550 1.823 80.348 34.418 22.965 0.044 57.383

Zr-NU-1000
(large pore)

Zr-bi(trans)-
defect UiO- | 3.597 2214 3.392 1.725 80.348 34.418 22.965 0.044 57.383
66

Zr-mono-
defect UiO- | 3.588 2.211 3.396 1.729 80.348 34418 22.965 0.044 57.383
66
Zr-bi(cis)-
defect UiO- | 3.591 2.182 3.437 1.755 80.348 34418 22.965 0.044 57.383

66

Zr-NU-1000
(c pore)
Hf-bi(trans)-
defect UiO- | 3.575 2317 3.235 1.622 68.370 33.370 17.500 0.057 50.870
66
Ce-bi(trans)-
defect UiO- | 3.911 2.097 3.704 1.889 65.550 36.906 14.322 0.070 51.228
66
Th-bi(trans)-
defect UiO- | 4.017 2.254 3.705 1.755 58.000 28.648 14.676 0.068 43.324

66

3.567 2.193 3.418 1.744 80.348 34.418 22.965 0.044 57.383

3.563 2.181 3.437 1.756 80.348 34.418 22.965 0.044 57.383

Hf-MOF-

308 3.559 2218 3.400 1.723 68.370 33.370 17.500 0.057 50.870

Ce-MOF-

308 3.884 1.990 3.899 2.000 65.550 36.906 14.322 0.070 51.228

Th-MOF-

308 3.990 2.152 3.903 1.854 58.000 28.648 14.676 0.068 43.324
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Table C.13 (continued).

noOIZzo,‘f)eI; Site | @Msrnode | Zitnode | AtWirnode | Pdysnode | COVRMnode nLink,,, | Bite, | nElec, . | qusomnode
Zr-MOF-808 71.693 40 91.224 5 1.75 6 155.406 780 -0.947
Zr-NU-1000
71.693 40 91.224 5 1.75 8 149.531 868 -0.965
(large pore)
Zr-bi(trans)-
. 71.693 40 91.224 5 1.75 10 143.341 956 -0.962
defect UiO-66
Zr-mono-
. 71.693 40 91.224 5 1.75 11 142.088 1000 -0.961
defect UiO-66
Zr-bi(cis)-
. 71.693 40 91.224 5 1.75 10 142.144 956 -0.959
defect UiO-66
Zr-NU-1000
71.693 40 91.224 5 1.75 8 138.127 868 -0.964
(c pore)
Hf-bi(trans)-
. 73.936 72 178.490 6 1.75 10 143.053 1148 -0.985
defect UiO-66
Ce-bi(trans)-
. 91.618 58 140.120 6 2.04 10 143.581 1064 -0.927
defect UiO-66
Th-bi(trans)-
. 63.947 90 232.040 7 2.06 10 143.308 1256 -0.902
defect UiO-66
Hf-MOF-808 73.936 72 178.490 6 1.75 6 155.416 972 -0.973
Ce-MOF-808 91.618 58 140.120 6 2.04 6 155.935 888 -0.922
Th-MOF-808 63.947 90 232.040 7 2.06 6 156.311 1080 -0.888




Table C.13 (continued).

node-noOH,,0H Site | qu30)H,n0de qu30,node
Zr-MOF-808 0.520 -1.076
Zr-NU-1000
0.516 -1.088
(large pore)
Zr-bi(trans)-
. 0.514 -1.084
defect UiO-66
Zr-mono-
. 0.515 -1.084
defect UiO-66
Zr-bi(cis)-
. 0.515 -1.085
defect UiO-66
Zr-NU-1000
0.515 -1.087
(c pore)
Hf-bi(t -
bi(trans) 0.514 -1.163
defect UiO-66
Ce-bi(trans)-
. 0.518 -0.935
defect UiO-66
Th-bi(trans)-
. 0.509 -1.079
defect UiO-66
Hf-MOF-808 0.520 -1.155
Ce-MOF-808 0.517 -0.930
Th-MOF-808 0.511 -1.070
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Table C.14. The scaled values of the node descriptors for the node—noOH: binding sites used for QSAR modeling.

nOde_nOOHZ Site :M; GM,node Bllll,m;de ValPOPM’wde IPM4+,node EAM4+,mnle nM4+,node SM4+,mnie XM4+,n0de
Zr-MOF-808 0.039 0.320 0.517 0.594 1.000 0.699 1.000 0.000 1.000
Zr-NU-1000
0.064 0.646 0.250 0.301 1.000 0.699 1.000 0.000 1.000
(large pore)
Zr-bi(trans)-
. 0.079 0.742 0.189 0.228 1.000 0.699 1.000 0.000 1.000
defect UiO-66
Zr-mono-
. 0.052 0.768 0.168 0.206 1.000 0.699 1.000 0.000 1.000
defect UiO-66
Zr-bi(cis)-
. 0.094 0.672 0.230 0.280 1.000 0.699 1.000 0.000 1.000
defect UiO-66
Zr-NU-1000
0.062 0.655 0.243 0.293 1.000 0.699 1.000 0.000 1.000
(c pore)
Hf-bi(trans)-
. 0.025 1.000 0.000 0.000 0.464 0.572 0.368 0.517 0.537
defect UiO-66
Ce-bi(trans)-
. 0.758 0.350 0.632 0.681 0.338 1.000 0.000 1.000 0.562
defect UiO-66
Th-bi(trans)-
. 0.983 0.723 0.647 0.397 0.000 0.000 0.041 0.936 0.000
defect UiO-66
Hf-MOF-808 0.000 0.564 0.346 0.389 0.464 0.572 0.368 0.517 0.537
Ce-MOF-808 0.755 0.000 0.934 1.000 0.338 1.000 0.000 1.000 0.562
Th-MOF-808 1.000 0.344 1.000 0.746 0.000 0.000 0.041 0.936 0.000
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Table C.14 (continued).

— H . q q
nOdeSi’::zo ’ @ M4+node Zanie At WtMnode P d[ll,m)de COVRJW,node nLlnknode Bltenade nElecnode qu30(H),node
Zr-MOF-808 0.280 0.000 0.000 0.000 0.000 0.000 0918 0.000 0.390
Zr-NU-1000
0.280 0.000 0.000 0.000 0.000 0.400 0.598 0.185 0.305
(large pore)
Zr-bi(trans)-
. 0.280 0.000 0.000 0.000 0.000 0.800 0.288 0.370 0.284
defect UiO-66
Zr-mono-
. 0.280 0.000 0.000 0.000 0.000 1.000 0.228 0.462 0.281
defect UiO-66
Zr-bi(cis)-
. 0.280 0.000 0.000 0.000 0.000 0.800 0.223 0.370 0.304
defect UiO-66
Zr-NU-1000
0.280 0.000 0.000 0.000 0.000 0.400 0.000 0.185 0.297
(c pore)
Hf-bi(trans)-
. 0.361 0.640 0.620 0.500 0.000 0.800 0.273 0.773 0.000
defect UiO-66
Ce-bi(trans)-
. 1.000 0.360 0.347 0.500 0.935 0.800 0.336 0.597 0.644
defect UiO-66
Th-bi(trans)-
. 0.000 1.000 1.000 1.000 1.000 0.800 0.327 1.000 0.868
defect UiO-66
Hf-MOF-808 0.361 0.640 0.620 0.500 0.000 0.000 0918 0.403 0.123
Ce-MOF-808 1.000 0.360 0.347 0.500 0.935 0.000 0.978 0.227 0.678
Th-MOF-808 0.000 1.000 1.000 1.000 1.000 0.000 1.000 0.630 1.000




Table C.14 (continued).

node—noOH, Site Qu3(0)H,node qu30,node qto(H),node qt(0)H,node BLy_on,node BOw—on,node
Zr-MOF-808 0.766 0.381 0.245 0.429 0.115 0.195
Zr-NU-1000
0.834 0.330 0.296 0.487 0.000 0.245
(large pore)
Zr-bi(trans)-
. 0.886 0.343 0.275 0.342 0.046 0.194
defect UiO-66
Zr-mono-
. 0.959 0.339 0.275 0.202 0.076 0.169
defect UiO-66
Zr-bi(cis)-
. 0.868 0.333 0.285 0.169 0.078 0.175
defect UiO-66
Zr-NU-1000
0.897 0.336 0.305 0.365 0.032 0.230
(c pore)
Hf-bi(trans)-
. 1.000 0.000 0.033 0.000 0.070 0.000
defect UiO-66
Ce-bi(trans)-
. 0.587 1.000 1.000 1.000 0.517 1.000
defect UiO-66
Th-bi(trans)-
. 0.065 0.384 0.213 0.766 0.777 0.380
defect UiO-66
Hf-MOF-808 0.899 0.036 0.000 0.184 0.128 0.008
Ce-MOF-808 0.305 0.994 0.857 0.377 0.655 0.857
Th-MOF-808 0.000 0.438 0.185 0.046 1.000 0.339
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Table C.15. The scaled values of the node descriptors for the node—noOH>, OH binding sites used for QSAR modeling.

node— d
noOH,,0OH M-

i Avq}ﬂ,node AVBIJW,node AVVaIPOPMm,de IPM4+,node EAM4+,mnle nM4+,node SM4+,mnie XM4+,n0de
Site note

Zr-MOF-

308 0.041 0.389 0.472 0.531 1.000 0.699 1.000 0.000 1.000

Zr-NU-1000
(large pore)

Zr-bi(trans)-
defect UiO- | 0.082 0.686 0.235 0.272 1.000 0.699 1.000 0.000 1.000
66

Zr-mono-
defect UiO- | 0.064 0.676 0.241 0.282 1.000 0.699 1.000 0.000 1.000
66
Zr-bi(cis)-
defect UiO- | 0.069 0.588 0.302 0.351 1.000 0.699 1.000 0.000 1.000

66

Zr-NU-1000
(c pore)
Hf-bi(trans)-
defect UiO- | 0.034 1.000 0.000 0.000 0.464 0.572 0.368 0.517 0.537
66
Ce-bi(trans)-
defect UiO- | 0.768 0.328 0.701 0.704 0.338 1.000 0.000 1.000 0.562
66
Th-bi(trans)-
defect UiO- | 1.000 0.808 0.703 0.350 0.000 0.000 0.041 0.936 0.000

66

0.017 0.620 0.274 0.321 1.000 0.699 1.000 0.000 1.000

0.007 0.584 0.302 0.353 1.000 0.699 1.000 0.000 1.000

Hf-MOF-

308 0.000 0.698 0.247 0.267 0.464 0.572 0.368 0.517 0.537

Ce-MOF-

308 0.710 0.000 0.993 1.000 0.338 1.000 0.000 1.000 0.562

Th-MOF-

308 0.941 0.495 1.000 0.612 0.000 0.000 0.041 0.936 0.000
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Table C.15 (continued).

noOI’Z),dOeI_I Site | @Msrnode | Zutnode | AtWernode | Plstnode | COVRMnode nLink,,, | Bite, , | nElec, . | qusomnode
Zr-MOF-808 0.280 0.000 0.000 0.000 0.000 0.000 0.950 0.000 0.398
Zr-NU-1000
0.280 0.000 0.000 0.000 0.000 0.400 0.627 0.185 0212
(large pore)
Zr-bi(trans)-
. 0.280 0.000 0.000 0.000 0.000 0.800 0.287 0.370 0.240
defect UiO-66
Zr-mono-
. 0.280 0.000 0.000 0.000 0.000 1.000 0218 0.462 0.247
defect UiO-66
Zr-bi(cis)-
. 0.280 0.000 0.000 0.000 0.000 0.800 0.221 0.370 0.271
defect UiO-66
Zr-NU-1000
0.280 0.000 0.000 0.000 0.000 0.400 0.000 0.185 0.220
(c pore)
Hf-bi(trans)-
. 0.361 0.640 0.620 0.500 0.000 0.800 0.271 0.773 0.000
defect UiO-66
Ce-bi(trans)-
. 1.000 0.360 0.347 0.500 0.935 0.800 0.300 0.597 0.602
defect UiO-66
Th-bi(trans)-
. 0.000 1.000 1.000 1.000 1.000 0.800 0.285 1.000 0.856
defect UiO-66
Hf-MOF-808 0.361 0.640 0.620 0.500 0.000 0.000 0.951 0.403 0.128
Ce-MOF-808 1.000 0.360 0.347 0.500 0.935 0.000 0.979 0.227 0.648

Th-MOF-808 0.000 1.000 1.000 1.000 1.000 0.000 1.000 0.630 1.000
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Table C.15 (continued).

node-noOH;,0OH Site | qu30)H node qu30,node

Zr-MOF-808 0.930 0.376
Zr-NU-1000
0.615 0.323
(large pore)
Zr-bi(trans)-
) 0.432 0.339
defect UiO-66
Zr-mono-
. 0.509 0.338
defect UiO-66
Zr-bi(cis)-
. 0.489 0.337
defect UiO-66
Zr-NU-1000
0.557 0.328
(c pore)
Hf-bi(t -
bi(trans) 0.461 0.000
defect UiO-66
Ce-bi(trans)-
. 0.821 0.978
defect UiO-66
Th-bi(trans)-
. 0.000 0.361
defect UiO-66
Hf-MOF-808 1.000 0.036
Ce-MOF-808 0.688 1.000

Th-MOF-808 0.174 0.400
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C.13 QSAR Modeling: Distributions of Binding Free Energies
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Figure C.15. Distribution of binding free energies for (a) the neutral molecules bound to node-noOH: sites and (b)
the bidentate anions bound to node—noOH2,OH sites.
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C.14 QSAR Modeling: Most Important Individual Descriptors
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Figure C.16. The 10 most important descriptors for describing the binding free energies of neutral molecules to node—
noOH? sites, as identified by uniparametric coefficients of determination (R%uni) for simple linear regression using

individual descriptors.
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Figure C.17. The 10 most important descriptors for describing the binding free energies of bidentate anions to node—
noOH:,OH sites, as identified by uniparametric coefficients of determination (R2ui) for simple linear regression using
individual descriptors.
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C.15 QSAR Modeling: Description of Stepwise MLR Algorithm

As stated in the main text, we used stepwise forward-backward based feature selection combined
with MLR using a 95% confidence interval for development of the multi-parametric QSAR models
(for both the neutrals and bidentates datasets). In MATLAB, we utilized the built-in stepwiselm
function. This algorithm performs forward selection of descriptors if their corresponding p-values
are less than 0.05, then uses backward elimination of the descriptor with the largest p-value if any
descriptors in the model at the current step have p-values higher than 0.10. Here, the p-values are
for an F-test of the change in the sum of squared error resulting from the addition or removal of a
descriptor. Finally, the algorithm terminates whenever a single step cannot improve the model
statistics.

C.16 QSAR Modeling: Tests for Statistical Significance

Training set:

2
_ Ntrain—1 Z(YObs(train) - Ypred(train))
g=1- (C.8)
Ntrain—D

R2
a _ 2
> (YObs(train) - Y(train))

In eq C.8, Yops(train) are the observed AGynq responses computed by DFT for the training set
molecule-node combinations, Yy, eq(train) are the responses predicted by the regression equation
(developed using the entire training set), Y(srqin) 18 the average response for the training set, and

summations are over all training set molecule-node combinations. Further, Nyain is the number of
training set observations (i.e., the number of molecule-node combinations used to train the QSAR
model) and p is the number of regression coefficients (which includes the intercept).

