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0.1 Design, System, and Applications (199/200 words)

lonic liquids (ILs) have attractive properties like low vapor pressure and tunable ionic conductivity. They
can be tuned for certain applications through judicious choice of cation-anion pairings. However, the
behavior of these fluids is difficult to predict due to complex ion-ion interactions. Additionally, the
effects of confinement on IL properties are not well understood. This presents a challenge for
application design involving ILs. Here we introduce machine learning (ML) models that provide fast and
accurate predictions of diffusion coefficients and ionic conductivity for a diverse set of ionic liquids both
as bulk fluids and confined in graphite slit pores and over a wide temperature range. The models are
trained on molecular dynamics (MD) simulations of 29 unique ionic liquids. These models use simple and
easy-to-calculate physical descriptors for the ions and liquids. We also present a ML model using only
descriptors obtained from SMILES codes for the ions. This will enable fast and accurate predictions
about the behavior of ionic liquids without performing lengthy molecular dynamics simulations. This
capability can help engineers understand how ionic liquids behave at different temperatures and
conditions and choose appropriate ionic liquids tailored to a given application.
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0.0 Abstract

lonic liquids have many intriguing properties and widespread applications such as separations and
energy storage. However, ionic liquids are complex fluids and predicting their behavior is difficult,
particularly in confined environments. We introduce fast and computationally efficient machine learning
(ML) models that can predict diffusion coefficients and ionic conductivity of bulk and nanoconfined ionic
liquids over a wide temperature range (350 K — 500 K). The ML models are trained on molecular
dynamics simulation data for 29 unique ionic liquids as bulk fluids and confined in graphite slit pores.
This model is based on simple physical descriptors of the cations and anions such as molecular weight
and surface area. We also demonstrate that accurate results can be obtained using only descriptors
derived from SMILES (simplified molecular-input line-entry system) codes for the ions with minimal
computational effort. This offers a fast and efficient method for estimating diffusion and conductivity of
nanoconfined ionic liquids at various temperatures without the need for expensive molecular dynamics
simulations.

1.0 Introduction

Due to their low melting points, ionic liquids (ILs) have industrially relevant properties such as low
vapor pressure, thermal stability, and high ionic conductivity.! Properties of bulk ILs continue to be the
focus of much research from experimental?3 and molecular modeling** aspects, and more recently
using machine learning (ML) methods.® These properties can be chemically tuned for specific
applications, based on the wide variety of cation-anion pairs and ligand functionalization.®7 Since ILs
are made from different combinations of cations and anions, the chemical design space of unique IL
combinations is enormous, which some estimate that as many as one trillion ILs are possible.>8
Realistically, the number of actual ILs reported in the literature is around 1000 and about 300-500 are
available commercially.®® This large potential design space offers intriguing possibilities for tailoring
bespoke ILs for specific tasks. However, the effect of nanoconfinement on IL structural and transport
properties remains an active area of research.'%!! Understanding properties of nanoconfined ILs is
gaining interest for numerous applications, including separations,'*> energy storage,'*'8 and
medicine.1%-20

Predicting the behavior of ILs under confinement presents a unique challenge since the effect of
confinement on ion-ion correlation is not well understood.?! As reviewed recently,® experimental
methods used to study IL structural properties in porous environments include NMR,?%23 X-ray and
neutron scattering,?*2% X-ray absorption spectroscopy,?’-28 calorimetry,?°3! microscopy,3*33 and
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impedance spectroscopy.343> Molecular dynamics (MD) simulation methods are well suited to
investigate the properties of confined ILs since the properties of the liquid or individual ion components
in porous environments can be unambiguously obtained. Diffusion coefficients of ILs in carbon
(graphite) slit pores were found to increase as the slit pore size increases, 3538 but to decrease as the
loading (fluid density) decreases.?” Unlike bulk fluids, inconsistent size effects have been seen for
nanoconfined ILs in terms of diffusion coefficients and associated fluctuations in molecular position.?!
Classical and ab initio MD simulations of ILs confined in graphite slit pores indicate that small slit pore
sizes disrupt the bulk liquid structure, particularly the hydrogen bonding network.?® 3° Additionally,
simulations of an IL dissolved in an organic solvent showed a large decrease in anion diffusion confined
in a graphite slit pore compared to the bulk fluid, likely caused by anion adsorption onto the graphite
surface.?® Electrical conductivity of confined ILs has also been studied using MD simulation, showing that
conductivity increases with slit pore size since the fraction of ions in a bulk environment increases.3®
Recent MD simulations combined with impedance spectroscopy indicates that IL mobility decreases as
slit pore loading increases.343> Simulations of ILs in silica slit pores showed that diffusion is reduced due
to the long residence times of the anion at the surface.*® In a separate study, it was found that most
properties of the confined ionic liquid scale with the surface-to-volume ratio of the porous material.**

As noted in a recent review, predicting IL properties is well suited to ML methods since these
liquids often defy property categorizing based on empirical theories.® A training set of synthesized and
hypothetical ILs have been used to predict melting points,*?*3 refractive indices,** gas separation,*>-46
and cellulose dissolution.*> Recent studies have also described quantitative structure-property (QSPR)
relationships for IL diffusion.*” Others have used QSPR along with genetic algorithms to optimize ILs for
properties like heat capacity.*® In addition to their practical applications, ILs represent a bridge to ML
models for solution transport (electrolytes) since they are a 2-component mixture with strong
intermolecular interactions like electrostatics and H-bonding. A large database of IL properties based on
the chemical functionality of each ion has recently been introduced.* Artificial neural networks (ANNs)
have been developed from this database with descriptors based on temperature (T), pressure (P), and
functional groups (and occurrences) for the prediction of density*® and viscosity.>® ML models like
multiple linear regression, random forests, and gradient boosting have been used to predict ionic
conductivity based on data taken from literature.>* A deep neural network has also been used to predict
the conductivity of ILs.>? Additionally, simple regression methods have been used to predict the surface
tension of ILs based on functional group contribution.>3 Similarly, viscosity and thermal conductivity
have been predicted from empirical expressions based on simple physical parameters.>*

Most ML models used to predict general liquid properties are based on experimental training data,
but models have also been trained on molecular simulation results. Gaussian process and probabilistic
generative models have been used to predict the density and self-diffusion coefficients of liquid
alkanes.>> Based on previous efforts to predict diffusion properties of ideal Lennard-Jones fluids in the
bulk®® and in slit pores,>” an ANN method was used to predict simulated diffusion properties of a diverse
set of pure liquids.>® ANN methods trained on both simulation and nuclear magnetic resonance (NMR)
spectroscopic data have also been used to predict hydrocarbon adsorption and diffusion properties in a
zeolitic imidazolate framework.>?

