ONINGVY3IT TNd3sSN 40 30Vid 3HL X

> €
University of X

SS.trathclyde
Development of Solvation-Based
Molecular Descriptors for Predicting
Physicochemical Properties and
Chromatographic Retention Times

Dr David Palmer
PhysChemForum Meeting
1st October 2024



X

dON3IIDS 40 ALTNOVHd IHL

“The solvent plays a key role in solution chemical systems. It influences
practically all of the physical and chemical properties of the molecular species
present: solubility, partitioning, reaction rate, chemical equilibrium, spectroscopic
properties, ... "~

R. Cabot and C. A. Hunter, Chem. Soc. Rev., 2012, 41, 3485—
3492
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Acid/base behavior Solubility

+0., 20

C. HZ2<C o+ H AG,, +AG,, =-RTh(V, S, )
N . . sub hyd m “~aq
@ N0

AG!™ = AG? + AG, 4 (A7) +
AGhyd (H+) - AGhyd (HA)
AGY“? =1n10RT pK,

dO0N3dIOS 40 ALTNOV4d dHL

Complex formation Lipophilicity
00 000 % In10RT logP,,, ... =
A(;hyd + A(;solv(oct)
Protein S ot
(binding @ L Fl
site) AG) = AG® +AG, , (PL) -

[AGhyd (P)+AG,, (L)]
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Physics-Based
Solubility
Prediction

e ol —f

Computational Expense
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Experimental Log Solubility

Empirical Parameterisation
Mol. Pharmaceutics 2008, 5, 2, 266

Classical Simulation
J. Chem. Theory Comput., 2012, 8, 3322

* * *
AG sol — AG sub + AG hyd -_ _RT In Son
Accuracy
o
™
- 1 0 —— PBE/6-311++G(2d,p)/SMD
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2 | e (l0gS..) = 1.8 rmse = 1.45
! < 6 (1095,,) = 1. bias = -0.23 o © =
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-10 -5 0 5 N OO
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Quantum Mechanics

J. Chem. Theory Comput. 2021, 17, 6, 3700
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Data-Driven Methods

Advantages:

Molecule LogS X1

Molecule 1
Molecule 2
Molecule 3
Molecule 4
Molecule 5
Molecule 6
Molecule 7
Molecule ..

Molecule LogS X1

Molecule ..
Molecule ..
Molecule ..
Molecule N

X2

X2

quick, accurate (in favourable circumstances)

log§ = f(x)

Disadvantages: unreliable for molecules/conditions not in the training set,

predictions normally limited to a single set of environmental conditions,
not grounded in physics = difficult to systematically improve
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Solvation Descriptors
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Molecular Descriptors

X THE FACULTY OF SCIENCE
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Thermodynamics: Statistical Mechanics of Molecular Solvation

Methods for calculating thermodynamic parameters differ by description of
the solvent structure

Solvent

Models

Explicit Solvent (MD,MC)

Each solvent molecule is a
separate atomistic object

accurate (?) but
computationally
expensive

Implicit Solvent

e Solvent distribution

functions \

Continuum
electrostatics

fast but not always
accurate enough
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Thermodynamics: Statistical Mechanics of Molecular Solvation

Methods for calculating thermodynamic parameters differ by description of
the solvent structure

Solvent

Models

Explicit Solvent (MD,MC)

Each solvent molecule is a
separate atomistic object

accurate (?) but
computationally
expensive

e

Integral Equations
Theory of Liquids

we are working to make it
fast and accurate

Implicit Solvent /
* Solvent distribution

functions

Continuum
electrostatics

fast but not always
accurate enough
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3D Reference Interaction Site Model (3D RISM)

Solvent

Solution

Cxa = M/xa (r) + tha (r)

ha (l') =&, (l') -1

Relative water density

3D-RISM equation:

N
81V \ 1 1 1

h,(r)F a Ofc,(r-r')c. (‘r Ddr
x=1 R3

3D-RISM closure relationship: ;7 T

o) = Xp(= b, (1) + (1) -, (1) B, (1)) #1

s

bridge function

End-Point Calculations ;O 5 %'

_ Niopy
Hydration Free Energy: DG,% = kBTZ r, JR3[-ca (r)-ic, (r)ha(r)]dr
=1

Partial Molar Volume:

® Ngglv \ 0
rv = rigThel-ra () .c,(r) dr-

€

a=1

]
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Deep Learning + Statistical Mechanics: Environmental Impact of New Modalities

L g 3D RISM input

a® "
3D Convolutional
Neural Network
70X70X70X2 68X68X68%X32
Y )
et conv
3X3X3
ool
2X2X2
16X16X16X64 32X32X32X64
34X34X34%X32
]
pool ] k
2X2X2 conv
3X3X3
conv
3X3X3 SX5X5%X256
| " . | [
I4XI4XI4>:1128 IXTXTX 128 'c o :& .
Bo' L G B
u | 7 .!, 3 .,ll
- ' |
. - L & [
: em = o bl
|| = ] E ]
o
pool
ool 2X2X2
2X2X2 3X3x3
3X3X3X256
BCE 1024%X1
prediction

"N
connected “* ® ¢ '"_
o

C is concentration of compound in "biota

Bioaccumulation Factor

G,

iota

C

water

BCF =

or "water" (measured under controlled

Model

laboratory conditions)

RMSE | MAE | R?

US EPA (baseline)

consensus model 0.66 0.51 0.76
single model 0.68 0.64 | 0.74

, training/test 0.66 0.48 | 0.77
ActivNetd (3D data) 5-fold CV 065 | 048 | 0.77
training/test 0.85 0.70 | 0.61

XGBoost (3D data) 5-fold CV 091 | 0.72 | 0.54

Linear Regression (AG and V)

training/test 1.11 0.92 | 0.32

J. Phys. Cond. Matt. 2018, 30, 32LT03
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Drawbacks of using Solvation Density Distributions from 3D RISM for Machine Learning

Practical Issues
 calculations too slow for high-throughput screening (hours for some solutes)

* significant memory and disk space requirements to store full distribution
functions for large datasets

« advanced machine learning methods required

Scientific issues

» distribution functions are not invariant to rotation of
solute

 distributions are dependent on solute and solvent
conformations (and to a lesser extent forcefield
parameters too).



1D RISM

X

THE FACULTY OF SCIENCE
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1D Reference Interaction Site Model

h(r)=g(r)-1
Koz = ag(r)+pha§(r) |

RISM equations: _ I Al I a)ss ;(ga( )

S :1 :1 R3

r, Angstroem

-~

/7

Closure relations: h,,(r) = exp[- Au,, (r)+h,, (r)—c,, (r) +(Bw(r)}1

-—

site-site bridge function

N _ 27mp Qe st 2
Ghyd _7 ; Z '([[ |CSa(r)h5a(r)|+mr dr.

a:

Chandler, Singh, J. Chem. Phys. (1984), 81, 1975
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Advantages of using 1D RISM Distribution Functions for Machine Learning

fast calculation time on single CPU (1-2 mins)
 suitable for moderate throughput screening

« grounded in statistical physics

e adapt to changes in, e.g.:
« environmental conditions (e.g. temperature)
* solvents
« co-solutes (e.g. brines)

« physically intepretable
 descriptors have physical meaning

* no sampling noise
« SFED descriptors have almost no statistical noise unlike e.g. descriptors
derived from molecular simulation (e.g. molecular dynamics, Monte Carlo)
« possible to converge 1D RISM equations to very small tolerance
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Drawbacks of using 1D RISM Distribution Functions for Machine Learning

Practical Issues

* Nno open-source and actively maintained 1D RISM solute-solvent solvers
available

 proof-of-concept work had used the RISM-MOL program?, but this is:
« written in Matlab
« appears to no longer be maintained
« only applicable to water at 298 K
« difficult to extend

Scientific Issues

Neoute * Nsowvent N(F) @nd c(r) functions per system (where N is number of atoms)
 different chemical systems have different number of descriptors

 solvation thermodynamics depend on the values of all h(r) and c(r) functions
* How do we train ML models when number of descriptors change for each

system?