2
Y(yob in) = Ypred(train))
ngo — 1 _ obs(train) pie (tralnz) (C9)
Z(J’bbs(truin) - Y(train))

In eq C.9, Yops(train) are the observed AGpnq responses computed by DFT, ypreq(train) are the
responses predicted by the leave-one-out cross-validation (LOO-CV) procedure, Y irqin) is the
average response, and summations are over all training set molecule-node combinations. In the
LOO-CV procedure, every molecule-node combination is eliminated from the dataset once and
then its response variable is predicted using the regression equation derived from the remaining
set.

CRZ = R, x \/RZ, — R2 (C.10)

The possibility of chance correlation or structural redundancy in the developed QSAR models was
measured by the y-randomization method. This involved randomizing the training set response
values, while leaving the training set descriptor matrix unchanged and repeating the entire process
of statistical validation. Using the coefficients of determination for the randomized model (R?)
and non-random model (RZ,.), the “R% parameter was calculated using eq C.10. If “R3 > 0.5, then
that QSAR model is not generated purely by chance.’
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Test set:

5( - )’
RMSEtest — Yobs(test) — Ypred(test) (Cl 1)

Ntest
In eq C.11, Yops(testy are the observed AGpingq responses computed by DFT for the test set
molecule-node combinations, Yy req(testy are the test set responses predicted by the regression

equation (developed using the training set), Nest is the number of test set observations, and
summations are over all test set molecule-node combinations.

2
R?est —1— Z(yobs(test) - Ypied(testz)) (C 12)
Z(YObs(test) - Y(test))

In eq C.12, Y(rest) is the average response for the test set.

_6%ad?
n(n2-1)

ptest(yobs(test)lYpred(test)) =1 (C13)

To compute the Spearman’s rank correlation coefficient for the test set (pewst), the observed
responses and predicted responses are ranked in order of value and then the two columns (Y, ps(test)

and Yy, eq(test)) are compared. In eq C.13, d is the difference between the ranks of the two columns
and 7 is the length of each column (i.e., the number of test set observations).
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C.17 QSAR Modeling: Variability in Predictive QSAR Model Statistics
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Figure C.18. (a) Training set Q?Loo, (b) test set coefficients of determination, (c) test set root mean square errors, and
(d) test set Spearman’s rank correlation coefficients for the 100 predictive QSAR models generated for the neutrals
dataset. Red points indicate the optimal model (i.e., the model with the lowest RMSE:es:, which also satisfies the
minimum QSAR criteria of Q%00 > 0.5, R% > 0.5, and R?est > 0.6).

(a) b) 1 -
0.9 ®)
0.8 +
0.8 + M ¢ o ee, & @ . °ee o,
4L °%% o . td
. . c . R 04+ ° T e e e L ST
06 4 o C L. e e s ° ° e . . . %o . .
0, 0 0 o . [ LI L Y Y ) = o ) . . .
% 05 4 ot et & e . . . o
.. ° ° . T 2 T T T d
0.4 + ° . 0 . 20 40 ., 60 °80 100
03+ ' :
04 1,
0.2 t t t t i
0 20 40 60 80 100 06 L Model #
Model #
(c) 20 — (d) 1+
18 + 09 | ..
= 16 + 08 £ . o O
S 4L, e . oo ee ° . L 07 1 ° T I T .
~ . r . o o, 8 . ; . . e e
12 4Te Tl ee 2 TNt S eV 0N So6t A I :
T L Ceeet . . - A 3 . . o . . . .
2 w0+ & e S & : 05 1 . o, w e °.
x . .. . .
8 1 04 +
. o o
6 t t t t i 0.3 t t t t i
0 20 40 60 80 100 0 20 40 60 80 100
Model # Model #

Figure C.19. (a) Training set 0?Loo, (b) test set coefficients of determination, (c) test set root mean square errors, and
(d) test set Spearman’s rank correlation coefficients for the 100 predictive QSAR models generated for the bidentates
dataset. Green points indicate the optimal model (i.e., the model with the lowest RMSEest, which also satisfies the
minimum QSAR criteria of Q%00 > 0.5, “R% > 0.5, and R?est > 0.6).
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C.18 QSAR Modeling: Leverages and Standardized Residuals

As stated in the main text, leverage (/4) is a measure of the influence of a molecule-node
combination’s properties on a regression model. Leverages for individual molecule-node
combinations within the training and test sets are calculated as the diagonals of the hat matrices
(H), defined as:

Htrain = Xtrain (Xt’l;ainXtrain)_lxg;"ain (C14)
Htest = Xtest(XtT;"ainXtrain)_lxt.?;st (CIS)

where Xuain and Xeest are the design matrices containing the molecular/node descriptors for the
training and test sets, respectively. More specifically, each row in the design matrices contains the
49 (42) scaled descriptor values for an individual molecule-node combination in the neutrals
(bidentates) dataset.

The standardized residuals for response i (st;) are computed as raw residuals (7;) divided by their
estimated standard deviation:

_ ri __Yobs,i — Ypred,i
JMSE(1 - hy))  MSE(1 - hy;)

st; (C.16)

where MSE is the mean squared error and /;; is the leverage value for AG;,,4 response i.
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C.19 QSAR Modeling: Optimal Predictive QSAR Model for Neutrals Dataset

Table C.16. Predictions, residuals, and leverages for training and test set molecule-node combinations using the
optimal predictive QSAR model for the neutrals dataset (eq 4.9 in the main text).

Node/Molecule Set Observation | Prediction | Raw Residual Stand‘flrdized Leverage
(kJ/mol) (kJ/mol) (kJ/mol) Residual

Zr-NU-1000 (c pore)/18 Training -62.23 -57.57 -4.66 -0.52 0.104
Zr-bi(trans)-defect UiO-66/17 Training 53.55 47.49 6.06 0.70 0.157
Zr-mono-defect UiO-66/24 Training -22.86 -21.82 -1.04 -0.11 0.055
Zr-MOF-808/3 Training 10.75 1.24 9.51 1.04 0.060
Ce-bi(trans)-defect UiO-66/3 Training -30.60 -32.02 1.42 0.16 0.084
Zr-mono-defect UiO-66/17 Training 31.15 47.45 -16.30 -2.08 0.305
Hf-bi(trans)-defect UiO-66/22 Training -10.52 -10.34 -0.18 -0.02 0.144
Zr-NU-1000 (c pore)/20 Training -61.17 -61.84 0.67 0.08 0.147
Th-bi(trans)-defect UiO-66/14 Training -45.92 -42.56 -3.36 -0.40 0.193
Hf-MOF-808/14 Training 14.21 3.47 10.74 1.27 0.191
Zr-mono-defect UiO-66/13 Training -24.21 -13.70 -10.51 -1.18 0.100
Hf-bi(trans)-defect UiO-66/H,O Training -35.37 -44.01 8.64 1.08 0.271
Ce-bi(trans)-defect UiO-66/20 Training -48.02 -49.29 1.27 0.15 0.170
Zr-NU-1000 (c pore)/13 Training -15.07 -38.95 23.88 2.69 0.105
Zr-MOF-808/11 Training -2.17 -5.79 3.62 0.40 0.058
Zr-NU-1000 (large pore)/18 Training -18.65 -20.35 1.70 0.18 0.042
Hf-MOF-808/17 Training 37.89 37.30 0.59 0.08 0.298
Ce-bi(trans)-defect UiO-66/24 Training -28.88 -30.25 1.37 0.15 0.092
Zr-NU-1000 (large pore)/8 Training -2.77 -4.76 1.99 0.22 0.034
Zr-bi(cis)-defect UiO-66/14 Training -19.44 -36.46 17.02 1.95 0.138
Th-MOF-808/18 Training -22.03 -13.76 -8.28 -0.94 0.129
Zr-bi(trans)-defect UiO-66/24 Training -22.74 -19.85 -2.89 -0.31 0.036
Zr-MOF-808/13 Training 15.91 8.56 7.35 0.81 0.074
Hf-MOF-808/20 Training -20.04 -19.72 -0.32 -0.04 0.136
Hf-bi(trans)-defect UiO-66/20 Training -41.13 -31.53 -9.60 -1.12 0.172
Ce-bi(trans)-defect UiO-66/13 Training -30.32 -31.57 1.25 0.14 0.125
Ce-MOF-808/11 Training -20.18 -23.18 3.00 0.33 0.073
Zr-NU-1000 (c pore)/8 Training -27.65 -43.81 16.16 1.82 0.105
Hf-MOF-808/3 Training 17.40 -5.31 22.71 2.50 0.068
Zr-NU-1000 (large pore)/17 Training 52.11 51.55 0.56 0.07 0.213
Hf-bi(trans)-defect UiO-66/24 Training -29.28 -28.60 -0.68 -0.07 0.075
Th-bi(trans)-defect UiO-66/18 Training -28.85 -33.37 4.52 0.50 0.082
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Ce-MOF-808/22 Training -18.32 -23.96 5.64 0.62 0.064
Zr-bi(trans)-defect UiO-66/20 Training -34.95 -30.29 -4.66 -0.52 0.093
Hf-bi(trans)-defect UiO-66/13 Training -33.49 -19.33 -14.16 -1.58 0.089

Ce-MOF-808/17 Training -10.26 -22.97 12.71 1.58 0.265

Zr-NU-1000 (large pore)/24 Training 10.52 -6.76 17.28 1.88 0.041
Zr-NU-1000 (large pore)/13 Training -17.51 0.01 -17.52 -1.91 0.046
Zr-NU-1000 (large pore)/20 Training -26.13 -24.56 -1.57 -0.18 0.095
Ce-MOF-808/14 Training -26.85 -21.86 -4.99 -0.60 0.226
Ce-MOF-808/13 Training -23.03 -16.49 -6.54 -0.73 0.092
Zr-bi(cis)-defect UiO-66/13 Training -31.11 -19.47 -11.64 -1.29 0.073
Hf-bi(trans)-defect UiO-66/17 Training 42.31 42.88 -0.57 -0.07 0.321
Th-bi(trans)-defect UiO-66/H,O Training -38.22 -46.35 8.13 0.94 0.157
Th-bi(trans)-defect UiO-66/6 Training -12.66 -15.31 2.65 0.30 0.112
Zr-NU-1000 (c pore)/6 Training -53.29 -41.87 -11.42 -1.30 0.128
Ce-bi(trans)-defect UiO-66/14 Training -59.86 -61.84 1.98 0.27 0.407
Zr-bi(cis)-defect UiO-66/17 Training 46.79 32.95 13.84 1.63 0.188
Hf-bi(trans)-defect UiO-66/18 Training -33.49 -28.99 -4.50 -0.50 0.095
Hf-bi(trans)-defect UiO-66/11 Training -13.15 -12.71 -0.44 -0.05 0.082
Th-MOF-808/3 Training -20.22 -21.20 0.98 0.11 0.091
Ce-bi(trans)-defect UiO-66/H,O Training -31.97 -38.33 6.36 0.72 0.124
Zr-bi(cis)-defect UiO-66/20 Training -22.08 -35.62 13.54 1.52 0.099
Zr-bi(trans)-defect UiO-66/H,O Training -29.93 -34.33 4.40 0.51 0.142
Zr-bi(trans)-defect UiO-66/22 Training -4.41 -11.46 7.05 0.78 0.066
Ce-MOF-808/18 Training -32.30 -28.09 -4.21 -0.47 0.105
Hf-bi(trans)-defect UiO-66/1 Training -4.56 -9.36 4.80 0.54 0.114
Th-bi(trans)-defect UiO-66/24 Training -60.15 -34.47 -25.68 -2.87 0.095
Hf-MOF-808/8 Training -5.76 -3.48 -2.28 -0.25 0.062
Zr-bi(cis)-defect UiO-66/24 Training -36.40 -27.68 -8.72 -0.95 0.044
Ce-MOF-808/3 Training -21.76 -17.54 -4.22 -0.46 0.067
Zr-NU-1000 (¢ pore)/H,O Training -61.08 -58.70 -2.38 -0.29 0.213
Zr-mono-defect UiO-66/18 Training -22.41 -26.05 3.64 0.40 0.069
Zr-bi(trans)-defect UiO-66/14 Training -39.10 -31.65 -7.45 -0.85 0.123

Zr-MOF-808/22 Training -5.32 -8.56 3.24 0.36 0.064

Ce-bi(trans)-defect UiO-66/11 Training -30.19 -33.80 3.61 0.42 0.148
Zr-mono-defect UiO-66/20 Training -42.32 -27.76 -14.56 -1.65 0.120
Zr-bi(cis)-defect UiO-66/8 Training -16.97 -24.31 7.34 0.80 0.050