In this work we apply a combination of MD simulations and ML methods to investigate the diffusion
properties of 29 ILs confined in graphite slit pores. As shown in Table 1, the ILs include 21 cations (
imidazolium, phosphonium, and pyrrolidinium derivatives) and 4 anions
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(bis(trifluoromethanesulfonyl)imide [Tf,N], hexafluorophosphate [PF¢], 1,2,4-triazolide [124triz], and 2-
(cyano)pyrrolide [CNPyr]). Structure diagrams are shown in Error! Reference source not found. and
Error! Reference source not found.. The ion diffusion coefficients of the these bulk ILs were obtained in
a recent MD study by Zhang and Maginn.®° The current work builds on our recent efforts applying ML

methods to predict the diffusion properties of ideal and real fluids in bulk and confined environments.>¢-
58, 61-64
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Table 1: Labels used for the 29 ionic liquids in this study, including the names of cations and anions. The

two columns on the far right show the diffusion coefficients for each ionic liquid computed from

molecular dynamics at 350 K.

D.t (10712 D.ni (1012

IL cation anion m?2/s) m?2/s)
IL01 imidazolium bis(trifluoromethanesulfonyl)imide 29.1 21.8
1L02 1-methylimidazolium bis(trifluoromethanesulfonyl)imide 52.2 34.8
ILO3 4-methylimidazolium bis(trifluoromethanesulfonyl)imide 37.8 28.1
1L0O4 1,3-dimethylimidazolium bis(trifluoromethanesulfonyl)imide 98.7 59.5
1LO5 1,2-dimethylimidazolium bis(trifluoromethanesulfonyl)imide 49.9 35.5
1LO6 1,2,3-trimethylimidazolium bis(trifluoromethanesulfonyl)imide 48.7 30.9
1LO07 1,3,4,5-tetramethylimidazolium bis(trifluoromethanesulfonyl)imide 54.9 39.6
1LO8 1,2,3,4-tetramethylimidazolium bis(trifluoromethanesulfonyl)imide 52.3 34.4
1L09 1,2,4,5-tetramethylimidazolium bis(trifluoromethanesulfonyl)imide 39.2 27.4
IL10 1,2,3,4,5-pentamethylimidazolium bis(trifluoromethanesulfonyl)imide 28.9 214
IL11 1,3-diethylimidazolium bis(trifluoromethanesulfonyl)imide 109.0 61.6
IL12 1,3-n-dibutylimidazolium bis(trifluoromethanesulfonyl)imide 59.3 38.4
IL13 1-ethyl-3-methylimidazolium hexafluorophosphate 88.7 57.5
IL14 1-n-butyl-3-methylimidazolium hexafluorophosphate 34.0 19.8
IL15 1-n-decyl-3-methylimidazolium hexafluorophosphate 44.7 39.5
IL16 1-n-dodecyl-3-methylimidazolium hexafluorophosphate 324 27.9
IL17 1-n-tetradecyl-3-methylimidazolium hexafluorophosphate 56.2 61.8
IL18 triethylbutylphosphonium 1,2,4-triazolide 61.4 79.9
IL19 (methyloxymethyl)triethylphosphonium 1,2,4-triazolide 97.8 128.0

triethyl((2-
IL20 methoxyethoxy)methyl)phosphonium 1,2,4-triazolide 82.9 110.2
1L21 1-ethyl-3-methylimidazolium 1,2,4-triazolide 117.3 103.3
1L22 1-n-butyl-3-methylimidazolium 1,2,4-triazolide 64.4 58.6
1L23 1-n-butyl-1-methylpyrrolidinium 1,2,4-triazolide 26.7 24.6
IL24 triethylbutylphosphonium 2-(cyano)pyrrolide 112.6 173.8
IL25 (methyloxymethyl)triethylphosphonium 2-(cyano)pyrrolide 166.8 255.8
triethyl((2-
IL26 methoxyethoxy)methyl)phosphonium 2-(cyano)pyrrolide 124.2 192.8
1L27 1-ethyl-3-methylimidazolium 2-(cyano)pyrrolide 215.5 201.5
IL28 1-n-butyl-3-methylimidazolium 2-(cyano)pyrrolide 128.9 146.9
IL29 1-n-butyl-1-methylpyrrolidinium 2-(cyano)pyrrolide 52.1 67.9
2. 0 Methods

We performed MD simulations to calculate ion diffusion coefficients for 29 ILs as bulk fluids and confined
in graphite slit pores (25-70 A ) at several temperatures ranging from 350-500 K (also 330 K for I1L14). We
note that generating this data required considerable computational resources, which underscores the
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value of a quick and efficient way to accurately predict diffusion properties in real fluids using machine
learning.