« 1D RISM theory alone gives inaccurate solvation thermodynamics

thttp://www.sergiievskyi.com/_rismmol.html
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PYRISM: An open-source solver for 1D RISM equations

3.0 A RISM 2.00 1 —_— pyR_ISM
| -- Experimental 1.751 ---- Leeetal.

1.50 1
1.251
T
< 1.001

0.751

0.501
0.251

0.00
0 2 4 6 8 10 0 3 4 6 8 10
/A r/A

FIG. 1: The calculated?? and experimental RDFs of
Argon at 85K.

FIG. 3: The partial RDF of the oxygen sites between

to the XRISM result obtained by Lee et al.?®

05 —— 0-00.02 A3
’ -~ 0-00.03334 A-3

; —— 0-00.04 A3

2.0 PA e 0-0 0.05 A-3

—— 0-00.06 A-2

20 25 30 35 40 45 50 55
/A

FIG. 5: The partial RDF of the oxygen sites between
water and 2-propanol calculated via DRISM at varying
densities.

water and 2-propanol calculated via pyRISM compared

Developed by Abdullah Ahmad

Open-source, free.
» github.com/2AUK/pyRISM

XRISM and DRISM

More adaptable than existing
codes
 solute-solvent calculations
« different pure and mixed
solvents
« different temperatures

* Fast
* Ng acceleration
« MDIIS algorithm

« Written in Rust and Python
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1D RISM Solvation Free Energy Densities are Useful Machine Learning Descriptors

The standard 1D RISM free energy formulae have the same general form:
Hydration Free Energy

Hyper-netted-chain: AGyne = 2mpkT 2, J [= 2¢,a(r) = hyo(r) X(cya(r) = hyo(r) ] dr
sa Y0

Gaussian-Fluctuations:  AGgp=2mpkT>, J (= 2¢,4(r) = €0(Phs (1) rdr
sa Y0

Kovalenko-Hirata: AGgy = 27pkT Yy, / [~2¢5a(r) = hsa(r) (¢sa(r) — © (=hsa(r)))] r*dr
so 0

General Form: DG = CZ f(l’)l”z dr
Sa 0

Omitting the integral gives the solvation free energy density (SFED)
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1D RISM Solvation Free Energy Densities are Useful Machine Learning Descriptors

of w
0.0

hnc_w

0.4

0.2

-0.2

-0.4

0.0 0.2 0.4

-0.2

—— 1_3_5_trichlorobenzene

—— benzaldehyde

—— methanol
nonan_2_one

-

T T
0 5 10 15 20
r(A)
—— 1_3_5_trichlorobenzene
—— benzaldehyde
—— methanol
nonan_2_one
[ M
| N | A //f\/-«
T T
0 5 10 15 20

r (A)

kh w
0.0

hncb w

0.4

0.2

-0.2

0.0 0.2 0.4

0.2

-0.4

—— benzaldehyde
—— methanol

—— 1_3_5_trichlorobenzene
nonan_2_one

/w v

5 10 15 20
r(A)

—— 1_3_5_trichlorobenzene

—— benzaldehyde

~—— methanol
nonan_2_one

—_—

solvation free energy density
(SFED) profiles are unique
molecular fingerprints

only weak dependence on
choice of SFE functional

continuous functions that

depend on distance between

solute and solvent sites only
* rotationally invariant

one SFED for each solute, but

« some dependence on
solute state (ionization,
tautomerism), and
conformer

 varies with physical and
environmental properties,
e.g. solvent, temperature,
etc.
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solvation free energy data compiled from the
published literature