Zr-NU-1000 (c pore)/22 Training -45.37 -44.48 -0.89 -0.10 0.134
Hf-MOF-808/22 Training -5.23 -6.82 1.59 0.18 0.118
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Hf-MOF-808/18 Training -11.96 -13.86 1.90 0.21 0.084
Zr-bi(cis)-defect UiO-66/3 Training -13.59 -27.92 14.33 1.56 0.046
Zr-NU-1000 (c pore)/3 Training -57.65 -46.09 -11.56 -1.31 0.116
Zr-MOF-808/H,O Training -7.91 -8.47 0.56 0.06 0.123
Zr-NU-1000 (large pore)/6 Training -2.67 -4.58 1.91 0.21 0.077
Zr-mono-defect UiO-66/11 Training -10.84 -8.52 -2.32 -0.27 0.146
Zr-bi(trans)-defect UiO-66/1 Training 4.59 -9.67 14.26 1.58 0.075
Ce-bi(trans)-defect UiO-66/6 Training -31.15 -29.18 -1.97 -0.22 0.083
Th-bi(trans)-defect UiO-66/20 Training -32.48 -33.30 0.82 0.09 0.109
Th-bi(trans)-defect UiO-66/1 Training -18.98 -14.85 -4.13 -0.47 0.113
Zr-NU-1000 (large pore)/22 Training -5.00 -7.21 221 0.24 0.076
Ce-bi(trans)-defect UiO-66/17 Training 2.90 7.58 -4.68 -0.68 0.466
Zr-MOF-808/17 Training 32.39 37.92 -5.53 -0.68 0.251
Ce-MOF-808/8 Training -24.64 -17.22 -7.42 -0.82 0.063
Zr-bi(cis)-defect UiO-66/22 Training -24.18 -17.96 -6.22 -0.68 0.056
Zr-NU-1000 (large pore)/H,O Training -28.06 -20.24 -7.82 -0.89 0.132
Hf-bi(trans)-defect UiO-66/8 Training -17.57 -25.26 7.69 0.85 0.067
Th-MOF-808/20 Training -24.76 -17.13 -7.63 -0.93 0.238
Zr-bi(trans)-defect UiO-66/6 Training -17.01 -7.88 -9.13 -1.01 0.072
Zr-mono-defect UiO-66/H,O Training -40.93 -36.06 -4.87 -0.58 0.198
Zr-bi(cis)-defect UiO-66/6 Training -20.29 -14.49 -5.80 -0.64 0.061
Zr-mono-defect UiO-66/8 Training -4.21 -18.34 14.13 1.56 0.071
Zr-MOF-808/18 Training -17.53 -13.45 -4.08 -0.45 0.076
Th-MOF-808/H,O Training -21.56 -23.25 1.69 0.20 0.167
Th-MOF-808/24 Training -17.00 -22.41 5.41 0.61 0.101
Th-bi(trans)-defect UiO-66/8 Training -34.53 -32.26 -2.27 -0.25 0.091
Th-MOF-808/22 Training -14.84 -10.80 -4.04 -0.45 0.099
Zr-NU-1000 (large pore)/3 Training -10.80 -6.98 -3.82 -0.41 0.035
Zr-bi(trans)-defect UiO-66/13 Training -12.81 -12.27 -0.54 -0.06 0.063
Th-MOF-808/8 Training -24.14 -19.80 -4.34 -0.48 0.086
Hf-MOF-808/13 Training 18.72 3.52 15.20 1.68 0.076
Ce-MOF-808/H,O Training -28.77 -16.30 -12.47 -1.39 0.084
Zr-bi(trans)-defect UiO-66/3 Training -21.40 -20.40 -1.00 -0.11 0.037
Zr-bi(cis)-defect UiO-66/18 Training -45.77 -32.93 -12.84 -1.41 0.056
Zr-mono-defect UiO-66/3 Training -13.37 -22.43 9.06 0.99 0.061
Zr-NU-1000 (large pore)/14 Training -30.54 -15.14 -15.40 -1.73 0.104
Hf-MOF-808/1 Training -0.40 -12.03 11.63 1.32 0.117
Zr-NU-1000 (c pore)/11 Training -40.63 -45.35 4.72 0.53 0.085
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Zr-NU-1000 (c pore)/17 Training -1.96 9.83 -11.79 -1.40 0.196
Zr-MOF-808/8 Training -6.35 2.78 -9.13 -1.00 0.058
Th-bi(trans)-defect UiO-66/17 Training 33.93 21.64 12.29 1.60 0.335
Th-MOF-808/11 Training -5.02 -10.14 5.12 0.57 0.078
Zr-NU-1000 (large pore)/1 Training 1.87 -9.06 10.93 1.20 0.066
Ce-MOF-808/6 Training -18.51 -23.94 543 0.60 0.061
Zr-mono-defect UiO-66/22 Training -1.06 -8.47 7.41 0.82 0.083
Th-bi(trans)-defect UiO-66/11 Training -19.34 -20.56 1.22 0.14 0.107
Ce-bi(trans)-defect UiO-66/8 Training -27.51 -30.26 2.75 0.31 0.081
Hf-MOF-808/24 Training -16.35 -6.41 -9.94 -1.10 0.081
Zr-MOF-808/24 Training -23.57 0.22 -23.79 -2.62 0.067
Ce-MOF-808/20 Training -29.83 -33.40 3.57 0.42 0.190
Hf-bi(trans)-defect UiO-66/3 Training -29.49 -29.02 -0.47 -0.05 0.071
Zr-NU-1000 (large pore)/11 Training -2.78 -8.05 5.27 0.57 0.036
Th-MOF-808/17 Training -22.68 -14.72 -7.96 -1.26 0.548
Th-bi(trans)-defect UiO-66/22 Training -17.42 -18.53 1.11 0.12 0.110
Zr-bi(cis)-defect UiO-66/H,O Training -54.46 -40.17 -14.29 -1.62 0.120
Th-MOF-808/14 Test -12.52 -3.94 -8.58 -1.13 0.152
Zr-mono-defect UiO-66/6 Test -12.54 -4.46 -8.08 -1.03 0.095
Zr-NU-1000 (c pore)/1 Test -30.26 -46.51 16.25 2.08 0.102
Ce-MOF-808/1 Test -17.88 -29.29 11.41 1.47 0.117
Hf-MOF-808/11 Test 7.37 -5.76 13.13 1.65 0.068
Zr-NU-1000 (c pore)/14 Test -57.52 -52.29 -5.23 -0.70 0.192
Zr-bi(cis)-defect UiO-66/11 Test -7.50 -17.39 9.89 1.26 0.097
Zr-NU-1000 (c pore)/24 Test -57.90 -45.96 -11.94 -1.55 0.125
Zr-MOF-808/14 Test 8.60 2.33 6.27 0.83 0.156
Hf-bi(trans)-defect UiO-66/6 Test -25.52 -6.37 -19.15 -2.51 0.144
Zr-bi(trans)-defect UiO-66/18 Test -28.45 -27.79 -0.66 -0.08 0.045
Th-MOF-808/13 Test -10.58 -15.39 4.81 0.61 0.091
Th-bi(trans)-defect UiO-66/3 Test -37.58 -35.31 -2.27 -0.29 0.096
Hf-MOF-808/6 Test 1.91 -4.94 6.85 0.88 0.117
Zr-MOF-808/20 Test -24.90 -19.36 -5.54 -0.72 0.127
Hf-MOF-808/H,0O Test -14.76 -16.55 1.79 0.25 0.266
Ce-bi(trans)-defect UiO-66/22 Test -26.55 -31.32 4.77 0.60 0.077
Zr-mono-defect UiO-66/14 Test -24.55 -34.42 9.87 1.29 0.135
Zr-bi(trans)-defect UiO-66/11 Test -4.23 -11.94 7.71 0.98 0.082
Ce-bi(trans)-defect UiO-66/18 Test -42.44 -47.55 5.11 0.66 0.126
Ce-bi(trans)-defect UiO-66/1 Test -27.20 -29.46 2.26 0.30 0.144
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Th-MOF-808/6 Test -0.70 -9.89 9.19 1.17 0.097
Th-MOF-808/1 Test -7.41 -14.46 7.05 0.93 0.150
Hf-bi(trans)-defect UiO-66/14 Test -40.74 -31.28 -9.46 -1.30 0.228
Zr-mono-defect UiO-66/1 Test -9.99 -4.94 -5.05 -0.65 0.125
Th-bi(trans)-defect UiO-66/13 Test -36.50 -29.08 -7.42 -0.95 0.099
Zr-MOF-808/1 Test -8.47 -13.17 4.70 0.59 0.081
Zr-MOF-808/6 Test -4.81 -7.08 227 0.28 0.062
Zr-bi(trans)-defect UiO-66/8 Test -12.14 -16.96 4.82 0.60 0.042
Zr-bi(cis)-defect UiO-66/1 Test -22.57 -16.23 -6.34 -0.80 0.074
Ce-MOF-808/24 Test -22.22 -17.96 -4.26 -0.54 0.078
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Figure C.20. Distribution of residuals for the optimal predictive QSAR model developed for the neutrals dataset (eq
4.9 in the main text). The (a) histogram of raw residuals and (b) normal probability plot of raw residuals show that the

residuals have an acceptable normal distribution, with no clear outliers.
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C.20 QSAR Modeling: Optimal Predictive QSAR Model for Bidentates Dataset

Table C.17. Predictions, residuals, and leverages for training and test set molecule-node combinations using the
optimal predictive QSAR model for the bidentates dataset (eq 4.10 in the main text).

Node/Molecule Set Observation | Prediction | Raw Residual Stand‘flrdized Leverage
(kJ/mol) (kJ/mol) (kJ/mol) Residual

Ce-bi(trans)-defect UiO-66/19 Training -157.38 -146.68 -10.70 -1.03 0.149
Th-bi(trans)-defect UiO-66/12 Training -58.87 -82.62 23.75 222 0.091
Zr-NU-1000 (large pore)/7 Training -92.74 -90.77 -1.97 -0.18 0.028
Zr-bi(trans)-defect UiO-66/12 Training -70.69 -88.84 18.15 1.67 0.067
Zr-NU-1000 (large pore)/15 Training -98.88 -94.27 -4.61 -0.42 0.028
Zr-bi(trans)-defect UiO-66/7 Training -89.10 -94.56 5.46 0.49 0.030
Hf-MOF-808/16 Training -94.97 -82.54 -12.43 -1.18 0.125
Zr-NU-1000 (c pore)/9 Training -118.57 -105.96 -12.61 -1.17 0.086
Zr-NU-1000 (c pore)/19 Training -138.38 -120.43 -17.95 -1.69 0.106
Zr-NU-1000 (c pore)/16 Training -100.82 -95.87 -4.95 -0.46 0.083
Th-bi(trans)-defect UiO-66/9 Training -92.55 -97.01 4.46 0.42 0.096
Ce-MOF-808/7 Training -108.30 -116.98 8.68 0.81 0.093
Hf-MOF-808/19 Training -118.91 -107.10 -11.81 -1.15 0.158
Zr-NU-1000 (c pore)/12 Training -83.49 -91.58 8.09 0.75 0.084
Ce-MOF-808/9 Training -120.02 -125.64 5.62 0.54 0.125
Th-MOF-808/19 Training -119.16 -104.86 -14.30 -1.37 0.141
Zr-mono-defect UiO-66/4 Training -85.40 -99.60 14.20 1.32 0.077
Hf-bi(trans)-defect UiO-66/19 Training -109.98 -113.41 343 0.33 0.136
Zr-NU-1000 (large pore)/12 Training -82.68 -85.05 237 0.22 0.065
Zr-mono-defect UiO-66/23 Training -104.92 -104.42 -0.50 -0.05 0.071
Hf-MOF-808/7 Training -90.80 -83.98 -6.82 -0.64 0.091
Hf-bi(trans)-defect UiO-66/21 Training -95.16 -107.02 11.86 1.11 0.088
Th-bi(trans)-defect UiO-66/16 Training -101.46 -86.92 -14.54 -1.36 0.092
Zr-bi(trans)-defect UiO-66/21 Training -92.50 -111.29 18.79 1.71 0.046
Th-MOF-808/7 Training -92.50 -81.73 -10.77 -1.00 0.075
Zr-NU-1000 (c pore)/21 Training -119.30 -114.03 -5.27 -0.48 0.062
Zr-NU-1000 (c pore)/23 Training -112.45 -106.47 -5.98 -0.56 0.085
Th-bi(trans)-defect UiO-66/19 Training -87.40 -111.47 24.07 2.28 0.116
Zr-bi(cis)-defect UiO-66/7 Training -96.01 -95.21 -0.80 -0.07 0.033
Th-MOF-808/16 Training -95.33 -80.30 -15.03 -1.42 0.110
Zr-MOF-808/9 Training -92.27 -97.11 4.84 0.45 0.080
Zr-MOF-808/15 Training -101.41 -91.94 -9.47 -0.86 0.045
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Zr-bi(trans)-defect UiO-66/23 Training -101.57 -103.73 2.16 0.20 0.068
Th-MOF-808/15 Training -99.97 -85.23 -14.74 -1.37 0.077
Ce-MOF-808/21 Training -133.05 -133.71 0.66 0.06 0.116

Ce-MOF-808/4 Training -112.07 -121.32 9.25 0.88 0.128
Th-bi(trans)-defect UiO-66/4 Training -88.95 -92.69 3.74 0.35 0.100
Zr-MOF-808/4 Training -77.99 -92.79 14.80 1.38 0.086
Zr-mono-defect UiO-66/12 Training -100.97 -89.53 -11.44 -1.06 0.070
Zr-mono-defect UiO-66/19 Training -108.18 -118.38 10.20 0.95 0.093

Ce-bi(trans)-defect UiO-66/15 Training -130.05 -127.05 -3.00 -0.28 0.089
Zr-MOF-808/23 Training -76.28 -97.61 21.33 1.98 0.084
Ce-MOF-808/16 Training -107.23 -115.55 8.32 0.79 0.129

Zr-mono-defect UiO-66/2 Training -97.92 -101.42 3.50 0.32 0.029
Zr-MOF-808/2 Training -72.86 -94.61 21.75 1.98 0.041
Zr-bi(cis)-defect UiO-66/21 Training -111.31 -111.94 0.63 0.06 0.049
Zr-MOF-808/21 Training -98.84 -105.18 6.34 0.58 0.064
Zr-bi(cis)-defect UiO-66/2 Training -115.40 -101.37 -14.03 -1.27 0.029
Zr-NU-1000 (large pore)/9 Training -90.93 -99.43 8.50 0.78 0.065

Zr-bi(trans)-defect UiO-66/19 Training -104.28 -117.69 13.41 1.25 0.091

Th-bi(trans)-defect UiO-66/15 Training -101.63 -91.85 -9.78 -0.90 0.057

Hf-bi(trans)-defect UiO-66/16 Training -96.51 -88.85 -7.66 -0.72 0.108

Ce-bi(trans)-defect UiO-66/7 Training -131.37 -123.55 -7.82 -0.73 0.086

Zr-mono-defect UiO-66/21 Training -109.14 -111.98 2.84 0.26 0.049
Th-bi(trans)-defect UiO-66/21 Training -95.08 -105.08 10.00 0.93 0.074
Th-bi(trans)-defect UiO-66/23 Training -83.96 -97.52 13.56 1.27 0.097

Hf-MOF-808/9 Training -94.41 -92.64 -1.77 -0.17 0.127
Zr-NU-1000 (large pore)/2 Training -102.57 -96.94 -5.63 -0.51 0.025
Hf-MOF-808/2 Training -74.56 -90.14 15.58 1.45 0.086

Zr-bi(cis)-defect UiO-66/12 Training -101.87 -89.48 -12.39 -1.14 0.069
Ce-bi(trans)-defect UiO-66/12 Training -127.39 -117.83 -9.56 -0.91 0.120

Zr-bi(cis)-defect UiO-66/15 Training -109.65 -98.70 -10.95 -0.99 0.033

Hf-MOF-808/23 Training -78.99 -93.15 14.16 1.35 0.124
Ce-bi(trans)-defect UiO-66/4 Training -129.87 -127.89 -1.98 -0.19 0.124
Th-MOF-808/9 Training -106.03 -90.39 -15.64 -1.48 0.113