2.1 Details for LAMMPS simulations

All MD simulations were performed with the LAMMPS code.® The matrix of MD models consisted of
29 ILs at several temperatures ranging from 350-500 K as bulk fluids (166 total systems) and confined in
graphite slit pores at four slit pore heights (H) ranging from approximately 25 — 75 A (660 total systems).
As seen in Table 1, the ILs consisted of: 1) 21 different cations including 17 imidazolium and 4
phosphonium variants; and 2) 4 different anions. Our choice of ILs and MD methods were guided by
previous work®® in which ion diffusivities and both ion-pair and ion-cage lifetimes were obtained from MD
simulations of the bulk ILs over the same temperature range. Interaction potentials were described using
the General AMBER Force Field®® with atomic charges determined by density functional theory (DFT)
guantum calculations of each isolated ion, as described in detail elsewhere.®° Except for the PFs-based ILs,
partial charges were scaled so that the net charge on each ion was + 0.8 e (where e is the elementary
charge) to better represent charge transfer and polarizability effects in bulk ILs. Atomic charges for the
PFe-based ILs were taken from previous DFT-MD simulations of crystalline ILs which resulted in net ion
charges of + 0.8 e.%” Therefore all IL molecules have the same net charge (+ 0.8 e). Using reduced charges
of IL ions has shown to reliably reproduce the dynamic properties of ILs.68-%° Carbon atoms in the graphite
walls were modeled as the aromatic carbon atom type from GAFF with zero charge. The standard Lorentz-
Berthelot mixing rules were used for van der Waals interactions between unlike atom types.

Initial loosely packed models of bulk ILs were created using the Packmol code.”®7’! The number of ion
pairs (N) in the bulk models matched those of the previous study.®® The bulk models were simulated using
three-dimensional periodic boundary conditions (PBCs) with a timestep of 1 fs. A real-space cutoff of 12.0
A with tail corrections was used for short-range van der Waal interactions. Long-range electrostatic
interactions were evaluated with a particle-particle particle-mesh solver’? with a tolerance of 10~*. Models
were initially equilibrated for 2 ns at constant temperature (T) and 1 atm pressure followed by a 10-ns
production simulation at constant volume. Temperature and pressure were controlled by Nose-Hoover
chain thermostat and a Martyna-Tobias-Klein barostat with a Nose-Hoover chain attached’7> with
relaxation times of 100 fs and 1000 fs, respectively, and a chain length of three for both.

Slit pore models were periodic in the lateral (x,y) dimensions and nonperiodic in the vertical (2)
direction. The number of ion pairs (N) and initial simulation cell height (z) were adjusted based on the
intended (initial) slit pore height (25, 40, 55, 70 A). This range of pore heights includes very small pores
in which confinement effects are expected to be most dramatic, and larger pores in which bulk-like fluid
behavior is expected.3®3? IL molecules were first inserted into the empty box with loose packing. Slit
pore walls were then built above and below the fluid layer based on the graphite structure,’® leaving at
least a 8 A gap between the fluid and the nearest graphite layer. Each wall consisted of three layers of
graphite, consistent with previous simulation studies of confined ILs.?3 The lateral dimensions of the
graphite layers after orthogonalization were 49.19 A x 51.12 A. The final slit pore height (H) was
obtained using the volume equilibration method developed by Budhathoki et al.,”” in which a 1-atm
equivalent of force was applied to the top wall until the wall-liquid system had equilibrated. Volume
equilibration consisted of three stages: 1) 100 ps at a fluid temperature of 500 K; 2) 100 ps during which
the thermostat temperature was gradually lowered to the target value (unless the desired T was 500 K);
and 3) 10 ns equilibration. The top wall was then adjusted to the average slit pore height, H, from
equilibration. After a brief 100 ps equilibration at constant volume, the final production stage was either
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20 ns or 40 ns (Error! Reference source not found.). Some ILs required longer run times at lower
temperatures to reach the diffusive regime, based on analysis of the mean-square displacement (MSD)
as discussed below.

2.2 Analysis of MD Results and Feature Generation.

The features used for ML model development include temperature (7), slit pore height (H), and density
(p) were obtained from averages over the production stages (for average T) and constant pressure
equilibration stages (for average H) of the simulations. The slit pore height H was calculated as the
distance between carbon walls closest to the fluids and subtracting the VDW diameter of a carbon atom
(3.4 A). The average volume used to calculate the fluid density (p) was determined from the periodic cell
dimensions (x = y = z) for bulk fluids, and the product of the lateral dimensions (x, y) and slit pore height
(H) for fluids in slit pores.

lon diffusion coefficients (D) were computed from the ensemble average MSD:
1[N 2
MSD(t) = (2, Ir(®) — r(0)2) = (2m)Dt 1

where r(t) and r(0) are the positions of the center-of-mass of ion i at time t and initially (t = 0), and n is the
dimensionality of the system. The MSD was tabulated in three dimensions for bulk fluids [r(t) =
(x(t),y(t),z(t)] and in two dimensions (parallel to the walls) for slit pore fluids [r(t) = (x(t),y(t)]. Each
production simulation was divided into 10 blocks for the MSD analysis, so the reported diffusion
coefficients represent block averages. Calculated slopes from log(MSD) versus log(t) confirm that the
liguids were near unity (i.e., the diffusive regime) in nearly every case.

2.3 Details of artificial neural network fitting

Artificial neural networks (ANNs) were fit in MATLAB (version R2022a) using methods similar to those
described previously.®* The ANN was constructed using the feedforwardnet command with Levenberg-
Marquardt training algorithm and learning rate p = 0.001. For this work we used a single hidden layer ANN
with 6 nodes for the computed descriptors and 8 nodes for the SMILES-based descriptors. This
architecture has been tested in previous studies®® ¢ 3 and was demonstrated to yield good results for
this work. A hyperbolic tangent activation function (flag tansig) was used for the first hidden layer. The
data were randomly split into 70% for the training set and 15% for the validation and testing sets. The
inputs (or features) were scaled using the mapstd function which remaps the mean of each array to 0 and
have a standard deviation equal to 1. The diffusion coefficients were converted to a logarithmic scale and
normalized using min-max normalization. Errors in diffusion coefficients were defined as the difference in
the predicted value from the ANN and the raw value (from MD) divided by the raw value for each point.
We tried several random number seeds for the initial guess of weights and biases in the ANN model and
concluded that this initial choice did not significantly change the results.