3653 data points for neutral solutes*
« 3440 in water (273 — 373 K)
* 109 in chloroform
* 79 in carbon tetrachloride
* 25 in methanol

180 data points for ionized solutes
« 103 in water
e 77 in methanol

238 data points in water, chloroform, carbon
tetrachloride and methanol with enthalpy,
entropy and free energy of solvation

Deep Learning Free Energy Functionals for 1D RISM

Standard 1D RISM theory
(neutral solutes)

80 1

pyRISM/KH
RMSD : 39.365
Bias : -36.249
60 1 SDEP : 15.349

40 -

AGEZ[S (kcal/mol)

20 A

Water 273-373K
T

-15 -10 -5 0 5 10
AG_f (kcal/mol)

*temperatures are 298 K unless indicated
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Deep Learning Free Energy Functionals for 1D RISM

1D Convolutional
Neural Network (CNN)
RISM calculations

 AMBER-GAFF forcefield for solute and solvent InputLayer
« except water ISPC/E) l
Solvation Free Energy Density ConviD
« every 40th grid point from r =0 A to r = 8 A was used l
160 SFED descriptors.
3x MaxPooling1 D
Nested cross-validation: l
« Quter loop: 50-fold Monte Carlo CV e
« Inner loop: 5-fold CV [ S
« Stratified by solute (or solvent) l
Flatten
1D Convolutional Neural Network ’
« (similar but slightly less accurate results from traditional ML l
algorithms, e.g. RF, PLS, SVM, etc). Dense

Dense
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Deep Learning Free Energy Functionals for 1D RISM

AGEZlS (kcal/mol)

Standard 1D RISM theory pyRISM / CNN
80 - 5.0 1 pyRISM-CNN/KH
pyRISM/KH R?:0.877
RMSD : 39.365 ° 2.5 1 RMSD : 0.944
Bias : -36.249 Bias : 0.078
60 1 SDEP : 15.349 » 0.0 - SDEP : 0.916
. y = 0.922x + -0.278
S —2.5 °
E
401 S -s0-
& —7.51
3
20 1
—10.0
/ —12.5 4
0 / “ e RMSD = 0.94 kcal/mol
Water 273-373K —15.07 e Multi-solvent 273-373K
-15 -10 -5 0 5 10 —15 —10 -5 0 5
AGZF (kcal/mol) AGZ)P (kcal/mol)
pyRISM-CNN/KH
Solvent Temperature | Temp. Descr. | Datapoints R? RMSE | Bias | SDEP
Carbon Tetrachloride 298K No 79 093 | 0.44 0.06 | 0.42
Chloroform 298K No 109 092 | 0.74 | 0.00 | 0.72
298K No 521 0.95 | 091 0.04 | 0.89
Water 273-373K No 3053 0.93 | 0.66 | -0.01 [ 0.65
273-373K Yes 3053 0.95 | 0.55 0.01 | 0.54
298K No 709 095 | 083 | -0.01 | 0.82
Multi-solvent 273-373K No 3241 0.88 | 094 | 0.08 | 0.92
273-373K Yes 3241 0.87 | 096 | 0.07 | 0.94

AG,, predictions using pyRISM-CNN models trained on 1D-RISM KH SFED
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Neutral and lonised Solutes at 298 K

AGEEE (kcal/mol)

Neutral Solutes

—10 A

—15 A

—20 1

Test set AGIEutral
R?:0.93

RMSD : 0.995
Bias : 0.284
SDEP : 0.932

y = 0.891x + -0.225

=20 =15 -10 -5 0
AGZY (kcal/mol)

AGSZS (kcal/mol)

lonised Solutes

-50 -

_60 -

_70 -

—80 -

—90 -

—100 -

—110 A

Test set: AG/97ised ;
R%:0.737
RMSD : 3.956
Bias : 0.346
SDEP : 3.615

R4 ® Anions
® Cations

-110 -100 -9 -80 -70 -60 =50
AGZ (kcal/mol)

* Models trained separately on neutral and ionized solutes
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AHEE (keal/mol)

Predicting Entropy, Enthalpy and Free Energy

PYRISM-CNN model can be extended to predict entropy, enthalpy, and free
energy of solvation together using multi-task learning and transfer learning

238 neutral organic solutes over 4 solvents (water, methanol, chloroform, carbon

tetrachloride)

Enthalpy (AH)

_25 .