Hf-bi(trans)-defect UiO-66/12 Training -74.95 -84.56 9.61 0.91 0.116

Hf-bi(trans)-defect UiO-66/9 Training -110.57 -98.95 -11.62 -1.10 0.112

Zr-mono-defect UiO-66/15 Training -89.83 -98.75 8.92 0.81 0.033

Hf-bi(trans)-defect UiO-66/2 Training -103.62 -96.46 -7.16 -0.66 0.068

Zr-NU-1000 (large pore)/4 Training -91.49 -95.11 3.62 0.33 0.071
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Zr-bi(trans)-defect UiO-66/2 Training -100.44 -100.73 0.29 0.03 0.026
Zr-mono-defect UiO-66/9 Training -108.00 -103.91 -4.09 -0.38 0.071
Ce-bi(trans)-defect UiO-66/9 Training -135.51 -132.21 -3.30 -0.31 0.121
Th-MOF-808/12 Training -85.27 -76.01 -9.26 -0.87 0.109
Ce-MOF-808/12 Training -114.96 -111.25 -3.71 -0.35 0.126
Th-MOF-808/4 Training -95.47 -86.08 -9.39 -0.89 0.117
Th-bi(trans)-defect UiO-66/7 Training -70.96 -88.35 17.39 1.59 0.056
Zr-MOF-808/19 Training -119.41 -111.57 -7.84 -0.74 0.110
Zr-MOF-808/16 Training -91.96 -87.01 -4.95 -0.46 0.079
Zr-MOF-808/12 Training -83.00 -82.72 -0.28 -0.03 0.080
Ce-bi(trans)-defect UiO-66/2 Training -135.32 -129.72 -5.60 -0.52 0.084
Th-MOF-808/21 Training -113.47 -98.46 -15.01 -1.41 0.096
Hf-bi(trans)-defect UiO-66/7 Training -92.40 -90.29 -2.11 -0.20 0.075
Zr-NU-1000 (large pore)/21 Training -114.58 -107.50 -7.08 -0.65 0.046
Ce-MOF-808/23 Training -105.88 -126.15 20.27 1.94 0.138
Zr-mono-defect UiO-66/7 Training -82.91 -95.25 12.34 1.12 0.033
Th-bi(trans)-defect UiO-66/2 Training -86.81 -94.52 7.71 0.71 0.053
Zr-NU-1000 (c pore)/2 Training -111.63 -103.47 -8.16 -0.74 0.043
Zr-mono-defect UiO-66/16 Training -75.76 -93.82 18.06 1.67 0.068
Zr-bi(cis)-defect UiO-66/23 Training -121.62 -104.37 -17.25 -1.59 0.071
Hf-bi(trans)-defect UiO-66/23 Training -105.05 -99.46 -5.59 -0.53 0.106
Hf-bi(trans)-defect UiO-66/4 Training -99.71 -94.63 -5.08 -0.48 0.122
Zr-NU-1000 (c pore)/4 Training -101.60 -101.64 0.04 0.00 0.092
Zr-MOF-808/7 Training -87.76 -88.45 0.69 0.06 0.044
Ce-bi(trans)-defect UiO-66/21 Training -154.70 -140.28 -14.42 -1.36 0.106
Zr-bi(trans)-defect UiO-66/9 Training -107.89 -103.22 -4.67 -0.43 0.068
Hf-MOF-808/21 Test -105.27 -100.71 -4.56 -0.49 0.108
Zr-bi(trans)-defect UiO-66/4 Test -96.71 -98.90 2.19 0.23 0.074
Zr-bi(cis)-defect UiO-66/16 Test -98.87 -93.77 -5.10 -0.54 0.068
Ce-bi(trans)-defect UiO-66/16 Test -145.02 -122.12 -22.90 -2.50 0.123
Zr-bi(cis)-defect UiO-66/19 Test -129.35 -118.33 -11.02 -1.18 0.093
Zr-NU-1000 (large pore)/23 Test -90.24 -99.94 9.70 1.03 0.067
Zr-bi(cis)-defect UiO-66/4 Test -100.00 -99.55 -0.45 -0.05 0.077
Hf-MOF-808/4 Test -84.10 -88.32 422 0.46 0.136
Ce-bi(trans)-defect UiO-66/23 Test -130.88 -132.72 1.84 0.20 0.130
Zr-NU-1000 (large pore)/16 Test -102.89 -89.34 -13.55 -1.43 0.063
Hf-MOF-808/15 Test -102.06 -87.48 -14.58 -1.56 0.089
Zr-NU-1000 (large pore)/19 Test -122.33 -113.90 -8.43 -0.91 0.092
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Ce-MOF-808/15 Test -114.78 -120.48 5.70 0.61 0.096
Zr-bi(trans)-defect UiO-66/16 Test -90.44 -93.13 2.69 0.28 0.065
Hf-MOF-808/12 Test -80.79 -78.25 -2.54 -0.28 0.132
Ce-MOF-808/19 Test -150.40 -140.10 -10.30 -1.15 0.161
Hf-bi(trans)-defect UiO-66/15 Test -104.35 -93.79 -10.56 -1.12 0.072
Zr-bi(trans)-defect UiO-66/15 Test -100.24 -98.06 -2.18 -0.23 0.030
Zr-NU-1000 (c pore)/7 Test -102.89 -97.30 -5.59 -0.59 0.047
Zr-bi(cis)-defect UiO-66/9 Test -119.69 -103.87 -15.82 -1.68 0.071
Ce-MOF-808/2 Test -103.36 -123.15 19.79 2.12 0.092
Th-MOEF-808/23 Test -90.91 -90.90 -0.01 0.00 0.118
Zr-NU-1000 (c pore)/15 Test -109.16 -100.80 -8.36 -0.88 0.047
Th-MOF-808/2 Test -87.97 -87.90 -0.07 -0.01 0.073
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Figure C.21. Distribution of residuals for the optimal predictive QSAR model developed for the bidentates dataset
(eq 4.10 in the main text). The (a) histogram of raw residuals and (b) normal probability plot of raw residuals show
that the residuals have an acceptable normal distribution, with no clear outliers.
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Cartesian Coordinates and Raw Energy Values

The optimized cartesian coordinates and raw energy values for every system (molecules, nodes,
and node-bound molecules) will be provided in the supplementary files of the published
manuscript.
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Appendix D: Supporting Information for Chapter 5

This appendix is a modified version of the Supporting Information for the manuscript in Chapter

5 (ACS Catal. 2020, 10, 1310-1323).

D.1 Benzoate Cluster Models

Different “benzoate cluster models” were used at various points throughout the study. They were
constructed by modeling the bottom 4 linkers as formate groups and using benzoate groups for the
4 linkers located around the active site. Fig. D.la corresponds to the “fully hydrated” NU-1000
node ([Zrs(p3-0)a(u3-OH)a(OH)4(OH2)4]¥ (CsHsCOO )s(HCOO)4). Fig. D.1b corresponds to the
“partially dehydrated” NU-1000 node ([Zrs(3-O)4(p3-OH)a(OH)4(OH2)3]%*(CsHsCOO)4(HCOO~
)4), in which one terminal H>O moiety has desorbed to generate an open metal site. This “partially
dehydrated” node topology was used to calculate the full pathway for gas-phase sarin hydrolysis
on bare, unfunctionalized NU-1000. The cleavage of a Zr-OHz bond (“fully hydrated” — “partially
dehydrated”) requires approximately 84 kJ/mol in free energy. Fig. D.1c¢ represents the Ti'V-NU-
1000 benzoate cluster model, which was only used to test the effect of model size on the reaction
energetics for the Ti'V-NU-1000 system.

Figure D.1. (a) Optimized NU-1000 (“fully hydrated”), (b) “partially dehydrated” NU-1000, and (c) Ti'V-NU-1000
benzoate cluster models. Dark grey, white, red, turquoise, and light grey spheres represent C, H, O, Zr, and Ti atoms,
respectively.
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D.2  Binding Energies for Sarin, Water, and IMPA for All 36 M-NU-1000 Systems

Table D.1. Binding free energies for sarin, water, and IMPA to M"-NU-1000 systems. Values (in kJ/mol) are
calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate favorable and unfavorable binding,
respectively.

Metal | Sarin | Water | IMPA
% -40.4 -21.2 -139.6
Crt! -30.2 -58.5 -138.3
Mn" -52.7 -26.0 -125.3
Fe!! -30.4 -15.8 -113.3
Co'! -36.9 -16.0 -109.6
Nil! -48.3 -29.6 -124.1
Cul! -12.0 -29.9 -98.8
Zn" -43.1 -24.0 -121.1
Mo!! -49.6 -36.1 -140.3
pdt -64.2 -70.5 -75.2
wi -44.9 -33.8 -114.1
Ptlt -79.6 -84.7 -160.4

Table D.2. Binding free energies for sarin, water, and IMPA to M™-NU-1000 systems. Values (in kJ/mol) are
calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate favorable and unfavorable binding,
respectively.

Metal | Sarin | Water | IMPA
Sclt -48.1 -29.5 -125.4
Crit -54.0 -23.7 -132.5
Fell -19.1 -14.0 -89.4

Co™ -12.4 8.8 -57.2
Cu™ -15.7 1.4 -72.6
Y™ -58.8 -34.8 -137.5

Ru™ -74.9 -47.4 -129.3
Rh™ -45.6 -37.9 -127.6
Ce'! -53.9 -33.6 -145.3
'™ -59.8 -51.5 -135.6
Au™ -94.6 -62.8 -115.9
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Table D.3. Binding free energies for sarin, water, and IMPA to M™V-NU-1000 systems. Values (in kJ/mol) are
calculated at T =298.15 K and P = 1 atm. Negative and positive energies indicate favorable and unfavorable binding,

respectively.

Metal | Sarin | Water | IMPA
TilV -99.2 -48.6 -111.7
v -100.8 | -56.4 -116.4

Mn!Y -53.7 -21.1 -65.2
7V -127.3 | -653 -142.3

Mo -59.1 -13.4 -59.4
Ru'Y -54.0 -28.7 -62.0
Pav 7.1 59.1 -17.0
Ce -79.0 -42.4 -108.2
HfY | -1355 | -72.9 -144.8
w -28.8 73.4 -59.7
Re'v 21.0 34.6 8.2
Os"Y 27.6 59.8 -5.6
PtV 23.2 28.2 8.3

(a)

Figure D.2. (a) Optimized Fe!-Sarin and (b) Fe-IMPA species, highlighting the different binding geometry for
each adsorbate species that contributes to the stronger binding energies for IMPA compared to sarin. Dark grey, white,

red, turquoise, and purple spheres represent C, H, O, Zr, and Fe atoms, respectively.
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D.3  Discussion of Mechanistic Pathway Chosen

In the main text, we used a formate cluster model of Ti'V-NU-1000 as an example to clearly explain
each step of the proposed catalytic cycle for gas-phase sarin hydrolysis on these systems (see
Scheme 5.2). In the first transition state (TSnuc) of the mechanism, the Ti—~OH group abstracts a H
atom from water, which then performs a nucleophilic attack on the P atom of sarin in a concerted
step. We only discussed one pathway, where nucleophilic attack occurs directly opposite the —OiPr
group. However, we noted that there are two other pathways where attack can also occur opposite
the —CH3 or —F groups of sarin. For the discussion below, we will refer to these as the OiPr, CH3,
and F pathways, respectively, where all pathways are calculated using formate cluster models. For
each pathway, we only modeled the mechanism involving cleavage of the P-F bond in sarin to
generate HF product, as this is known to be the most favorable pathway.!

First, we compare the OiPr and CH3 pathways. For both pathways, nucleophilic attack leads to
the formation of a pentacoordinated trigonal bipyramidal (TBP) INT; species where the —F group
is in an equatorial position. For the purposes of screening across many metals, we were only
interested in the mechanism involving cleavage of the P-F bond to generate HF product. Thus,
elimination of —F requires a Berry pseudorotation to direct it from an equatorial to an axial site,
forming INT2. Up until this point, the OiPr and CH3 pathways are unique (i.e., each pathway has
unique Reactant Complex, TSquc, INT1, and TSgerry species). Upon the formation of INT;, both
pathways are exactly the same (i.e., each pathway has identical INT2, TSei, Product Complex,
and Ti'V-IMPA species). In TSei, elimination of HF involves proton transfer from the
nucleophilic “OH group and the resulting Product Complex is stabilized by hydrogen bonds.
Once HF desorbs from the active site, the final Ti'Y-IMPA species is generated. Finally, the IMPA
product desorbs and regenerates the active site, completing the cycle. As seen in Fig. D.3a, the
OiPr and CHj; pathways have essentially identical reaction free energy profiles. Since the
pathways differ by only a few kJ/mol and are within DFT error, we chose to only focus on the
OiPr pathway, although this choice is arbitrary. For the purposes of screening a large number of
catalysts, it was more computationally feasible to only consider one pathway for comparison.
Further, in theory, the relative turnover frequencies (TOFs) between catalysts should be similar
regardless of the hydrolysis pathway considered, given the similarity in the energy profiles.

The F pathway differs significantly from the other two pathways. After nucleophilic attack occurs
directly opposite the —F group in TSnuc, the INT1 species is formed. Here, the —F group is already
in an axial position and does not require a Berry pseudorotation, in contrast to the other pathways.
Further, we could not optimize a stable TSeii species involving elimination of HF. We attempted a
relaxed potential energy scan by increasing the distance of the P-F bond to simulate bond cleavage,
but there was no maximum on the potential energy surface identifying a transition state, unlike in
the other pathways; the F atom simply “flies away” from the sarin molecule and the energy
decreases monotonically. Thus, the next species after INT; along the reaction coordinate is Ti'Y—
IMPA. The F pathway is “missing” four species (TSgerry, INT2, TSeii, and Product Complex)
overall compared to the OiPr and CH3 pathways. Due to the orientation of sarin in the F pathway,
it is impossible for there to be a proton transfer from the nucleophilic -OH group to form HF.
Further, in the modeling scheme we used, we only considered one ambient water molecule in the
gas-phase reaction. Thus, there are no other surrounding sources of H to participate in proton
transfer to the leaving F atom. For this reason, the F pathway is an “incomplete” mechanism
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(indicated in Fig. D.3b), and it is difficult to directly compare it to the other two pathways. Since
the energetic span model considers the relative free energies of a// intermediates and transition
states in the catalytic cycle to calculate the TOF, we needed a “complete” mechanism in order to
accurately compare each catalyst. Thus, we chose to only focus on the OQiPr pathway in the main
text.

Finally, comparing the profiles in Fig. D.3, we note that the free energy barriers for the nucleophilic
attack elementary step (AGfmC = G(TSnuc) — G(Reactant Complex)) are nearly identical for all
three pathways. Explicitly, AG;lEluC is 105.4, 107.3, and 109.2 kJ/mol for the OiPr, CHs, and F
pathways, respectively. Since all three pathways have identical Ti'Y-IMPA species, the free
energy barriers for the IMPA desorption elementary step are equivalent for each pathway. In the
main text, we observed that nucleophilic attack and IMPA desorption are the most influential
elementary steps in the overall reaction. Since the barriers for these key steps are similar for each
pathway, we chose the OiPr pathway for screening all catalysts.

(@)

50 +  — OiPr TSge TS TIV-OH +
......... CH,4 |NT1 "y &l IMPA + HF
30 +
TiV-OH +
10 T sarin+ H,0
~ -10 +
<}
S
S 30 +
x
O 50
70 +
/- Reactant i
/ TiV-IMPA +
-90 + Complex
N : P Product HF
110 __T| —Sarin + H,0 Complex
(b)
VT L F TiV-OH +
IMPA + HF
30 | AR
INT, .
10 L T"-OH+ TSwe .~ —: |
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Figure D.3. Comparison of the reaction free energy profiles for gas-phase sarin hydrolysis catalyzed by the formate
cluster model of Ti'Y-NU-1000, following the (a) OiPr and CH3 pathways and (b) the F pathway.
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D.4  Effect of Transition Metal on Key Barriers — Values

Table D.4. The effect of transition metal identity and oxidation state on the free energy barrier to form INT1 (AGint1)
and the free energy barrier to desorb the IMPA product from the active site (AGmpa.des.) of M-NU-1000 systems.
Values (in kJ/mol) are calculated at T =298.15 K and P = 1 atm.