2.4 Feature selection

A variety of physical, chemical, or geometric descriptors, or features, were computed for each ion. Some
descriptors such as molecular weight were trivial to calculate, and others such as the shape coefficient or
Connolly volume’® were computed from commercial software packages such as Materials Studio (Biovia,
Inc.) and Chem3D (Sigma-Aldrich). We also computed the bulk fluid density (from MD) and the binary
association energy from the ABCluster code.” These latter descriptors are more computationally intensive
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because they require nontrivial computation to obtain. We also computed a second set of features
completely from SMILES (Simplified Molecular Input Line Entry System) strings 8° based on the molecular
formula of each ion. SMILES is a way of encoding chemical structure information into a single unique string
of characters. SMILES strings can be generated quickly from a common structure file using widely available
Python packages, and then hundreds of features can be computed from the SMILES string using a Python
package such as Mordred ! (used in this study). This entire process takes only a few minutes and produces
a large number of features than can be used for ML models and requires no MD simulations.

Feature importance testing was performed via a “feature addition” method,?®? in which a ML model is
created by sequentially adding one descriptor at a time while comparing the mean squared error (MSE).
The feature with the lowest MSE was chosen as Feature 1, and the process was repeated using Feature 1
plus a second feature for the remaining N-1 features. This was done for 20 independent runs, each using
a different random seed to determine the split between training data and testing data. Note that 15% of
the data was set aside for later validation and was not used in any feature selection. Due to using different
splits, features were not added in the same order in each trial and instead were added based on lowest
MSE.

3.0 Results and Discussion
3.1 Molecular Dynamics Data

MD simulations were used to compute diffusion properties for each IL as a bulk fluid and confined in
graphite slit pores over a range of temperatures from 350 K to 500 K (note that IL14 was also simulated
at a lower temperature of 330 K). For consistency with previous MD simulations of the bulk fluids,®® we
refer to each unique pairing of a cation and anion with a number (e.g. IL01). These labels are defined in
Table 1, along with computed cation and anion diffusion coefficients (D, Dani) for bulk fluids at 350 K.
MD results for all bulk and confined fluids are given in the Supporting Information (Supporting Table 4
and Supporting Table 5). Our results for bulk ILs are in excellent agreement with the previous results for
these same ILs,®° providing a validation of our pre- and post-processing methods. Uncertainties in D,
and D, values were calculated from 10 block averages. The number of blocks was chosen after some
trial and error as a compromise between computational expense and sufficient statistics in each block.
For bulk fluids, the median error is 5 % with more than half of the errors between 4-9 %. For slit pore

fluids, the median error is 12 % with more than half of the errors between 9-16 %.
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Figure 1: Results from MD simulations of bulk ILs showing diffusion coefficients for A) cations (color scale indicates molecular
weight range for cations) and B) anions (color corresponds to anion molecular weight) vs temperature, and diffusion coefficients
for C) cations and D) anions vs IL density

As seen in Figure 1, temperature is clearly an important factor in the diffusion behavior of the ILs.
However, there are no clear, simple relationships for descriptors like molecular weight and IL density
that directly relate to diffusion. The values of the diffusion coefficients generally increase with increasing
temperature, but the range of D can vary by an order of magnitude across different ILs at a given
temperature (see 500 K, Figure 1A, B) There is a general trend of slower diffusion at higher density, but
the data are quite scattered (Figure 1C, D), and density is also intertwined with temperature. These plots
are illustrative of the connections between diffusion and properties like molecular weight and density,
but they have limited utility for making accurate predictions about a given IL. Diffusion of bulk ILs show
strong correlation with ion pair and ion coordination lifetimes,®® but these properties also require MD
simulations to obtain. Therefore, we used ANNs with their inherent nonlinearity to capture the
complexity and nuance of these relationships.

ANNs are good for modeling complex non-linear data, such as we have in this work. They are also very
general and can learn hidden, non-intuitive relationships in the data. We have discussed the benefits of
ANNSs compared to other machine learning architectures like random forests for predicting diffusion
previously.>8 61,83-84

3.2: Choosing descriptors

The choice of descriptors for ANN development is important for obtaining good model predictions.
There are many possible descriptors related to the size, geometry and chemical properties of the
molecules, such as molecular weight, number of hydrogen bond donors/acceptors, molecular volume
and surface area, etc. Since the goal of this work is to devise a model to predict IL diffusion quickly using
machine learning, it is also important that each descriptor be easy and fast to compute. Molecular
descriptors that require prolonged computations might have good predictive value but are not
practically useful for accelerating the materials discovery process.

As shown in Table 2, 24 descriptors were assigned to each IL (11 descriptors for each ion and 2 fluid
descriptors, density and molar volume). The fluid temperature is also used as a descriptor. The
computation of many of these descriptors range from trivial (molecular weight) to a few minutes of
effort in a standard commercial chemistry package like Materials Studio. While others (e.g. fluid density)
require additional MD simulations, they can be computed with shorter simulations than the diffusion
coefficients. Temperature and pore height are considered specified parameters because they are
determined before running any simulations, but average values from the MD simulations were used as
descriptors. Experimentally determined properties can also be used, if they are available at the desired
conditions. Some intrinsic properties of each molecule have unique values for each ion in an IL pair, and
some are properties of the fluid, such as density.

Page 10 of 33
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After selecting a diverse set of physical descriptors, we used feature importance testing to optimize the
descriptors needed for the ANNs. We used a feature addition process, in which the initial model was
sequentially trained using a single feature that gives the lowest test MSE (Feature 1), then adding one
feature at a time based on lowest validation MSE. In some cases, the differences in MSE between
features is small and they are chosen in a different order, so this was repeated for 20 independent runs
(i.e. 20 different training and test splits, with a separate set of validation data withheld from all the
runs). Figures 2C and 2D show the error from these 20 runs, with rankings shown in Table 3. Notably,
temperature almost aways ranks at the top, and density is commonly an important feature, while others
have a large spread. Binary association energy is also a valuable descriptor because it gives information
about the interactions of the anions and cations. The MSE declines sharply until about 5 or 6 features
are added (Figures 2C and 2D). Using more than 6 features does not significantly improve the quality of
the prediction. The features were ranked in order of importance (minimizing error) for each run. Many
of the descriptors have very similar or redundant predictive value. For example, molecular weight and
molar volume are correlated, so if molecular weight is randomly chosen first, molar volume will
subsequently have less value and vice versa. Ultimately, we chose a diverse set of final descriptors to
use in the ANN model that provided information about the ions’ size, shape, and intermolecular
interaction.