—5.0 1

—-7.5

=10.0 A

-12.5 A

=15.0 A

-17.5 A

—20.0 A

Test set predictions
R2:0.844
RMSD : 1.31
Bias : 0.011
SDEP:1.234

Water
Methanol
Chloroform
Carbontet

-20.0 -17.5 -15.0 -12.5 -10.0 -7.5 -5.0 -2.5

AHEP (kecal/mol)

solv

TASES (kcal/mol)

0.0

—2.51

—7.5 1

—10.0

=12.5 A1

—15.0 A

-17.5 1

Entropy (TAS)

® Water

® Methanol

® Chloroform
Carbontet

Test set predictions
R?:0.855
RMSD :1.114
, Bias : 0.032
s SDEP : 1.062

-17.5-15.0 -12.5 -10.0 -7.5 -5.0 -2.5 0.0
TASS (kcal/mol)

AGEIC (kcal/mol)

Free Energy (4G)

Test set predictions

R2:0.908 o
RMSD : 0.721 ®
Bias : -0.033
SDEP : 0.688
Water
Methanol
Chloroform
,/ Carbontet
10 -8 -6 -4 -2 0 2
AGo (kcal/mol)
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Key Points and Open Questions

Key Points

+ single CNN model makes predictions for different solvent systems and varying
temperatures
« grounded in statistical physics
 solvation free energy densities adapt to changing conditions

« ~40-fold reduction in predictive error as compared to standard 1D RISM theory

« fast calculation time on single CPU (1-2 mins)
« suitable for moderate throughput screening

—— 1_3_5_trichlorobenzene
<] —— benzaldehyde
. © —— methanol
Open QueStlonS ¢ nonan_2_one
* Are the solvation descriptors derived from RISM useful 2 I (A
for predicting other physchem properties? ® 3 ]\—V”%o"’

-0.2
|

* Potential benefits:
* tailorable to different solvent environments

0 5 10 15 20
r(A)

-0.4
|
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Quantitative Structure-Retention Relationships

* In high performance liquid chromatography (HPLC), mixtures are separated based on the varying

ratio of affinities that solutes have for a stationary phase (SP) and mobile phase (MP)

- Compounds have a characteristic retention time for a given chromatographic system

QSRR models, relating retention time to molecular structure, are widely used to identify compounds

in HPLC screening experiments, and to guide chromatographic method development

12.77

100-
80-

60

Analyte Bands. 40__

1132 112 1238

10.54
-

174 180 546 543 446 465 500 584 667 7.31 743 8.8

Time (min)

Example MS chromatogram from spiking experiment?

[1] P. R. Haddad, M. Taraji and R. Szucs, Anal. Chem., 2021, 93, 228-256.
[2] M. Cao, K. Fraser, J. Huege, T. Featonby, S. Rasmussen and C. Jones, Metabolomics, 2015, 11, 696—706.

12.92

13.98 1428
Fal

15.17 1575
Juss o Fa—
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Molecular Descriptors for Quantitative
Structure-Retention Relationships

Their accuracy relies on high quality data, including chosen molecular
descriptors

Typical descriptors are...

2D: MW, atom counts, FG counts, topological indices e.g. Burden matrices
3D: VolSurf, geometric, QM

Most are solute centred descriptors

Retention behavior is governed by solvation/partition interactions

Can adding some solvation physics help?