Metal | AGint1 | AGivpA des.
pav 61.7 17.0
Cul 67.3 72.6
Co'! 81.3 57.2
Fe!l 75.3 89.4
Cu!l 62.0 98.8
w 108.4 59.7
Co'! 80.0 109.6
pgt 109.8 75.2
Fel! 68.0 113.3
wi 79.5 114.1
Au! 94.7 115.9
Zn" 71.5 121.1
Celv 122.7 108.2
Nil! 51.5 124.1
Mn" 77.2 125.3
Sctt 69.3 125.4
Rh!" 61.3 127.6
Ru' 91.0 129.3
Ti'V 132.2 111.7
Crit 78.0 132.5
Ru'Y 1333 62.0
I 78.4 135.6
Y™ 64.7 137.5
vV 137.5 116.4
Cr! 423 138.3

vi 37.1 139.6
Mo!! 90.6 140.3
ZV 127.5 142.3
Mo 143.2 59.4
Mn'Y 143.2 65.2
HfY 131.9 144.8
Ce!l 67.1 145.3

Pttt 59.3 160.4
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Figure D.4. The effect of transition metal identity and oxidation state (shown in Fig. 5.5) on the free energy barrier to
form INT: and the free energy barrier to desorb the IMPA product from the active site of 32 M-NU-1000 systems,
where the optimal metals are located closest to the origin. A pseudo-Pareto front curve shows the tradeoff between
the energy barrier for nucleophilic attack and the product desorption energy, such that no metal has perfectly low

barriers for both steps. Pd"V-NU-1000 is omitted from this plot, as it falls outside the Pareto-front curve for the other
32 metals.
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Table D.5. Free energy barriers for the four elementary steps for gas-phase sarin hydrolysis catalyzed by NU-1000
and M-NU-1000 systems. Values (in kJ/mol) are calculated at T =298.15 K and P =1 atm.

System AGE . AGﬁmy AGE, AGyympa des.
Scm 93.7 12.6 25.9 1254
TiV 105.4 8.8 36.7 111.7
Mn" 98.1 13.0 15.5 125.3
Fe! 87.6 14.4 24.2 113.3
Fe' 80.4 4.4 28.8 89.4
Co" 85.6 11.8 21.3 109.6
Co™m 84.2 23.4 24.8 57.2
Nit 74.4 20.2 14.6 124.1
Cu" 67.4 20.8 18.9 98.8
Cu 80.5 10.4 27.0 72.6
Zn" 82.7 12.9 16.2 121.1
Ru™ 84.3 22.3 28.1 129.3
Rh™ 61.2 27.5 32.9 127.6
Pd" 51.7 19.5 15.8 75.2
Pd"V 82.3 54.9 8.1 17.0
Ce"V 135.9 10.6 28.4 108.2
A 81.7 11.0 19.8 114.1
w 96.9 7.7 43.2 59.7
Ay 70.3 27.5 324 115.9

NU-1000 76.0 6.7 19.0 151.7
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D.7  Proposed Catalytic Cycle for Gas-Phase Sarin Hydrolysis on NU-1000
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Figure D.6. Illustration of the proposed catalytic cycle of gas-phase sarin hydrolysis on a NU-1000 cluster. The sarin
and ambient water molecules are colored red and blue, respectively, to clarify the movement of atoms during the
course of the reaction mechanism.
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D.8 Comparison of Monodentate and Bidentate Product Binding on NU-1000

In the main text, and throughout most of the SI, we present results for unfunctionalized NU-1000
assuming a general base hydrolysis mechanism, in which sarin and IMPA bind to Zr in a
monodentate fashion, for the most direct comparison to the 19 M-NU-1000 catalysts. Here,
“general base hydrolysis mechanism” refers to the case when the nucleophile is an explicit water
molecule (that would be present from ambient moisture). However, we also performed a
calculation to confirm that the energetics for a bidentate binding mode on NU-1000 are more
unfavorable, as shown below. As seen in Fig. D.7, the free energy barrier to desorb the IMPA
product and regenerate the NU-1000-dehyd active site is AGivra des. = 151.7 and 168.4 kJ/mol for
monodentate and bidentate modes, respectively. This agrees with previous results! showing
stronger binding energies for a bidentate hydrolysis product where IMPA is bound through two
Zr-oxo bonds, compared to only one Zr-oxo bond in the monodentate mode.

@) {

Monodentate Bidentate
AG\ypa des. = 151.7 kd/mol AG\ypa des. = 168.4 kJ/mol

Figure D.7. Optimized NU-1000—IMPA species where IMPA is bound in a (a) monodentate and (b) bidentate fashion,
highlighting the different binding geometries that contribute to the stronger binding energy for bidentate-bound IMPA
compared to monodentate-bound IMPA. Dark grey, white, red, and turquoise spheres represent C, H, O, and Zr atoms,
respectively.
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Figure D.8. Reaction free energy profiles (at T =298.15 K and P = 1 atm) for gas-phase sarin hydrolysis catalyzed
by single-atom M-NU-1000 systems, as well as unfunctionalized NU-1000. The TDTS (turnover-frequency-
determining transition state) and TDI (turnover-frequency-determining intermediate) for each system are colored red.

The labels Ix and Tj in Fig. D.8 correspond to the terminology used in the energetic span model for
intermediates and transition states, respectively:

Io: M—OH + Sarin + H,O
I;: M—Sarin + H,O

I2: Reactant Complex
T2: TSnuc

I3: INT;

T3: TsBerry

I4: INT,

T4: TSeli

Is: Product Complex

I¢: M-IMPA + HF

I;: M—OH + IMPA + HF
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D.10 Influence of TDTS/TDI on Absolute TOFs for Cu'-NU-1000

To get an idea of how sensitive the absolute TOFs are to changes in energy, we calculated absolute
TOFs for the Cu'-NU-1000 system using different free energy values for the TDTS and TDI. As
seen in Fig. D.9, lowering the TDTS free energy to that of the next highest TS and raising the TDI
free energy to that of the next lowest INT leads to a >750x increase in predicted |TOF|. Thus, a
small inaccuracy in the calculation of the energetic span results in a large error in the absolute TOF
calculation, which is why we used relative TOFs to compare the catalysts in our study.
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Figure D.9. Calculated absolute TOFs for gas-phase sarin hydrolysis catalyzed by Cu™-NU-1000 using different free
energy values for the TDTS and TDI.
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D.11 Influence of Temperature on Absolute TOFs for Cu''-NU-1000

Table D.6. Calculated absolute TOFs for gas-phase sarin hydrolysis catalyzed by Cu™-NU-1000 at P = 1 atm and
temperatures ranging from T =298.15 K to T =500.15 K.

T (K) |TOF| (s™)
298.15 203x10
308.15 921x10
318.15 3.79x10
344.15 1.00x 10 °
370.15 152x10
396.15 134x10
422.15 7.05 x10
448.15 246X 10
474.15 672x10°
500.15 156%10°
175 + —208.15 K
—308.15 K
150 + ——318.15K
—344 .15 K
125 1 —37015K
100 + 396.15 K
. 422.15 K
% 75 4 |nCreaS|ngT 448.15 K
£ 47415 K
S 50 500.15 K
X
O 25 1
O 4
=25
50 + ls
75 L ls

Figure D.10. Reaction free energy profiles for gas-phase sarin hydrolysis catalyzed by Cu™-NU-1000 at P = 1 atm
and temperatures ranging from 298.15 K to 500.15 K. The labels Ix and Tj correspond to the terminology used in the
energetic span model for intermediates and transition states, respectively.
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D.12 Raw Energy Values for All Spin States for NU-1000 and 19 M-NU-1000 Catalysts

In the tables below, the raw energy values are given for every species involved in the reactions
catalyzed by NU-1000 and 19 M-NU-1000 catalysts.

Table D.7. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Pd™V-NU-1000, for
three possible spin states. The lower of the energies is colored red.

M = Pd" (3d9) E (8*=6) E(§8*=2) E (§8*=0)
Pd"V-OH -3210.8430750 -3210.8651153 -3210.8750646
Pd"V—Sarin -3961.1998650 -3961.2081855 -3961.2302080
Reactant Complex -4037.6609152 -4037.7095648 -4037.6957955
TSnuc -4037.6248014 -4037.6776932 -4037.6603385
INT: -4037.6411866 -4037.6708251 -4037.6720228
TSgerry -4037.6313367 -4037.6375535 -4037.6523767
INT2 -4037.6508120 -4037.6789776 -4037.6792904
TSeii -4037.6321329 -4037.6712782 -4037.6613149
Product Complex -4037.6754169 -4037.7180369 -4037.7056577
Pd"V-IMPA -3937.1907149 -3937.1938282 -3937.2037384

Table D.8. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Pd™V-NU-1000, using the most stable spin state for each species in the

mechanism.
M=PdV (3d) | S?| E (hartree H (hartree) G (hartree) | Rel. H (kJ/mol) | Rel. G (kJ/mol)
PdV-OH 0 | -3210.875065 | -3210.445848 | -3210.572717 0.0 0.0
Pd"V—Sarin 0 | -3961.230208 | -3960.642428 | -3960.792716 -53.9 7.1
Reactant Complex | 2 | -4037.709565 | -4037.093603 | -4037.251200 -140.6 -42.6
TSnuc 2 | -4037.677693 | -4037.066459 | -4037.219851 -69.3 39.7
INT, 0 | -4037.672023 | -4037.055806 | -4037.208759 -41.4 68.8
TSgerry 0 | -4037.652377 | -4037.037030 | -4037.187845 7.9 123.7
INT> 0 | -4037.679290 | -4037.062817 | -4037.215546 -59.8 51.0
TSeli 2 | -4037.671278 | -4037.058491 | -4037.212474 -48.4 59.1
Product Complex | 2 | -4037.718037 | -4037.102963 | -4037.259902 -165.2 -65.5
PdV-IMPA 0 | -3937.203738 | -3936.603769 | -3936.753896 -51.0 14.9

Table D.9. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Co™-NU-1000, for
three possible spin states. The lower of the energies is colored red.

M = Co' 3d°) E (S’=6) E(S’=2) E (S?=0)
Co™_OH ~4466.3950953 -4466.3728753 -4466.3585509
Co™Sarin 25216.7581002 -5216.7487010 -5216.7383390
Reactant Complex 25293.2190805 25093.2224817 25293.2097424

TShuc -5293.1841795 -5293.1911892 -5293.1703468

INT, -5293.1867137 -5293.1957839 -5293.1767376
TSgerry -5293.1852953 -5293.1774286 -5293.1693849
INT -5293.1915577 -5293.1930882 -5293.1804416

TSei -5293.1757665 -5293.1803865 -5293.1664801
Product Complex -5293.2222821 -5293.2322124 -5293.2101493
Co"'-IMPA -5192.7423753 -5192.7308345 -5192.7275449
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Table D.10. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Co™-NU-1000, using the most stable spin state for each species in the

mechanism.
M = Co"™ (3d9) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Co'"-OH 6 -4466.3950953 -4465.9552110 -4466.0848640 0.0 0.0
Co""'Sarin 6 -5216.7581002 -5216.1590530 -5216.3122930 -72.9 -12.4
Reactant Complex 2 -5293.2224817 -5292.5946680 -5292.7517030 -118.8 -12.0
TSnuc 2 -5293.1911892 -5292.5673600 -5292.7196250 -47.1 72.2
INT,; 2 -5293.1957839 -5292.5677380 -5292.7209010 -48.1 68.8
TSBerry 6 -5293.1852953 -5292.5591880 -5292.7119710 -25.7 92.3
INT, 2 -5293.1930882 -5292.5647490 -5292.7171030 -40.3 78.8
TSei 2 -5293.1803865 -5292.5552280 -5292.7076500 -15.3 103.6
Product Complex 2 -5293.2322124 -5292.6048660 -5292.7605460 -145.6 -353
Co"-IMPA 6 -5192.7423753 -5192.1302080 -5192.2813360 -95.8 -25.3

Table D.11. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by WY-NU-1000, for

two possible spin states. The lower of the energies is colored red.

M=WY 3d?) E(S8*=2) E (8*=0)
WIV-OH -3150.2079499 -3150.2476876
W!V—Sarin -3900.5945250 -3900.6176382
Reactant Complex -3977.0482218 -3977.0730616
TShuc -3977.0066691 -3977.0402773
INT; -3977.0148274 -3977.0400134
TSgeny -3977.0124686 -3977.0384787
INT2 -3977.0276113 -3977.0608454
TSeii -3977.0114971 -3977.0408096
Product Complex -3977.0561772 -3977.0836774
WIV-IMPA -3876.5687815 -3876.5926877

Table D.12. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by W!V-NU-1000, using the most stable spin state for each species in the

mechanism.

M= WY 3d?) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
WV-OH 0 -3150.2476876 -3149.8181820 -3149.9458440 0.0 0.0

W!V—Sarin 0 -3900.6176382 -3900.0292540 -3900.1795090 -91.9 -28.8
Reactant Complex 0 -3977.0730616 -3976.4567240 -3976.6142210 -116.4 -16.1
TSnuc 0 -3977.0402773 -3976.4266580 -3976.5772960 -37.5 80.9
INT, 0 -3977.0400134 -3976.4236040 -3976.5777590 -29.5 79.6
TSBerry 0 -3977.0384787 -3976.4224350 -3976.5748270 -26.4 87.3
INT, 0 -3977.0608454 -3976.4428570 -3976.5955310 -80.0 33.0
TSei 0 -3977.0408096 -3976.4267360 -3976.5790950 -37.7 76.1
Product Complex 0 -3977.0836774 -3976.4670760 -3976.6231550 -143.6 -39.5
WV-IMPA 0 -3876.5926877 -3875.9917390 -3876.1432770 -92.0 -27.8
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Table D.13. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Cu™-NU-1000,
for two possible spin states. The lower of the energies is colored red.

M = Cu™ (3d%) E ($2=2) E (S2=0)
Cu"-OH -4724.0438253 -4724.0353133
Cu™Sarin -5474.4110371 -5474.4130803
Reactant Complex -5550.8773118 -5550.8793263
TShuc -5550.8386628 -5550.8496361
INT; -5550.8396075 -5550.8511393
TSBery -5550.8365357 -5550.8453644
INT, -5550.8491326 -5550.8566456
TSeli -5550.8345063 -5550.8429633
Product Complex -5550.8814257 -5550.8884917
Cu"-IMPA -5450.3935131 -5450.3963485

Table D.14. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species

involved in the reaction catalyzed by Cu"—NU-1000, using the most stable spin state for each species in the

mechanism.
M = Cu'" (3% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Cu'"-OH 2 -4724.0438253 -4723.6042660 -4723.7333960 0.0 0.0
Cu"'Sarin 0 -5474.4130803 -5473.8131800 -5473.9620620 -86.2 -15.7
Reactant Complex 0 -5550.8793263 -5550.2516780 -5550.4078700 -139.7 -32.1
TSnuc 0 -5550.8496361 -5550.2263990 -5550.3772100 -73.3 48.4
INT,; 0 -5550.8511393 -5550.2242080 -5550.3759970 -67.6 51.6
TSgerry 0 -5550.8453644 -5550.2185460 -5550.3720470 -52.7 62.0
INT, 0 -5550.8566456 -5550.2285230 -5550.3806010 -78.9 39.5
TS 0 -5550.8429633 -5550.2184770 -5550.3703020 -52.5 66.5
Product Complex 0 -5550.8884917 -5550.2616480 -5550.4168710 -165.9 -55.7
Cu"-IMPA 0 -5450.3963485 -5449.7850960 -5449.9357520 -111.1 -40.7

Table D.15. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Pd"-NU-1000, for
two possible spin states. The lower of the energies is colored red.