Descriptor importance was also tested using a random forest (RF) model (details in the Supporting
Information) and a similar result was shown (Error! Reference source not found.). Temperature was
found to be the most predictive descriptor. Many of the same descriptors identified using the feature
addition method were found to be important in the RF model (e.g., density, binary association energy).
Descriptor importance significantly decreased after 6-7 descriptors (Error! Reference source not
found.).
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Table 2: List of features for each IL (ion pair) and method of computation.®

Page 12 of 33

Feature Notes Source

molecular weight molar mass Manual

H-bond acceptors number of hydrogen bond acceptors Manual

H-bond donors number of hydrogen bond donors Manual
Logarithm of the ratio of the concentrations of the un-ionized solute in the

logP solvents Chem3D
Sum of surface area of all polar atoms (mostly O and N) including attached

Polar surface area hydrogen Chem3D
The minimum value of eccentricity taken from the distance matrix.

Radius (atoms) Represents most central atoms. Chem3D

Shape attribute The shape attribute (kappa) measures the branching of a molecule Chem3D

Shape coefficient Computed from ratio of diameter and radius (atoms) as defined in Chem3D | Chem3D

Molecular volume

Connolly volume with probe radius of 1.32 A (water molecule)’®

Materials Studio

Molecular surface area

Connolly area with probe radius of 1.32 A (water molecule)’®

Materials Studio

Energies of each individual chemical species extracted from that binary

Binary association energy cluster for cation-anion pairs ABCluster
density computed from MD simulation of bulk fluids LAMMPS
molar volume compute from MD simulation of bulk fluids LAMMPS

a All features are calculated for individual ions except for density and molar volume
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Table 3: Table of median rankings for computed features in feature importance. The Meta Rank is their respective ranking
ordered by Median Rank from the feature addition analysis. The Median Rank is the median ranking from 20 independent runs
of the feature addition routine.

Dcat Dani
Meta Feature Median Feature Median
Rank Rank Rank

1 Temperature 1 Tavg(K) 1

2 Density 5.5 Binary association energy 7

3 Shape attribute cation 6 Shape coefficient cation 8

4 Shape coefficient cation 7 molecular weight anion 9

5 Polar surface area cation 7.5 logP cation 9

6 R(atoms) cation 8.5 Polar surface area cation 9

7 H-bond acceptors cation 11 R(atoms) cation 10
8 Connolly surface area cation 12 molecular weight cation 11
9 Connolly volume cation 12.5 Connolly surface area cation 11
10 molar volume 13 Density 11
11 logP anion 13.5 R(atoms) anion 12
12 R(atoms) anion 13.5 Shape attribute cation 13
13 Connolly surface area anion 13.5 Shape attribute anion 13
14 H-bond donors cation 14 logP anion 14
15 Shape coefficient anion 14 Polar surface area anion 14
16 Polar surface area anion 15 Connolly volume cation 14
17 H-bond acceptors anion 15.5 H-bond acceptors cation 15
18 molecular weight cation 15.5 H-bond acceptors anion 15
19 H-bond donors anion 16 Connolly surface area anion 15
20 Connolly volume anion 16.5 Connolly volume anion 16
21 logP cation 17 molar volume 16
22 molecular weight anion 17 H-bond donors anion 18
23 Binary association energy 18 H-bond donors cation 19
24 Shape attribute anion 18.5 Shape coefficient anion 19
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Figure 2: Results from feature importance testing. Boxplot of feature importance ranking for A) cations and B) anions. Trends in
MSE with added features for C) cations and D) anions. The feature numbers on the x-axis in A and B correspond to the Meta
Rank in Table 3.
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Figure 3: A) Predicted cation diffusion in bulk ILs from ANN model using only temperature compared with calculated
diffusion. B) Predicted cation diffusion from ANN model using temperature and 5 random columns of data. There is some
correlation because temperature is strongly predictive, but temperature alone is not sufficient for an accurate prediction.

As mentioned previously, temperature clearly is an important feature for predicting diffusion (Figure 1)
properties; however, temperature alone is not sufficient. As a demonstrative exercise, we trained a
model using only temperature (Figure 3A) and another model using temperature and five columns of
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completely random numbers as inputs (Figure 3B). The ANN trained with temperature as the only
feature predicts only six discrete D values corresponding to the six temperature inputs. With no other
data to use for predictions, it essentially predicts all ILs at the same temperature to have the same
diffusion coefficient. When some random data is added to the model, the ANN still finds some
correlation (Figure 3B, total R2= 0.849, validation R = 0.746) because temperature is strongly predictive,
but this demonstrates that physical and geometric information about the IL is crucial for accurate
prediction.

3.3 Model 1: computed descriptors for bulk ILs

A final set of descriptors were not evident from our feature importance analysis (Figure 2) because
many of the features rank highly in the analysis in at least some trials. However, in all the trials, it is clear
there is no benefit to using more than about 6 descriptors. From this we conclude there are many
possible combinations of descriptors that will give comparable results, so we used physical intuition to
select 6 diverse descriptors to describe the fluid. We chose a set of features that includes temperature,
binary association energy, shape coefficient for cations and anions, molecular weight for cations and
anions, and fluid density (from MD). The results and distribution of errors (relative error compared to
MD values) are shown in Figure 4. The diffusion coefficients in Figure 4 are normalized. The physical
information about the size and shape of the ions is essential to predict diffusion behavior of bulk ILs. The
binary association energy provides some information about interactions between the cations and
anions, similar to the ion pair and ion coordination lifetimes.®® Molecular weight and shape coefficient
provide information about the size and geometry of the molecules, and density provides information
about the bulk liquid. It is clear larger molecules tend to diffuse slower in general, and dense fluids tend
to inhibit fast diffusion (Figure 1). Combining this information along with temperature, and the binary
association energy between the ions, and some geometric information such as shape coefficient (or
surface area) gives an accurate description of the fluid and is sufficient for an accurate prediction by the
ANN. The R? value for the validation data for both cations and anions are above 0.99 (Supporting Table
2).
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Figure 4: A) Parity plot of predicted diffusion (y-axis) for cations and diffusion from MD simulations (x-axis), B) parity plot
results for anions, C) relative error distribution for cations, D) relative error distribution for anions