Aim: Develop chromatography-specific descriptors that represent
the chemical environment: partitioning between SP and MP,
changing solvent composition (gradient elution), and varying pH.

I/
L0
|
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Inside a reversed-phase HPLC column...
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RISM descriptors have been tailored to specific
chromatographic conditions

Different solvents: water, methanol, and acetonitrile
Gradient elution: mixtures
Varied pH: buffer ions in solvent

Varied pH: charge on solute

QXX <L

Comet3: Mol2: charge = -1
(0] (0]

— neutral
—— pH adjusted
oH = o®

Predicted @ pH 10

200+

—_—

100

Y o (A
] Mobile phase:
0 « Gradient: water (weakly O O
1097 - JH/@/\]/ eluting) to organic ,
(strongly eluting)
200 1 « Cosolvent: Acetonitrile
0 2 4 6 8 10 1 14 16 or methanol

° pH
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Six datasets with different chromatographic
conditions have been used to validate the
models

Comet [ Mobile phase A Mobile phase B Column No. of .
120

ACN/H20 (95:5v/v)  0.1% Formic acid Cl8/carbamate = Lo
=
X
2 MeOH/H20 (95:5 viv) 10mM Ammonium Acetate 6.8  C18 117 c &
= 60
o
3 MeOH/H20 (95:5 viv) 0.1% Ammonium 10 phenyl 112 g 40
Hydroxide S 20
4 ACN/H20 (95:5v/iv)  10mM Ammonium 10.5 Ci8/carbamate 102 g o
Hydroxide/ACN (95.5 v/v) 3 0 5 10 15
5 ACN/H20 (95:5v/v)  10mM Ammonium Acetate 6.8 phenyl 115 Time (min)
6 ACN/H20 (95:5v/v)  0.1% Formic 26  phenyl 113 OA B

acid/Acetonitrile (95:5 v/v) Gradient elution in ~10 mins



Density

The 149 unique solutes in the six Comet
datasets are druglike and chemically

3 H
iverse Y
S Y NS
N [
O N. _~
HoN
0.200 30
0.0030 201
: i 0.175 4
0.0025 0.150 - " 0
o o
0.125 1 S S
0.0020 A . o o
% g g
%]
¢ 0.100
0.0015 g 5 5
15 15
0.075 - 5 5
o o
0.0010 1 ] O
0.050 -
0.0005 0.025 1
0.0000 T T T T T T 0.000 T T T T T T T T
0 200 400 600 800 1000 01 2 3 4 5 6 7 8 9 10 11 12 13 14
Molecular Weight (g/mol) Rotatable bonds Rings
100 A
@ @ ] ]
é = é =
@ ] o o
° ° 2 E
£ £ £ £
N N M N
[=] [=] [=] [=]
e L e L
£ g £ £
3 3 3 3
(8] (9] (8] (9]
T
0 1 2 3 4 5 6 7 8 9 10 11 0 1 2 3 4 5 6 1 0 1 2

Hydrogen bond acceptors Hydrogen bond donors Acidic groups Basic groups



How does solvent choice affect RISM descriptors?

SFED in water

Degree of structure in the SFED corresponds to the magnitude of partial charges

400

300 -

200 -

100 -

=100 A

—200 A

Mol73

4 6
r (Angstrom)

10

SFED in methanol

400
— Mol73
—— Mol40
— Mol96
300 1 —— Mol90
— Mol25
200 -
100 A
D -
0.05
\7 003 -040
=100 A :
0.05 \ '
\
0.21
—200 - 0.05 & .
0 4 6 8 10

r (Angstrom)

SFED in acetontitrile

400
—— Mol73
—— Mol40
—— Mol96
300 1 —— Mol90
—— Mol25
200 -
100 A
0 .
0.04 |
=100 - 0.02
004 (. ‘ =
006 -0.20
—200 - 004
0 2 4 6 8

r (Angstrom)