M = Pd" (3d8) E ($2=2) E (S2=0)
Pd"OH -3212.1766871 -3212.1852764
Pd"Sarin -3962.5330759 -3962.5664566
Reactant Complex -4038.9980691 -4039.0019177
TShuc -4038.9675883 -4038.9840283
INT, -4038.9765386 -4038.9919381
TSerry -4038.9688104 -4038.9842440
INT2 -4038.9821156 -4038.9993732
TSeli -4038.9726789 -4038.9896402
Product Complex -4039.0193253 -4039.0352409
Pd"-IMPA -3938.5260573 -3938.5369233
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Table D.16. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by PA"-NU-1000, using the most stable spin state for each species in the mechanism.

M = Pd" (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Pd'-OH 0 -3212.1852764 -3211.7327920 -3211.8615360 0.0 0.0
Pd"Sarin 0 -3962.5664566 -3961.9550800 -3962.1086750 -121.3 -64.2
Reactant Complex 0 -4039.0019177 -4038.3629140 -4038.5214090 -94.3 6.2
TSnuc 0 -4038.9840283 -4038.3485480 -4038.5017210 -56.6 57.9
INT; 0 -4038.9919381 -4038.3525790 -4038.5063930 -67.2 45.7
TSgerry 0 -4038.9842440 -4038.3458240 -4038.4989700 -49.4 65.2
INT, 0 -4038.9993732 -4038.3591350 -4038.5127190 -84.4 29.1
TSei 0 -4038.9896402 -4038.3525890 -4038.5066960 -67.2 44.9
Product Complex 0 -4039.0352409 -4038.3962560 -4038.5529820 -181.8 -76.7
Pd'-IMPA 0 -3938.5369233 -3937.9127310 -3938.0648890 -108.8 -43.3

Table D.17. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Fe™-NU-1000,
for three possible spin states. The lower of the energies is colored red.

M = Fe'" (3d9) E (S*=8.75) E (§8*=3.75) E (§*=0.75)
Fe"OH -4347.3838677 -4347.3368886 -4347.3129595
Fe'"'Sarin -5097.7501282 -5097.7110450 -5097.6855229
Reactant Complex -5174.2134160 -5174.1790995 -5174.1416041

TSnuc -5174.1850588 -5174.1496836 -5174.1154438

INT, -5174.1879790 -5174.1612754 -5174.1209738
TSgerry -5174.1879131 -5174.1499891 -5174.1285989
INT: -5174.1987323 -5174.1580019 -5174.1286996

TSeii -5174.1844163 -5174.1460121 -5174.1132674
Product Complex -5174.2304841 -5174.1961158 -5174.1533482
Fe'-IMPA -5073.7442940 -5073.7064787 -5073.6741621

Table D.18. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species

involved in the reaction catalyzed by Fe

111

—NU-1000, using the most stable spin state for each species in the

mechanism.
M = Fe''' (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Fe"-OH 8.75 | -4347.3838677 -4346.9445730 -4347.0756670 0.0 0.0
Fe''Sarin 8.75 | -5097.7501282 -5097.1514760 -5097.3056420 -81.0 -19.1
Reactant Complex | 8.75 | -5174.2134160 -5173.5866940 -5173.7465990 -125.8 -22.8
TSnuc 8.75 | -5174.1850588 -5173.5621930 -5173.7159690 -61.5 57.6
INT; 8.75 | -5174.1879790 -5173.5609910 -5173.7165210 -58.3 56.2
TSgerry 8.75 | -5174.1879131 -5173.5615180 -5173.7148500 -59.7 60.6
INT, 8.75 | -5174.1987323 -5173.5712170 -5173.7269140 -85.2 28.9
TSei 8.75 | -5174.1844163 -5173.5604410 -5173.7159440 -56.9 57.7
Product Complex 8.75 | -5174.2304841 -5173.6041710 -5173.7622890 -171.7 -64.0
Fe'-IMPA 8.75 | -5073.7442940 -5073.1327270 -5073.2844290 -130.3 -57.5
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Table D.19. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Cu"-NU-1000, using the only possible spin state (doublet) for each species in

the mechanism.

M = Cu" 3d°) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Cu'-OH 0.75 | -4724.7043261 -4724.2519800 | -4724.3813910 0.0 0.0
Cu''-Sarin 0.75 | -5475.0662397 | -5474.4553570 | -5474.6086650 -71.7 -12.0
Reactant Complex | 0.75 | -5551.5307208 | -5550.8913710 | -5551.0506040 -118.6 -18.3
TSnuc 0.75 | -5551.5064524 | -5550.8710680 | -5551.0249240 -65.3 49.1
INT; 0.75 | -5551.5084828 | -5550.8694190 | -5551.0246010 -61.0 50.0
TSgerry 0.75 | -5551.5017716 | -5550.8628220 | -5551.0166670 -43.7 70.8
INT, 0.75 | -5551.5130234 | -5550.8727180 | -5551.0281660 -69.7 40.6
TSei 0.75 | -5551.5029137 | -5550.8658510 | -5551.0209640 -51.6 59.5
Product Complex 0.75 | -5551.5594887 | -5550.9198550 | -5551.0751950 -193.4 -82.8
Cu'-IMPA 0.75 | -5451.0672065 -5450.4425140 | -5450.5937260 -136.6 -66.9

Table D.20. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ce!"-NU-1000, using the only possible spin state (singlet) for each species in

the mechanism.

M=Ce'v 3d%31% | §? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
CeV-OH 0 -3558.3913560 -3557.9635690 -3558.0922030 0.0 0.0
Ce'V—Sarin 0 -4308.7794759 -4308.1928370 -4308.3449980 -139.7 -79.0
Reactant Complex 0 -4385.2463231 -4384.6319810 -4384.7904290 -194.8 -94.5
TSnuc 0 -4385.1947364 -4384.5839910 -4384.7386810 -68.8 414
INT, 0 -4385.1962200 -4384.5813850 -4384.7378030 -62.0 43.7
TSgerry 0 -4385.1932339 -4384.5787820 -4384.7337810 -55.2 543
INT, 0 -4385.2033787 -4384.5875240 -4384.7435520 -78.1 28.6
TSei 0 -4385.1908808 -4384.5777740 -4384.7327530 -52.5 57.0
Product Complex 0 -4385.2448949 -4384.6300820 -4384.7870600 -189.8 -85.6
CeV-IMPA 0 -4284.7552818 -4284.1560920 -4284.3081210 -141.8 -76.3

Table D.21. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Co™-NU-1000, for
two possible spin states. The lower of the energies is colored red.

M = Co" (3d7) E (S =3.75) E (S2=0.75)
Co"-OH -4467.0131991 -4466.9750198
Co"Sarin -5217.3860745 -5217.3509167
Reactant Complex -5293.8508905 -5293.8077928
TShuc -5293.8189284 -5293.7904255
INT; -5293.8233291 -5293.7984626
TSBerry -5293.8205395 -5293.7944577
INT, -5293.8294248 -5293.8042252
TSl -5293.8191773 -5293.7941206
Product Complex -5293.8672042 -5293.8383582
Co"-IMPA -5193.3821318 -5193.3461695
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Table D.22. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Co'™~NU-1000, using the most stable spin state for each species in the

mechanism.

M = Co" (3d7) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Co'-OH 3.75 | -4467.0131991 -4466.5613060 -4466.6926030 0.0 0.0

Co''-Sarin 3.75 | -5217.3860745 -5216.7748430 -5216.9293600 -98.4 -36.9

Reactant Complex | 3.75 | -5293.8508905 -5293.2114750 -5293.3705080 -146.9 -41.1

TSnuc 3.75 | -5293.8189284 -5293.1828520 -5293.3379200 -71.8 44.5

INT; 3.75 | -5293.8233291 -5293.1827860 -5293.3384420 -71.6 43.1

TSgerry 3.75 | -5293.8205395 -5293.1805140 -5293.3339480 -65.7 54.9

INT, 3.75 | -5293.8294248 -5293.1884000 -5293.3443980 -86.4 27.4

TSei 3.75 | -5293.8191773 -5293.1808970 -5293.3362680 -66.7 48.8

Product Complex 3.75 | -5293.8672042 -5293.2272900 -5293.3849970 -188.5 -79.1

Co'-IMPA 3.75 | -5193.3821318 -5192.7572480 -5192.9090440 -150.8 -77.7

Table D.23. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ti"V-NU-1000 (formate cluster model, OiPr pathway), using the only possible
spin state (singlet) for each species in the mechanism.

M = Ti"V (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Ti'V-OH 0 -3932.6207000 -3932.1914030 -3932.3175390 0.0 0.0

Ti'V—Sarin 0 -4683.0167169 -4682.4285820 -4682.5780080 -160.4 -99.2

Reactant Complex 0 -4759.4713551 -4758.8545710 -4759.0101780 -181.1 -79.8
TSnuc 0 -4759.4320839 -4758.8191570 -4758.9700490 -88.1 25.6

INT,; 0 -4759.4335375 -4758.8160750 -4758.9671920 -80.0 33.1
TSBerry 0 -4759.4303222 -4758.8137610 -4758.9638460 -73.9 41.9
INT, 0 -4759.4438831 -4758.8261690 -4758.9780710 -106.5 4.5

TSei 0 -4759.4282916 -4758.8137040 -4758.9641110 -73.8 41.2

Product Complex 0 -4759.4787509 -4758.8618290 -4759.0144610 -200.1 -91.0

Ti'V-IMPA 0 -4658.9878242 -4658.3867040 -4658.5347750 -149.1 -79.8

Table D.24. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ti'™-NU-1000 (benzoate cluster model, OiPr pathway), using the only possible
spin state (singlet) for each species in the mechanism.

M =Ti'"V (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ti'V-OH 0 -4856.1180405 -4855.5006950 -4855.6273380 0.0 0.0
Ti'V—Sarin 0 -5606.5171789 -5605.7412980 -5605.8911040 -169.4 -107.8
Reactant Complex 0 -5682.9662768 -5682.1619510 -5682.3174410 -176.0 -73.1
TShue 0 -5682.9326569 -5682.1313720 -5682.2820860 -95.8 19.7
INT, 0 -5682.9330755 -5682.1284520 -5682.2802810 -88.1 24.4
TSgerry 0 -5682.9298327 -5682.1255400 -5682.2765260 -80.5 34.3
INT, 0 -5682.9436789 -5682.1382160 -5682.2906720 -113.7 -2.8
TSeii 0 -5682.9285579 -5682.1262420 -5682.2771270 -82.3 32.7
Product Complex 0 -5682.9760505 -5682.1717100 -5682.3254850 -201.7 -94.2
Ti'V-IMPA 0 -5582.4876430 -5581.6985500 -5581.8472340 -155.8 -86.8




313

Table D.25. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ti'™-NU-1000 (formate cluster model, CHs pathway), using the only possible
spin state (singlet) for each species in the mechanism.

M = Ti"V (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Ti'V-OH 0 -3932.6207000 -3932.1914030 -3932.3175390 0.0 0.0
Ti'V—Sarin 0 -4683.0167169 -4682.4285820 -4682.5780080 -160.4 -99.2
Reactant Complex 0 -4759.4728164 -4758.8563470 -4759.0112830 -185.7 -82.7
TSnuc 0 -4759.4329460 -4758.8203160 -4758.9704170 91.1 24.6

INT; 0 -4759.4334479 -4758.8159420 -4758.9665270 -79.6 34.8
TSBerry 0 -4759.4320945 -4758.8154100 -4758.9646840 -78.3 39.7
INT, 0 -4759.4438831 -4758.8261690 -4758.9780710 -106.5 4.5

TSei 0 -4759.4282916 -4758.8137040 -4758.9641110 -73.8 41.2

Product Complex 0 -4759.4787509 -4758.8618290 -4759.0144610 -200.1 -91.0
Ti'V-IMPA 0 -4658.9878242 -4658.3867040 -4658.5347750 -149.1 -79.8

Table D.26. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ti'™"-NU-1000 (formate cluster model, F pathway), using the only possible spin
state (singlet) for each species in the mechanism.

M = Ti"V (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ti'V-OH 0 -3932.6207000 -3932.1914030 -3932.3175390 0.0 0.0
Ti'V—Sarin 0 -4683.0167169 -4682.4285820 -4682.5780080 -160.4 -99.2
Reactant Complex 0 -4759.4807358 -4758.8638470 -4759.0182030 -205.4 -100.9
TSnuc 0 -4759.4380729 -4758.8255120 -4758.9766100 -104.8 8.3
INT,; 0 -4759.4384851 -4758.8223280 -4758.9739820 -96.4 15.2
Ti'V-IMPA 0 -4658.9878242 -4658.3867040 -4658.5347750 -149.1 -79.8

Table D.27. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Fe'-NU-1000, for
three possible spin states. The lower of the energies is colored red.

M = Fe" (3d°) E (8*=6) E (§8*=2) E (8*=0)
Fe'-OH -4347.9700167 -4347.9174260 -4347.8828451
Fe'Sarin -5098.3414529 -5098.2864624 -5098.2550917
Reactant Complex -5174.8069331 -5174.7416793 -5174.7176193
TSnuc -5174.7760746 -5174.7253175 -5174.7037578
INT: -5174.7804670 -5174.7342305 -5174.7147384
TSgerry -5174.7751548 -5174.7304964 -5174.7097325
INT2 -5174.7875306 -5174.7392591 -5174.7184799
TSei -5174.7766519 -5174.7295917 -5174.7094851
Product Complex -5174.8240315 -5174.7740510 -5174.7544111
Fe'-IMPA -5074.3394859 -5074.2860639 -5074.2522963
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Table D.28. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Fe''-NU-1000, using the most stable spin state for each species in the mechanism.

M = Fe!' (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Fe'-OH 6 -4347.9700167 -4347.5182660 -4347.6497590 0.0 0.0

Fe''-Sarin 6 -5098.3414529 -5097.7302150 -5097.8840470 -94.2 -30.4
Reactant Complex 6 -5174.8069331 -5174.1680200 -5174.3284210 -145.8 -43.1
TSnuc 6 -5174.7760746 -5174.1401120 -5174.2950470 -72.6 44.5

INT; 6 -5174.7804670 -5174.1409350 -5174.2976910 -74.7 37.6
TSgerry 6 -5174.7751548 -5174.1363090 -5174.2922020 -62.6 52.0
INT, 6 -5174.7875306 -5174.1473100 -5174.3040700 91.5 20.8

TSei 6 -5174.7766519 -5174.1391050 -5174.2948690 -69.9 45.0

Product Complex 6 -5174.8240315 -5174.1842860 -5174.3424530 -188.6 -79.9

Fe'-IMPA 6 -5074.3394859 -5073.7151120 -5073.8676140 -153.2 -81.4

Table D.29. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by W'-NU-1000, for
three possible spin states. The lower of the energies is colored red.

M = W" (3d%) E (8*=6) E (§8*=2) E (8*=0)
W'-OH -3151.3406086 -3151.3425521 -3151.3261634
W!-Sarin -3901.7078305 -3901.7169470 -3901.6888250
Reactant Complex -3978.1756922 -3978.1815055 -3978.1479653
TSnuc -3978.1500894 -3978.1498218 -3978.1144369
INT: -3978.1518231 -3978.1481804 -3978.1220840
TSgerry -3978.1486631 -3978.1398636 -3978.1190754
INT2 -3978.1572687 -3978.1560926 -3978.1397754
TSeii -3978.1469519 -3978.1401228 -3978.1169050
Product Complex -3978.1976799 -3978.1855234 -3978.1590634
WI-IMPA -3877.7077578 -3877.6983433 -3877.6754308

Table D.30. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by W''-NU-1000, using the most stable spin state for each species in the mechanism.