3.4: Model 2: ILs confined in slit pores

anions m

Figure 5: Example of the MD simulation models used for confined ILs: IL18 confined in a graphite slit pore with height (H) of 25
A. Wall carbon atoms are shown as gray spheres. lons are shown as blue (cation) and yellow (anion) stick models. Hydrogen
atoms are omitted for clarity

The model described in the previous section provides good results for ILs in a bulk fluid. However, many
practical applications require predicting IL diffusion in porous media. We generated a separate training
set for confined ILs by performing MD simulations for the same suite of ILs in graphite slit pores with slit
pore height (H) ranging from 19 to 80 A (Figure 5). Results for these simulations given in Supporting
Table 5 and are summarized with correlation plots showing the variation of D, with density, H, and
molecular weight in Supporting Figure 2 and Error! Reference source not found.. None of the simulated
properties show strong correlation with D, across the range of ILs in our training set. Temperature and
slit pore height are generally good predictors for a given IL, as shown for select ILs in Figure 6 and Error!
Reference source not found.. Diffusion is limited at small H due to nanoconfinement, with D
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approaching an asymptotic value (Dy) only at the lowest temperatures. It appears that D, shows
significant variation with H at high temperature (Figure 6, Error! Reference source not found.).
However, based on percentage increase in D,,.. between the smallest slit pore (~25 A) and the largest
slit pore (~75 A), the lower temperature (350 K) ILs are much more sensitive to slit pore size: 120-830 %
increase for the small slit pore, 28- 256 % increase for the large slit pore (Error! Reference source not
found.).

The slit pore results reported here were qualitatively compared to other MD studies of similar IL pairs
and carbon slit pores. Despite slightly different IL pairs, temperature, and slit pore combinations being
used, our results showing more bulk-like behavior as pore size increases is consistent with previous
simulation studies on confined ILs.383°

Cations and anions typically diffuse at different rates in bulk and confined ILs (Supporting Figures 1-3)
Enhanced mobility of a cation or anion relative to its counterion in ILs has been studied by MD in
external electric fields, and was shown to be caused by channel-like movement of faster ions through a
less mobile network of counterions.®> Distinctions have also been seen for adsorbed ions, free ions, and
ion pairs.3®

Cation Anion
600 500
500 200
$400
E 300
™
| 300
o
: 200
Q
) 100
% 4 o @ W @ B 40 0 & W™ 8
H (A) H (A)

Figure 6: Results from MD simulations of IL7 confined in graphite slit pores, showing trends of cation and anion diffusion with slit
pore height (H) and temperature (colors, blue 350 K, orange 380 K, green 410 K, red 440 K, purple 470 K, brown 500 K)

IL diffusion in bulk fluids compared to graphite slit pores is compared in Figure 7. One might expect that
IL diffusion is universally slower in slit pores, with very large slit pores representing an upper limit that
approaches bulk behavior. However, as seen in Figure 7, that is not the case. In smaller or medium slit
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pores, diffusion tends to be faster in bulk than in the confined slit pores. However, in large slit pores
(>65 A), diffusion is often faster in the confined fluid than in the bulk (to the right side of the parity line).

We tested the temperature dependence of this effect by calculating the slope of Dqre/Dyui as a function
of temperature for each slit pore size and each IL. The calculated slope for each IL and the distributions
of all ILs at a given slit pore height are shown in Error! Reference source not found.. A broad distribution
across the ILs was observed, however the temperature effect is largest in the smallest pores (25 A) but
minimal in the other pore sizes.

Diffusion in slit pores can be enhanced relative to the bulk fluid because the interface avoids bottlenecks
in the fluid region.® Previous simulations of imidazolate Tf4N ILs in carbon slit pores also show Dyore
values equal to or slightly greater than D, as the slit pore size approaches 10 nm.38 Also, MD
simulations of 1,3-dimethylimidazolium chloride confined in slit pores (ranging from 25-45 A in height)
indicated that D, reached a maximum (greater than the bulk values) as the slit pore size was increased
due to slip-like motion of the ions at the slit pore walls.8” MD studies of Lennard-Jones fluids under
confinement indicate that systems with slit pore sizes larger than the periodic lateral dimension (H > L)
results in slit pore fluids diffusing faster than the unconfined bulk fluid due to thermal fluctuations in the
fluid center of mass.88

It is also possible that the D, values at larger slit pore sizes may be overestimated by the MD
simulations due to finite size effects.®® To test this, simulations were performed with double the
(periodic) lateral dimensions for 5 ILs at the largest slit pore size and highest temperature (500 K). These
are conditions that should possess the most notable finite size effects. As seen in Error! Reference
source not found., finite size effects are present but vary significantly with the type of IL. The only
correlation is that the magnitude of the effect is consistent for both ions in the same IL. For example,
there is almost no finite size effect for IL26, but a dramatic effect for IL25. Both IL25 and IL26 contain the
same anion [CNPyr] and similar cations: (methyloxymethyl) triethylphosphonium for IL25, and
triethyl((2-methoxyethoxy)methyl)phosphonium for IL26.

Regardless of the reason for the observed differences in Dy, and Dy values at large slit pore sizes, we
are confident that our ANN method would still accurately predict finite-size-corrected Dgjt pore Values. To
predict diffusion of the confined ILs, the ANN developed for bulk ILs was expanded to include average
slit pore heights (H) from the MD simulations. Results from this model are shown in Figure 8. The slit
pore ANN shows excellent prediction of confined fluid diffusion for both cations and anions across the
range of simulated slit pore and IL properties.
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The ANN provides good predictions for ILs in slit pores, with R? values above 0.99 for both cations and
anions (Supporting Table 2). The results are slightly more scattered for D values on the lower end of the
range, where the data are more sparse and diffusion is slower compared to the rest of the data set.
However, overall, the predictions are generally accurate with a few outliers.