10



Addition of RISM solvation descriptors
calculated for neutral solutes in pure water
leads to an improvement in predictive
accuracy for some columns

Change in prediction error by adding RISM descriptors Change in R? by adding RISM descriptors
1.2 0.8
0.7
1
0.6
0.8 05
% 06 x 04
o m Mordred m Mordred
04 Mordred + RISM 0.3 Mordred + RISM
0.2
0.2 01
0 0
1 2 3 4 5 6 1 2 3 4 5 6

Comet Datasets Comet Datasets



Addition of RISM solvation descriptors
calculated for neutral solutes in pure water
leads to an improvement in predictive
accuracy for Comet 3

34

12

PLS: Top 20 Mordred

12

PLS: Top 20 Mordred + RISM

R? = 0.569 R? = 0.689 ..
RMSD = 1.124 o RMSD = 0.955 et
10 | Bias = 0.042 : A 10 | Bias = -0.004 - 37
| SDEP = 1.124 P | SDEP = 0.955 7
E % : -7 E - ‘.
E ) "’f‘. E ‘;.ﬁz::':
e 8_ l.if. :t"'-'"'g“.' = 8_ £ " .l
ln? i .,;':‘(:;.-:t ln? . . .{/J.l‘- .
= n " ,: ;, » L - . .}f.i- &
Q Wt o* * @ . S e,
T 6- I I T 6- ._,-;;' :
© ;‘:J o © R ek .
o g ’ o <%
= o Y&
4- 4 4ty
2 T T T T 2 T T T T
4 6 8 10 12 2 4 6 8 10 12

Experimental RT (min)

Experimental RT (min)



Addition of RISM solvation descriptors
calculated for neutral solutes in organic
solvent leads to an improvement in
predictive accuracy for Comet 3

Predicted RT (min)

PLS: Top 20 Mordred

R? = 0.474

. RMSD —_— 1-242 ..... : . :. .....

Bias = 0.065 | e

SDEP = 1.240 S ot
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Incorporation of RISM solvation descriptors
calculated for neutral solutes in organic
solvent leads to a small but consistent
improvement in predictive accuracy
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Conclusions

[0

hsa(r)
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Physics-based solubility prediction has been demonstrated for druglike molecules.

A CNN free energy functional for RISM enables accurate predictions of AG,, AHg»

AS,,, for neutral and ionised solutes, and a wide-range of temperatures.

RISM solvation descriptors have been tailored to QSRR by solving for various solvents
+ solute states

A small but consistent increase in accuracy has been achieved with SFED-type RISM
solvation descriptors, relative to Mordred descriptors alone
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Solvation free energies from the original 3DRISM theory have enormous errors
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Solvation free energies from the original 3DRISM theory have enormous errors
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Implemented in the Amber Molecular Dynamics Package (https://ambermd.org/)
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Multi-task CNN
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Figure 1: Violin plots showing the distribution of various descriptors for
solute molecules within each dataset.

Multi-solvent, multi-temperature dataset
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Hydration Free Energy

O

gaseous phase

AGSV \AGhyd

diluted aqueous

crystal solution
(X1,

AG,,, =-RTInK =-RTIn |
8

AG,

Hydration free energy is
the change of the Gibbs
free energy that
accompanies the transfer
of 1 mole of solute from
gaseous phase to
aqueous solution

Ben-Naim A and Marcus Y 1984 J.
Chem. Phys. 81 2016-27
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IET operates with functions that
describe the average density
distributions of solute and solvent
molecules

/’\ segment number density
gas \
. /Osegment (r)
g(r) =

g(r) Phulk

liquid /

bulk number density
solid

r

g(r,,)=0,(r) is known as the radial distribution function it is the factor which multiplies the bulk
density to give the local density around a particle. If the medium is isotropic then 4zr?rg(r)dr is
the number of particles between r and r+dr around the central particle
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