M= W! 3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
WI-OH 2 -3151.3425521 -3150.8910990 -3151.0221010 0.0 0.0
W!'-Sarin 2 -3901.7169470 -3901.1073240 -3901.2618870 -105.4 -44.9
Reactant Complex 2 -3978.1815055 -3977.5439720 -3977.7041010 -154.0 -51.9
TShue 6 -3978.1500894 -3977.5159220 -3977.6729680 -80.4 29.9
INT, 6 -3978.1518231 -3977.5133720 -3977.6711450 -73.7 34.7
TSgerry 6 -3978.1486631 -3977.5105990 -3977.6669450 -66.4 45.7
INT, 6 -3978.1572687 -3977.5179170 -3977.6756910 -85.6 22.7
TSeii 6 -3978.1469519 -3977.5106130 -3977.6681400 -66.5 42.6
Product Complex 6 -3978.1976799 -3977.5593220 -3977.7194730 -194.3 -92.2
WILIMPA 6 -3877.7077578 -3877.0850270 -3877.2402750 -145.5 -82.2
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Table D.31. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Au™-NU-1000,
for two possible spin states. The lower of the energies is colored red.

M = Au™ (3d%) E ($2=2) E (S2=0)
Au"™OH -3219.3132699 -3219.3215683
Au"™ Sarin -3969.6714759 -3969.7170265
Reactant Complex -4046.1271143 -4046.1656189
TShuc -4046.0865172 -4046.1414271
INT; -4046.0975496 -4046.1448286
TSBery -4046.0928477 -4046.1363846
INT, -4046.1115276 -4046.1563074
TSeli -4046.1017434 -4046.1398804
Product Complex -4046.1404225 -4046.1824970
Au"-IMPA -3945.6567854 -3945.6890300

Table D.32. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species

involved in the reaction catalyzed by Au

—NU-1000, using the most stable spin state for each species in the

mechanism.
M = Au'! (3d®) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Au"-OH 0 -3219.3215683 -3218.8814720 -3219.0099910 0.0 0.0
Au"'-Sarin 0 -3969.7170265 -3969.1173310 -3969.2687080 -157.0 -94.6
Reactant Complex 0 -4046.1656189 -4045.5387790 -4045.6976150 -165.7 -66.6

TSnuc 0 -4046.1414271 -4045.5177290 -4045.6708310 -110.4 3.7

INT,; 0 -4046.1448286 -4045.5181310 -4045.6721870 -111.5 0.1
TSBerry 0 -4046.1363846 -4045.5102260 -4045.6617010 -90.7 27.7
INT, 0 -4046.1563074 -4045.5289640 -4045.6811000 -139.9 -23.3

TS 0 -4046.1398804 -4045.5164630 -4045.6687660 -107.1 9.1
Product Complex 0 -4046.1824970 -4045.5564230 -4045.7127920 -212.0 -106.5
Au"-IMPA 0 -3945.6890300 -3945.0778320 -3945.2288200 -151.9 -84.0

Table D.33. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Zn"-NU-1000, using the only possible spin state (singlet) for each species in the

mechanism.
M =Zn" (3d'%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Zn'"'-OH 0 -4863.6096356 -4863.1569020 -4863.2853790 0.0 0.0
Zn''Sarin 0 -5613.9848854 -5613.3732770 -5613.5245050 -105.8 -43.1
Reactant Complex 0 -5690.4512550 -5689.8115120 -5689.9688770 -158.6 -55.8
TShue 0 -5690.4197551 -5689.7834950 -5689.9373830 -85.0 26.9
INT, 0 -5690.4219874 -5689.7817800 -5689.9368280 -80.5 28.4
TSgerry 0 -5690.4187246 -5689.7788060 -5689.9319270 -72.7 41.2
INT, 0 -5690.4258424 -5689.7846660 -5689.9395470 -88.1 21.2
TSeii 0 -5690.4175693 -5689.7792330 -5689.9333620 -73.9 37.5
Product Complex 0 -5690.4684910 -5689.8285450 -5689.9854440 -203.3 -99.3
Zn'-IMPA 0 -5589.9792838 -5589.3548180 -5589.5061860 -156.0 -89.2
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Table D.34. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Ni'~NU-1000, for
two possible spin states. The lower of the energies is colored red.

M = Ni"! (3d%) E ($2=2) E (S2=0)
Ni'-OH -4592.5469644 -4592.5193883
Ni'Sarin -5342.9221573 -5342.8993843
Reactant Complex -5419.3909122 -5419.3391699
TShuc -5419.3621548 -5419.3187816
INT, -5419.3674778 -5419.3210980
TSBery -5419.3603872 -5419.3145374
INT2 -5419.3695754 -5419.3232403
TSeli -5419.3604452 -5419.3134641
Product Complex -5419.4053964 -5419.3602855
Ni'-IMPA -5318.9161992 -5318.8966087

Table D.35. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ni''-NU-1000, using the most stable spin state for each species in the mechanism.

M = Ni' (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ni''“OH 2 -4592.5469644 -4592.0940640 -4592.2228260 0.0 0.0
Ni''-Sarin 2 -5342.9221573 -5342.3112670 -5342.4639350 -108.0 -48.3
Reactant Complex 2 -5419.3909122 -5418.7515980 -5418.9099840 -166.3 -65.4
TShue 2 -5419.3621548 -5418.7267500 -5418.8816560 -101.0 9.0
INT, 2 -5419.3674778 -5418.7280910 -5418.8838910 -104.6 3.1
TSgerry 2 -5419.3603872 -5418.7214650 -5418.8761880 -87.2 23.3
INT, 2 -5419.3695754 -5418.7291750 -5418.8847330 -107.4 0.9
TSeii 2 -5419.3604452 -5418.7230450 -5418.8791640 -91.3 15.5
Product Complex 2 -5419.4053964 -5418.7661630 -5418.9250980 -204.5 -105.1
Ni'-IMPA 2 -5318.9161992 -5318.2921760 -5318.4448100 -156.5 -92.2

Table D.36. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Mn"-NU-1000,
for three possible spin states. The lower of the energies is colored red.

M = Mn" 3d5) E (S*=8.75) E (§*=3.75) E (§*=0.75)
Mn'-OH -4235.2866729 -4235.2225562 -4235.1820103
Mn'-Sarin -4985.6654078 -4985.5985106 -4985.5521447
Reactant Complex -5062.1340502 -5062.0660409 -5062.0065010
TSnuc -5062.0952865 -5062.0204075 -5061.9891755
INT: -5062.1011292 -5062.0396015 -5061.9980681
TSgerry -5062.0967176 -5062.0185808 -5061.9941940
INT2 -5062.1047038 -5062.0430331 -5062.0033164
TSei -5062.0968034 -5062.0285219 -5061.9924925
Product Complex -5062.1465775 -5062.0741293 -5062.0364385
Mn'-IMPA -4961.6590769 -4961.5940189 -4961.5505515
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Table D.37. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Mn'"-NU-1000, using the most stable spin state for each species in the

mechanism.
M = Mn"! 3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)

Mn'-OH 8.75 | -4235.2866729 -4234.8347940 -4234.9654060 0.0 0.0
Mn'Sarin 8.75 | -4985.6654078 -4985.0544110 -4985.2081550 -114.3 -52.7
Reactant Complex | 8.75 | -5062.1340502 -5061.4951390 -5061.6539610 -173.7 -69.1
TSnuc 8.75 | -5062.0952865 -5061.4603450 -5061.6166100 -82.3 29.0

INT; 8.75 | -5062.1011292 -5061.4613980 -5061.6183190 -85.1 24.5
TSgerry 8.75 | -5062.0967176 -5061.4579500 -5061.6133840 -76.0 37.5
INT, 8.75 | -5062.1047038 -5061.4641230 -5061.6215510 -92.2 16.0

TSei 8.75 | -5062.0968034 -5061.4586220 -5061.6156490 -77.8 31.5
Product Complex 8.75 | -5062.1465775 -5061.5069810 -5061.6666870 -204.7 -102.5
Mn'-IMPA 8.75 | -4961.6590769 -4961.0348730 -4961.1878170 -161.7 -93.4

Table D.38. The SCF energies, enthalpies, free energies, relative
involved in the reaction catalyzed by Sc™-NU-1000, using the

the mechanism.

enthalpies, and relative free energies for each species
only possible spin state (singlet) for each species in

M = Sc'™ (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Sc'"“OH 0 -3844.5298542 -3844.0900380 -3844.2189460 0.0 0.0
Sc""Sarin 0 -4594.9063759 -4594.3077070 -4594.4599530 -109.2 -48.1
Reactant Complex 0 -4671.3798923 -4670.7531600 -4670.9089610 -180.9 -72.9
TSnuc 0 -4671.3442646 -4670.7211120 -4670.8732730 -96.8 20.8
INT, 0 -4671.3475708 -4670.7202550 -4670.8731270 -94.6 21.2
TSBerry 0 -4671.3424592 -4670.7159420 -4670.8683260 -83.2 33.8
INT, 0 -4671.3563800 -4670.7284830 -4670.8817290 -116.2 -1.4
TSei 0 -4671.3438951 -4670.7191730 -4670.8718520 -91.7 24.5
Product Complex 0 -4671.3896934 -4670.7628090 -4670.9185460 -206.3 -98.1
Sc'IMPA 0 -4570.9029133 -4570.2913820 -4570.4413880 -165.0 -93.4

Table D.39. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Rh™-NU-1000,
for three possible spin states. The lower of the energies is colored red.

M = Rh'™ (3d%) E (S’=6) E(S’=2) E(S2=0)
Rh'_OH -3194.2009712 -3194.2112161 -3194.2163645
Rh™Sarin -3944.5629644 -3944.5898047 -3944.5901100
Reactant Complex -4021.0174055 ~4021.0464189 -4021.0454991
TSnue -4020.9891287 -4021.0211057 ~4021.0269678
INT, -4020.9953698 -4021.0289580 ~4021.0336090
TSBemy -4020.9917920 -4021.0208676 ~4021.0252362
INT, -4021.0046047 ~4021.0394188 -4021.0385238
TSei -4020.9848747 -4021.0222971 ~4021.0249823
Product Complex -4021.0306441 -4021.0649702 ~4021.0693722
Rh_IMPA -3920.5419303 -3920.5753404 -3920.5884757
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Table D.40. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Rh™-NU-1000, using the most stable spin state for each species in the

mechanism.

M = Rh'! (3d9) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Rh'"-OH 0 -3194.2163645 -3193.7752860 -3193.9020940 0.0 0.0
Rh'"Sarin 0 -3944.5901100 -3943.9907090 -3944.1421690 -103.3 -45.6

Reactant Complex 2 -4021.0464189 -4020.4194460 -4020.5777570 -131.2 -35.2
TSnue 0 -4021.0269678 -4020.4024180 -4020.5544550 -86.5 26.0

INT, 0 -4021.0336090 -4020.4052220 -4020.5583610 -93.8 15.7
TSgerry 0 -4021.0252362 -4020.3976260 -4020.5478700 -73.9 43.3

INT, 2 -4021.0394188 -4020.4110330 -4020.5641020 -109.1 0.6

TSeii 0 -4021.0249823 -4020.3995400 -4020.5515660 -78.9 33.5

Product Complex 0 -4021.0693722 -4020.4414770 -4020.5965290 -189.0 -84.5
Rh'"“IMPA 0 -3920.5884757 -3919.9768370 -3920.1253940 -165.5 -95.7

Table D.41. The SCF energies (in hartrees) for every species involved in the reaction catalyzed by Ru™-NU-1000,

for three possible spin states. The lower of the energies is colored red.

M = Ru" (3d%) E (S*=8.75) E (§*=3.75) E (§*=0.75)
Ru"-OH -3178.5470301 -3178.5614276 -3178.5634276
Ru™Sarin -3928.9134596 -3928.9473897 -3928.9391351
Reactant Complex -4005.3726351 -4005.4058563 -4005.3919897

TShuc -4005.3450139 -4005.3765277 -4005.3687907

INT; -4005.3501319 -4005.3799519 -4005.3750821
TSgeny -4005.3513354 -4005.3693849 -4005.3620610
INT2 -4005.3608397 -4005.3806617 -4005.3828561

TSei -4005.3489403 -4005.3633050 -4005.3676791
Product Complex -4005.3962134 -4005.4108066 -4005.4113244
RuIMPA -3904.9079100 -3904.9345978 -3904.9257275

Table D.42. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by Ru™-NU-1000, using the most stable spin state for each species in the

mechanism.
M = Ru'' (3% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ru"-OH 0.75 | -3178.5634276 -3178.1223400 -3178.2501250 0.0 0.0
Ru'"Sarin 3.75 | -3928.9473897 -3928.3485580 -3928.5013330 -131.7 -74.9
Reactant Complex | 3.75 | -4005.4058563 -4004.7789710 -4004.9374400 -163.9 -65.8
TSnuc 3.75 | -4005.3765277 -4004.7528800 -4004.9053200 -95.4 18.5
INT,; 3.75 | -4005.3799519 -4004.7522090 -4004.9062230 -93.6 16.2
TSBery 3.75 | -4005.3693849 -4004.7431290 -4004.8977120 -69.8 38.5
INT, 0.75 | -4005.3828561 -4004.7535880 -4004.9052680 -97.3 18.7
TSei 0.75 | -4005.3676791 -4004.7424640 -4004.8945680 -68.1 46.8
Product Complex 0.75 | -4005.4113244 -4004.7835800 -4004.9390120 -176.0 -69.9
Ru"-IMPA 3.75 | -3904.9345978 -3904.3224660 -3904.4740530 -161.8 -97.4
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Table D.43. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for each species
involved in the reaction catalyzed by NU-1000, using the only possible spin state (singlet) for each species in the

mechanism.
NU-1000 S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
NU-1000-hyd 0 | -3932.6102671 | -3931.8192600 | -3931.9759530 -135.1 -83.9
NU-1000-dehyd 0 | -3856.1123160 | -3855.3496670 | -3855.5044400 0.0 0.0
NU-1000—Sarin 0 | -4606.5074788 | -4605.5852600 | -4605.7618570 -156.3 -91.2
Reactant Complex 0 | -4682.9700750 | -4682.0192840 | -4682.2009840 -198.0 -90.0
TSuue 0 | -4682.9409172 | -4681.9941010 | -4682.1720340 -131.9 -14.0
INT, 0 | -4682.9430214 | -4681.9923250 | -4682.1708320 -127.2 -10.9
TSBery 0 | -4682.9417274 | -4681.9915940 | -4682.1682790 -125.3 -4.2
INT, 0 | -4682.9435354 | -4681.9922650 | -4682.1698300 -127.1 -8.2
TSeii 0 | -4682.9327312 | -4681.9846070 | -4682.1625970 -107.0 10.7
Product Complex 0 | -4682.9852259 | -4682.0354070 | -4682.2159510 -240.3 -129.3
NU-1000-IMPA 0 | -4582.4945568 | -4581.5602460 | -4581.7369160 -189.2 -119.8
(monodentate)
NU-1000-IMPA 1 | 45060394998 | -4505.1321820 | -4505.3037400 1632 -136.5
(bidentate)

Table D.44. Summary of the open shell species that has the maximum spin contamination for specific M-NU-1000

systems.*

Metal Species Nk S2eal AS? = S2ea1 — §?
Pav TSnue 2.000 2.014 0.014
Co'! INT, 2.000 2.079 0.079
Cu!l Cu'-OH 2.000 2.008 0.008
Fe!l FeOH 8.750 8.760 0.010
Cu! Cu"-OH 0.750 0.753 0.003
Co!! Co"-OH 3.750 3.762 0.012
Fel! Fe'“OH 6.000 6.040 0.040
wi WI-OH 2.000 2.091 0.091
Nil! Ni'"-OH 2.000 2.006 0.006
Mn" Mn"-OH 8.750 8.760 0.010
Rh™ INT2 2.000 2.017 0.017
Ru'! INT 0.750 0.769 0.019

*S? represents the theoretical value and S%. is the calculated value.