3.5 Model 3: Descriptors from SMILES

The slit pore ANN model fit with computed descriptors yields good results; however, some of the
descriptors such as binary association energy or density require some manual effort to compute. An
ideal predictive model would give good results using only simple and easily obtained descriptors. Then it
could be used as a quick “first pass” estimator for design decisions or down-selecting from a large set of
candidate ILs, followed by a limited set of more detailed simulations. Therefore, we have attempted to
simplify the model further by using only easily computed descriptors from SMILES (Simplified Molecular
Input Line Entry System) strings. SMILES®? 8% is a way of converting chemical structures to unique text
strings that are amenable to machine learning or cheminformatics. For example, ethanol can be
represented as “CCO” and carbon dioxide as “O=C=0" (hydrogens are implicit).

Molecular formulas for IL cations and anions can be converted to SMILES strings using a simple online
tool or chemical software. The SMILES strings can then be used to generate descriptors. We used the
Python package Mordred?! to generate hundreds of descriptors based on a single SMILES string. Other
publicly available software packages in the cheminformatics literature can also compute molecular
properties from simple formulas.?%-°?

There are over 1800 descriptors available from Mordred, obviously far more than is necessary for this
application. We chose 19 varied descriptors based on physical intuition (including size, shape, mass,
number of hydrogen bond donors, etc.) and repeated the feature importance analysis procedure
previously described. We used the same 19 descriptors for both cations and anions, as well as
temperature, for a total of 39 descriptors. Fluid density was not included in this set. The full list of
descriptors employed is shown in Error! Reference source not found..

Page 20 of 33



Page 21 of 33 Molecular Systems Design & Engineering

0.035 r
0.03
0.025

0.02 @ Avg

B Min

MSE

0.015

O Max
0.01

0.005

1 2 3 4 5 6 7 8 9 10 11 12
Number of features

0.04 -
0.035
0.03
0.025

0.02 HEAvg

B Min
E Max

MSE

0.015

0.01

0.005

1 2 3 4 5 6 7 8 9 10 11 12
Number of features

Figure 9: Average, minimum, and maximum MSE for feature importance testing using different numbers of features for A)
cations and B) anions. The full list of features is given in the Supporting Information.
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Similar to the results from the previous set of computed descriptors, the MSE from the SMILES-trained
ANN drops off sharply as features are added until about six or seven features (Figure 9). There is little
benefit from using more than that. Based on this analysis, we chose to use temperature, the atom-bond
connectivity (ABC) index®? for cations and anions, the second Zagreb index®? for cations and anions, and
the number of heavy atoms for cations and anions. We chose to use the same descriptors for cations
and anions to keep the model symmetric.

The ABC index comes from chemical graph theory and is a way of representing the bond connectivity of
a molecule. It was originally devised to model formation energies of alkanes and provides important
structural information about molecules.®? The Zagreb indices were originally created to describe the
total energy of electrons in carbon molecules. Since then, there have been several incarnations of
generalized Zagreb indices.®**° These indices efficiently condense the information from a molecular
graph onto a numerical index. Both the ABC and Zagreb indices are powerful descriptors for IL diffusion
because they contain significant structural information about the molecules (e.g. number of atoms,
bonds, and connectivity) reduced to a quantitative value. By combining these values with the number of
heavy atoms, which is essentially a proxy for molecular size, they provide a complete set of information
about the IL ions.

Results for bulk fluids from the predictions using descriptors derived from SMILES are shown in Figure
10. Using only temperature and the descriptors generated from SMILES strings, the ANN is able to
accurately predict the MD diffusion coefficients. The R?values for the validation data are all above 0.99.
Notably, all the descriptors except temperature describe the specific ions and not the fluid. Fluid density
was not included. It is important to note that all these descriptors were generated with very little effort
using simple structure files for the ILs. It takes only a few minutes to generate a SMILES string, feed it to
a Python code like Mordred, and then develop the ANN model using those descriptors. This model and
workflow offers a very simple and fast way to predict the diffusion properties of ILs without the need for
long and expensive MD simulations.
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Figure 10: A) Parity plot of predicted and simulated diffusion of cations and B) anions in bulk ILs for the ANN trained with SMILES

descriptors. Diffusion coefficients are plotted on a normalized scale. C) distribution of relative errors for cations, D) distribution of
relative errors for anions.

We note there are many other descriptors that could be used for this case. The Mordred package can
generate hundreds of descriptors from SMILES strings, and it is likely there are numerous combinations
of descriptors that would provide accurate results, so long as they contain significant and diverse
physical characteristics such as features that describe the molecule geometry, size, and mass.

3.6 Model 4: SMILEs for slit pores

As before with the slit pore ANN trained on computed descriptors (Section 3.3), we applied the SMILES
model for bulk IL diffusion to slit pores. This model uses the same descriptors as described in the
previous section (temperature, ABC index for cations and anions, the second Zagreb index for cations
and anions, and the number of heavy atoms for cations and anions) and added the slit pore height, H.
The results from this model are shown in Figure 11. The R? values for these predictions are again above
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0.99 (validation set 0.9946 for cations, 0.9955 for anions). These results demonstrate that ANNs trained
on simple SMILES descriptors can accurately predict IL diffusion in bulk and confined fluids.
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Figure 11: A) Parity plot of predicted and simulated IL diffusion for cations and B) anions confined in graphite
slit pores for the ANN trained with SMILES descriptors. Diffusion coefficients are plotted on a normalized
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can be calculated from electric flux values from MD simulations.1% Based on the above ANN results, we
are confident that our ANNs could also predict Einstein conductivities. Empirical prediction of IL thermal

conductivity has been shown to require no input parameters other than a single value at a given
temperature.l?

