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Identifying the Impact of Chemical Functional Groups on Ionic 
Liquid Conductivity
J. E. Umaña,a N. A. Zawicki, a Matthew A. Gebbie, a Victor M. Zavala, a and Rose K. Cersonsky*a

Ionic liquids are non-flammable, electrochemically stable electrolytes with promise as next-generation battery electrolytes. 
However, strong ion correlations and deviations from classical ion transport prevent the predictive design of application-
specific ionic liquid electrolytes. While machine learning models can help address such limitations, standard 
cheminformatics tools are not well-suited to incorporate electrostatic interactions and thus do not account for the strong 
intermolecular interactions within ionic liquid materials. In this work, we present a molecular fragment representation that 
reflects charge-carrier resonance using SMARTS  molecular substructure searching to explicitly capture the electrostatic 
contributions to conductivity of ionic liquid compounds. We find that this representation simplifies structure-conductivity 
relationships and improves predictive performance in low-data regimes. Additionally, we report how learned contributions 
of molecular structure impact ion transport and map the ionic liquid chemical design space using principal covariates 
regression to visualize the underlying structure-property relationships. We find that charge delocalization and anion 
flexibility are the most influential molecular features in improving ion transport in single-component ionic liquids. Further, 
we find that polar, alkyl, and fluorinated cation or anion functionalization decrease ion transport by introducing additional 
intermolecular interactions. Finally, many cation charge centers similarly enhance ion transport, suggesting that ionic liquid 
anions and ion functionalization are key for tuning intermolecular interactions and ion mobility. This work provides an 
interpretable approach for building structure-property relationships for currently available ionic liquid structures and opens 
new perspectives on how to design ionic liquids for desirable transport behavior. All data and models are shared as open-
source code.

Introduction
As demands for large-scale renewable energy storage increase, 
ionic liquids have emerged as a promising electrolyte for use in 
electrochemical energy storage devices.1 Ionic liquids are 
organic, electrochemically stable electrolytes which offer a wide 
variety of molecularly tunable behaviors for application-specific 
design.2-4 Ionic liquids are composed entirely of ions yet remain 
liquid at room temperature due to poor molecular packing that 
inhibits crystal structure formation.5 These materials have low 
vapor pressures and high stability due to strong electrostatic 
interactions. Ionic liquids can also reorganize in the presence of 
an electric field and display a favorably wide stable voltage-
window.6-8 All of these properties make ionic liquids desirable 
for electrochemical applications, particularly when device 
safety is a major consideration. Unfortunately, ionic liquids 
present a critical design challenge2-4, 9, 10 – there are 
innumerable combinations of cations, anions, and functional 
groups1, 3 that make exploratory work combinatorically 
prohibitive. Furthermore, there is a large diversity of 
interactions between different cation-anion pairings, such that 
there exists strong deviations from overarching theories,11 and 

data-driven approaches have struggled to generalize in this 
data-poor space.9, 12-14 For example, while polar 
functionalization typically increases the viscosity of a 
conventional uncharged liquid solvent, studies have found that 
cation ether functionalization in imidazolium 
bis(trifluoromethane)sulfonimide and pyrrolidinium 
bis(trifluoromethane)sulfonimide  ionic liquids can instead 
decrease viscosity, despite the introduction of polar 
interactions that are not present in alkyl-functionalized 
analogues.15, 16 
To improve ionic liquid design as electrolytes, many studies 
have modeled ionic liquid conductivity using advanced machine 
learning and ionic liquid molecular descriptors.9, 12-14, 17-27 While 
having been used successfully to predict electrolyte 
conductivity13, 14, 27, 28, these machine learning models often 
utilize neural network and random forest regressions to 
correlate molecular summarizing statistics (molecular volume, 
partial charge, connectivity, etc.) to electrolyte properties of 
interest. Thus, the best performing neural network models 
provide limited insight into further ionic liquid design principles 
due to their high computational complexity. Many of the 
molecular descriptors employed in these models further 
complicate model interpretation as they do not provide 
actionable design insights, such as electronic states and polar 
surface area. For example, positive correlations between zero-
order Randić’s molecular connectivity indices and conductivity 
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successfully identified by Dhakal and Shah using deep learning 
models and Shapely analysis accurately predict ionic liquid 
conductivity but do not provide sufficient guidelines for novel 
ionic liquid design.28