For the M-NU-1000 systems containing open-shell spin states, we quantified the species
throughout the respective mechanisms that had the maximum spin contamination and tabulated
these values in Table D.44. If there is no spin contamination, then the calculated value of the total
spin, S, should equal the theoretical value, S?. A general rule of thumb is that the spin
contamination can be considered negligible if the calculated value of the total spin (S%ar) differs
from the theoretical value of the total spin (S?) by less than 10%. As seen by the AS? values in the
table, there is no significant spin contamination for any of the open-shell systems that we

considered.
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D.13 Raw Energy Values for All Spin States for Other 17 M-NU-1000 Systems

In the tables below, the raw energy values are given for the M—OH, M—Sarin, INT;, and M—
IMPA species for the other 17 M-NU-1000 systems. In the main text, these 17 systems were
considered non-ideal and excluded from further analysis based on their relatively high free energy
barriers to form INT; and desorb IMPA. In other words, we did not calculate the full catalytic
pathways for these 17 M-NU-1000 systems.

Table D.45. The SCF energies (in hartrees) for the M—OH, M-Sarin, INT1, and M-IMPA species for Cr'™-NU-
1000, for two possible spin states. The lower of the energies is colored red.

M = Cr'" 3d%) E (S?=3.75) E (S?=0.75)
Cr"_OH _4128.1589235 _4128.1147536
Cr"_Sarin _4878.5380321 ~4878.4859003
INT, ~4954.9753057 -4954.9185592
Cr_IMPA _4854.5322127 _4854.4748627

Table D.46. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,

M-Sarin, INT1, and M-IMPA species for Cr'™-NU-1000, using the most stable spin state for each species.

M=Cr'"(3d% | $? E (hartree) H (hartree) G (hartree) | Rel. H (kJ/mol) | Rel. G (kJ/mol)
Cr"™-OH 3.75 | -4128.1589235 | -4127.7187260 | -4127.847237 0.0 0.0
Cr"™—Sarin 3.75 | -4878.5380321 | -4877.9386780 | -4878.090508 -115.2 -54.0
INT! 3.75 | -4954.9753057 | -4954.3471880 | -4954.500347 -89.9 24.0
Cr"™-IMPA 3.75 | -4854.5322127 | -4853.9210090 | -4854.07241 -167.4 -100.6

Table D.47. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species for RuV-NU-
1000, for three possible spin states. The lower of the energies is colored red.

M = Ru"Y 3d") E (S’ =6) E(S’=2) E (S?=0)
Ru"V-OH -3177.9138694 _3177.9414559 3177.9257416
Ru"V—Sarin -3928.2980099 -3928.3095846 23928.3230826
INT, -4004.7337744 ~4004.7348302 -4004.7181709
Ru'V_IMPA -3904.2798100 23904.2872277 -3904.2725004

Table D.48. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,

M-Sarin, INT1, and M-IMPA species for RuV-NU-1000, using the most stable spin state for each species.

M = Ru'Y 3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ru'V-OH 2 -3177.9414559 -3177.5118840 -3177.63979 0.0 0.0
Ru'V—Sarin 0 -3928.3230826 -3927.7340070 -3927.88304 -120.9 -54.0
INT, 2 -4004.7348302 -4004.1185470 -4004.27181 -32.7 79.4
RuV-IMPA 2 -3904.2872277 -3903.6868880 -3903.83812 -95.8 -30.1

Table D.49. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species for Ir'™-NU-1000,

for three possible spin states. The lower of the energies is colored red.

M = Ir'" (3d%) E (S’=6) E(S2=2) E(S2=0)
I'"-OH -3187.9692489 -3187.9812500 -3187.9916957
Ir'"Sarin -3938.3175082 -3938.3660811 -3938.3731898
INT, -4014.7512083 -4014.8042118 ~4014.8086038
I IMPA -3914.3025457 -3914.3532170 -3914.3680014




321

Table D.50. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Ir''™NU-1000, using the most stable spin state for each species.

M = Ir'"! (3d9) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ir'"'-OH 0 -3187.9916957 -3187.5505690 -3187.67876 0.0 0.0
Ir'"'"Sarin 0 -3938.3731898 -3937.7733120 -3937.92425 -122.5 -59.8
INT, 0 -4014.8086038 -4014.1802470 -4014.33394 -93.1 18.6
Ir'"-IMPA 0 -3914.3680014 -3913.7562120 -3913.90512 -176.3 -103.7

Table D.51. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Y''-NU-1000, using the only possible spin state (singlet) for each species.

M =Y (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Y"-OH 0 -3122.1698029 -3121.7305700 -3121.86124 0.0 0.0
Y"Sarin 0 -3872.5506820 -3871.9524890 -3872.10632 -120.4 -58.8
INT; 0 -3948.9930356 -3948.3663690 -3948.52123 -109.2 5.9
Y"IMPA 0 -3848.5485345 -3847.9371040 -3848.08831 -178.6 -105.6

Table D.52. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for VIV-NU-1000, using the only possible spin state (doublet) for each species.

M=VYV @3d) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
VIV-OH 0.75 -4027.0937857 -4026.6641040 -4026.7901800 0.0 0.0
VV—Sarin 0.75 -4777.4910431 -4776.9023750 -4777.0512610 -163.3 -100.8
INT, 0.75 -4853.9018659 -4853.2852400 -4853.4384410 -70.7 36.7
VIV_IMPA 0.75 -4753.4598592 -4752.8593980 -4753.0092220 -149.1 -84.5

Table D.53. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species for Cr'-NU-1000,
for three possible spin states. The lower of the energies is colored red.

M= Cr" 3d%) E(S’=6) E(S2=2) E(S2=0)
Cr'_OH -4128.7351163 -4128.6846896 -4128.6458371
Cr'_Sarin ~4879.1051682 -4879.0561057 -4879.0188296
INT, ~4955.5545434 -4955.5072365 -4955.4490910
Cr_IMPA ~4855.1111020 -4855.0611353 -4855.0020983

Table D.54. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,

M-Sarin, INT1, and M-IMPA species for Cr'™-NU-1000, using the most stable spin state for each species.

M = Cr" 3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Cr'-OH 6 -4128.7351163 -4128.2827630 -4128.41318 0.0 0.0
Cr'Sarin 6 -4879.1051682 -4878.4941890 -4878.64738 -92.8 -30.2
INT; 6 -4955.5545434 -4954.9152150 -4955.07081 -100.4 12.1
Cr'-IMPA 6 -4855.1111020 -4854.4872230 -4854.64056 -173.2 -106.4

Table D.55. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M—IMPA species for VI'-NU-1000,
for two possible spin states. The lower of the energies is colored red.

M= V" 3d%) E (S?=3.75) E (S?=0.75)
VI_OH _4028.2639965 -4028.2380387
V'_Sarin _4778.6387803 -4778.6178205
INT, ~4855.0910918 -4855.0533496
VI_IMPA _4754.6421460 ~4754.5986672
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Table D.56. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for VI-NU-1000, using the most stable spin state for each species.

M= V" 3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
VI_OH 3.75 -4028.2639965 -4027.8121210 -4027.9435080 0.0 0.0
V!'_Sarin 3.75 -4778.6387803 -4778.0278750 -4778.1815820 -104.2 -40.4
INT, 3.75 -4855.0910918 -4854.4517250 -4854.6069950 -119.2 -3.2
VILIMPA 3.75 -4754.6421460 -4754.0183010 -4754.1713600 -177.7 -107.7

Table D.57. The SCF energies (in hartrees) for the M—~OH, M—Sarin, INT1, and M-IMPA species for Mo"™-NU-
1000, for three possible spin states. The lower of the energies is colored red.

M = Mo" (3d%) E (S’=6) E(S’=2) E (S?=0)
Mo'_OH -3152.4687820 -3152.4606937 -3152.4372446
Mo _Sarin 23902.8445127 -3902.8326193 -3902.8225576
INT, 23979.2776699 -3979.2686870 -3979.2301978
Mo' _IMPA _3878.8458581 -3878.8228157 -3878.7913820

Table D.58. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Mo'™-NU-1000, using the most stable spin state for each species.

M = Mo"' (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Mo'-OH 6 -3152.4687820 -3152.0172240 -3152.14874 0.0 0.0
Mo" —Sarin 6 -3902.8445127 -3902.2341210 -3902.3903 -107.2 -49.6
INT; 6 -3979.2776699 -3978.6384360 -3978.79536 -70.9 41.0
Mo -IMPA 6 -3878.8458581 -3878.2227630 -3878.37689 -176.0 -108.4

Table D.59. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Zr'™V-NU-1000, using the only possible spin state (singlet) for each species.

M =Zr" (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Zr'V-OH 0 -3130.2527616 -3129.8240310 -3129.9522340 0.0 0.0
Zr'V—Sarin 0 -3880.6602171 -3880.0727420 -3880.2233990 -190.7 -127.3
INT, 0 -3957.0760056 -3956.4604040 -3956.6143900 -110.7 0.2
Zr'V-IMPA 0 -3856.6315512 -3856.0315330 -3856.1811250 -181.1 -110.4

Table D.60. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species for Mo™V-NU-
1000, for two possible spin states. The lower of the energies is colored red.

M =Mo" 3d?) E(S2=2) E(S2=0)
Mo"V-OH -3151.3063474 23151.3244422
Mo Sarin -3901.7039415 -3901.6948838
INT, -3978.1143996 23978.1150485
Mo _IMPA -3877.6689025 -3877.6680229

Table D.61. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Mo'V-NU-1000, using the most stable spin state for each species.

M =Mo" (3d% S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Mo'V-OH 0 -3151.3244422 -3150.8951240 -3151.0223720 0.0 0.0
Mo'V—Sarin 2 -3901.7039415 -3901.1159320 -3901.2675760 -117.5 -59.1
INT; 0 -3978.1150485 -3977.4994730 -3977.6526070 -26.6 84.1
MoV-IMPA 2 -3877.6689025 -3877.0684230 -3877.2196990 -91.3 -27.5
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Table D.62. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M-IMPA species for Mn'V-NU-
1000, for two possible spin states. The lower of the energies is colored red.

M =Mn" 3d) E ($*=3.75) E (52 =0.75)
Mn"V—OH _4234.0117536 -4233.9781473
Mn"—Sarin -4984.3916517 ~4984.3638596
INT, 25060.8011273 -5060.7673469
Mn"_IMPA ~4960.3600302 -4960.3218325

Table D.63. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Mn'Y-NU-1000, using the most stable spin state for each species.

M = Mn'"Y (3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Mn'V-OH 3.75 | -4234.0117536 | -4233.5825880 | -4233.7102110 0.0 0.0
Mn'V—Sarin 3.75 | -4984.3916517 | -4983.8029100 | -4983.9533500 -116.2 -53.7
INT; 3.75 | -5060.8011273 -5060.1841780 | -5060.3383700 -19.4 89.5
Mn'V-IMPA 3.75 | -4960.3600302 | -4959.7590440 | -4959.9097500 -99.6 -33.3

Table D.64. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for HfY-NU-1000, using the only possible spin state (singlet) for each species.

M = Hf'Y (3d") S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
HfV-OH 0 -3131.2377160 -3130.8091250 -3130.9383540 0.0 0.0
HfV—Sarin 0 -3881.6482787 -3881.0609500 -3881.2126420 -198.9 -135.5
INT; 0 -3958.0621999 -3957.4470500 -3957.6019400 -114.8 -3.5
HfV-IMPA 0 -3857.6178118 -3857.0179940 -3857.1681950 -184.7 -112.9

Table D.65. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT:, and M-IMPA species for Ce™NU-1000, using the only possible spin state (doublet) for each

species.

M = Ce'"' (3d) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Ce"-OH 0.75 | -3559.0327095 -3558.5939520 | -3558.7256430 0.0 0.0
Ce""Sarin 0.75 | -4309.4107538 | -4308.8131390 | -4308.9688630 -113.2 -53.9

INT; 0.75 | -4385.8523936 | -4385.2261270 | -4385.3828650 -99.7 13.2
Ce"-IMPA 0.75 | -4285.4133691 -4284.8015840 | -4284.9556830 -181.5 -113.4

Table D.66. The SCF energies (in hartrees) for the M—OH, M—Sarin, INT1, and M—IMPA species for Pt-NU-1000,
for two possible spin states. The lower of the energies is colored red.

M = Pt" 3d°)

E (S*=2)

E (8*=0)

Pt"-OH -3203.6035043 -3203.6107565
Pt"—Sarin -3953.9633274 -3953.9977450
INT, -4030.3847838 -4030.4424506
P{-IMPA -3929.9409981 -3929.9963182

Table D.67. The SCF energies, enthalpies, free energies, relative enthalpies, and relative free energies for the M—OH,
M-Sarin, INT1, and M-IMPA species for Pt-NU-1000, using the most stable spin state for each species.

M =Pt 3d%) S? E (hartree) H (hartree) G (hartree) Rel. H (kJ/mol) | Rel. G (kJ/mol)
Pt'_OH 0 -3203.6107565 -3203.1579780 -3203.2875160 0.0 0.0
Pt''_Sarin 0 -3953.9977450 -3953.3862280 -3953.5405360 -137.0 -79.6
INT,; 0 -4030.4424506 -4029.8028420 -4029.9574900 -133.0 -20.3
Pt'-IMPA 0 -3929.9963182 -3929.3721320 -3929.5233120 -198.6 -128.5




D.14 Raw Energy Values for Sarin, H,O, IMPA and HF

Table D.68. The SCF energies, enthalpies, and free energies for the gas-phase Sarin, H20, IMPA, and HF species.

Species E (hartree) H (hartree) G (hartree)
Sarin -750.332840 -750.176069 -750.222695
H>O -76.443285 -76.418134 -76.439555

IMPA -726.296194 -726.127386 -726.174698
HF -100.468436 -100.455696 -100.475401
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D.16 Cartesian Coordinates for Each System

The optimized cartesian coordinates (in A) for each species, using the most stable spin state (lowest
E), involved in the gas-phase hydrolysis of sarin catalyzed by each system are provided in the
supplementary file (Coordinates.zip), available free of charge at
https://doi.org/10.1021/acscatal.9b03594.