3.7 Statistical Performance

Figure 12 shows the statistical performance for the ANN model using the computed descriptors for bulk
ILs and confined ILs as box-and-whisker plots. The deviation is computed as the relative difference
between the ANN D values and the D values from MD simulation for each IL at each temperature point
(scaled by MD values). The rectangular boxes indicate the 25t — 75t percentiles, with the line in the box
indicating the median and the black “X” as the mean. The data are grouped by the four anions ([Tf,N] is
bis(trifluoromethanesulfonyl)imide, [PFg] is hexfluorophosphate, [124triz] is 1,2,4-triazolide, and [CNPyr]
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is 2-(cyano)pyrrolide). The median line is near 0 deviation for all the ILs, indicating that the model error
is not significantly biased towards overpredicting or underpredicting. The median line is also close to the
middle of most of the boxes, indicating the error is not skewed towards positive or negative error. The
outliers (single points) are defined as more than 1.5 times the value of the 25t or 75t percentile outside
of the box, indicated by the whiskers. The bulk ILs have few outliers and the statistical performance is
generally better than the confined ILs. Notably, for the confined ILs, while the anion diffusion deviations
are generally centered around zero, indicating no particular bias, most the outliers are positive. This
suggests that the model can sometimes significantly overpredict diffusion coefficients in slit pores, but
the overall predictions are quite accurate. We also note that many of the outliers for the confined ILs
occur in the smallest slit pores with heights around 25 A and lower temperatures, so these are among
the slowest diffusion values. Therefore, at very low values, the relative error can be high even if the
value of the prediction is reasonable in absolute terms.



Molecular Systems Design & Engineering

Page 26 of 33

o[Tf,N] B[PFe] O[124triz] O[CNPyr] O[Tf,N] O[PFe] O[124triz] O[CNPyr]
0.3 0.8 .
o 0.6
T . . 0.4 3 . : :
0.1 —_ T —

0.2 =

.|
N
i
-
il
i
Il
7
]

-0.1 e -0.2 - 1 = = & .
0.4 :

-0.2 =1=
-0.6

-0.3 B -0.8 -

o[Tf;N] B[PFs] O[124triz] O[CNPyr] O[Tf;N] B[PFs] O[124triz] O[CNPyr]
0.3 0.6 -
0.2 0.4 s <
_ : + T - T
0.1 — = 0.2

.
]
1
1l
L]
L]
il
0

= e |

0.1 + — 1 -0.2 1 4
-0.2 -0.4
03" D 0.6

Figure 12: Box and whisker plots showing the relative deviation in D values from ANN models trained on computed descriptors
for A) bulk IL cations, B) confined IL cations, C) bulk IL anions, D) confined IL anions. The box represents the inner 50th percentile
(ranging from 25th-75th percentile) and the whiskers are 1.5 times the 25th and 75th percentile. Each point represents one IL at
a single temperature. The black horizontal line in the box is the median and the black X is the mean value. The ILs are sorted into

four categories based on their respective anions: [Tf2N], [PF6], [124triz], [CNPyr].

As seen in Figure 12C & D, the ANN performance for the anions is generally slightly better than the
cations. This is also evident in the scatter seen in the parity plots in Figure 4, where the lower regimes
are a little more scattered and the performance for the anions is better. It is worth noting there are
more cations (21) than anions (4) included in this study, so this could be an artifact of having more
diverse data (in terms of different cations) related to anion diffusion.

Table 4 shows the error deviation for cations and anions in terms of percentile for the computed
descriptors in bulk ILs and ILs confined in slit pores (Models 1 and 2). The deviation at the 95t percentile
is 12.0% for cation diffusion (bulk) and 9.4% for anion diffusion (bulk), meaning that for 95% of the ions
the deviation is less than those values. The overall performance of the cation predictions is similar in
bulk compared to the confined ILs, but the anion predictions are notably better in the slit pores, with
98% of the predicted D, values being within 4.5% of the MD values, and 90% within 2.7% of the MD
results.
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Table 4: Percentile distribution for deviation of ANN predictions using computed properties from MD results, for bulk ILs and ILs
confined in slit pores.

Bulk IL Confined IL
Percentile | Cation Anion Cation Anion
98 0.148 0.114 0.312 0.045
95 0.120 0.094 0.217 0.033
90 0.109 0.080 0.184 0.027
80 0.075 0.056 0.142 0.021

4.0 Conclusion

The diffusion behavior of complex fluids such as ionic liquids depends on diverse properties such as fluid
density, temperature, and molecular geometry in unobvious ways that complicate the prediction of
diffusion behavior. Here we have presented MD simulation data for 29 ILs as bulk fluids and confined in
graphite slit pores over a wide temperature range (350 K — 500 K). Although general trends were seen
relating diffusion coefficients to IL properties such as temperature and slit pore size, the MD results
show that a nonlinear combination of descriptors is required to accurately predict diffusion. We
developed machine learning models for just this purpose. We showed that artificial neural networks can
successfully predict diffusion coefficients in bulk and confined ILs based on simple physical descriptors
such as molecular weight and surface area. Feature importance analysis shows that there are many
combinations of descriptors that will produce accurate model results, but a critical requirement is
having a diverse set of 6-8 descriptors that includes information about ion size, mass, and geometry.
Many of these ion descriptors can easily be generated from a simple structure file or molecular formula
(SMILES code) using widely available Python packages or other cheminformatics software. As with our
computed descriptors, a diverse set of SMILES descriptors are needed for accurate prediction. For
example, connectivity matrices such as the ABC index are shown to have high predictive value. Notably,
these SMILES-based predictions use only properties of the individual ions and no fluid properties except
for temperature. Our predictions of diffusion coefficients are within 21% accuracy for 95% of ILs tested
in bulk and confined ILs. The worst outliers, based on relative error, tend to be for ILs in the smallest slit
pores with very slow diffusion. We were also able to make accurate predictions for the Nernst-Einstein
conductivity. We have demonstrated a fast and simple way to predict IL diffusion properties, which can
be used to inform engineering design decisions without the need for more expensive experiments or
MD simulations.
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