Our previous work has analyzed applications of classical 
transport models and machine learning models for predicting 
molar conductivity for ionic liquid design.12, 13 Notably, we 
found ionic liquids to deviate from hydrodynamic ion transport 
models and instead exhibit Arrhenius conductivity-temperature 
scaling consistent with ion hopping mechanisms. The energy 
barriers resulting from an Arrhenius model fit were within 15% 
of reported ion dissociation energies in literature and support a 
thermally-activated ion transport mechanism.1, 12 These 
findings agree with observed ion hopping transport 
mechanisms in ionic liquid simulations which strongly depend 
on electrostatic interactions and nanoscale assembly rather 
than bulk viscosity,29-32 and our analysis is consistent with 
Vogel-Tamman-Fulcher models which model thermally-
activated ion transport of broad distributions of activation 
energies in analogous polymeric and glassy materials.1, 33-35 We 
additionally explored the capabilities of machine learning 
methods to predict ionic liquid properties modeling using 
widely-available molecular structure representations.12, 13 
Across machine learning models, we observed that electronic 
descriptors are consistently the most important molecular 
descriptors for predicting ionic liquid ion transport. These 
molecular descriptors likely proxy less accessible molecular 
information, such as ionic and intermolecular interactions.12, 13, 

25, 28 Overall, we found that improving prediction of ionic liquid 
conductivity required new data representations that explicitly 
describe molecular interactions.
This work directly addresses this key technological need 
through fragment descriptors. Fragment descriptors are one-
hot encodings that catalog the present functional groups within 
a system as a basis for predictive tasks. Here, we represent ionic 
liquid molecular structures using Simplified Molecular Input 
Line Entry System (SMILES) and define a minimal set of 
descriptors using SMILES arbitrary target specification 
(SMARTS) to represent 36 ionic liquid molecular fragments to 
model molecular structure contributions to room-temperature 
and temperature-dependent ionic molar conductivity. To train 
our model, we utilize a database of 182 ionic liquid structures 
and calculate molar conductivities using experimentally 
reported electrical conductivities and density measurements 
from the NIST ILThermo database.36, 37 We choose to model 
molar conductivity to remove the effects of ion concentration 
and compare ionic liquid motifs using equivalent conductivities. 
By using a molar/molecular basis, we isolate the effects of 
molecular structure on ion mobility similar to well-established 
mechanistic ion transport models such as the Stokes-Einstein 
equation and Walden plot analyses.13, 38, 39 We further model 
molar conductivity at 298 K to identify the conductivity 
contribution of ionic liquid structures without the influence of 
temperature. To our knowledge, this study is the first in 
literature to model ionic liquid conductivity and ion mobility 
without convolving the effects associated with changes to 
temperature or ion concentration. 

We define our substructure fragments using SMARTS according 
to electronic resonance and common ionic liquid functional 
groups and compare to an analogous 166 MACCS Keys for drug 
discovery as inputs to various regression methods.40, 41 SMARTS 
is a text-based molecular encoding used to specify molecular 
fragments and attributes in molecular structures by identifying 
the presence of specified molecular motifs.42 SMARTS can 
identify patterns based on aromaticity, bond type, bond degree, 
connectivity, atom type, chirality, charge, and ring size. These 
patterns can then be used to discover structure-property 
correlations. For example, SMARTS were recently used to 
determine the contribution of molecular patterns to organic 
crystal binding energy.43 We use only 2D molecular descriptors 
which are relevant to ionic liquid intermolecular interactions to 
simplify machine learning modeling and enable the 
development of structure-property relationships. Importantly, 
we explicitly distinguish the functionality of charge-carrying and 
neutral molecular fragments and define descriptors for 
electrostatic steric shielding in ionic liquids.  To encode 
resonance and charge delocalization in our SMARTS fragment 
representation, all resonant structures for charge-carrying 
molecular fragments are specified in our SMARTS definitions. 
These definitions are included in the supplementary 
information in Table S4.
Overall, we contrast the performance of various machine 
learning techniques for modeling ionic liquid conductivity using 
SMARTS descriptors and mapping the ionic liquid chemical 
design space. We find that our molecular fragmentation results 
in simplified ionic liquid modeling, especially in low-data 
regimes. Notably, a Gaussian kernel support vector regression 
is used to identify the contributions of ionic liquid structural 
motifs to ionic conductivity at 298 K and at varied temperatures. 
We contrast our temperature-dependent model to our 298 K 
model to observe how motif contributions vary with increased 
temperatures. We find that anion identity and cation 
functionalization are the most influential aspects to 
determining ionic liquid conductivity, while most cation cores 
tend to contribute similarly to ion conduction in ionic liquids. In 
particular, asymmetric and charge delocalized anions paired 
with cations with weakly interacting functional groups exhibit 
the greatest enhancements in ion conduction compared to 
other ionic liquids, hence these features and may be opportune 
for tuning ionic liquid behavior. We anticipate that the 
approaches and results we describe can guide future studies 
into ionic liquid ion transport and provide design principles for 
studies into more complex ionic liquid mixtures.

Results & Discussion
Ionic liquid molecular fragments were defined according to 
anion and cation charge cores and common ionic liquid 
substituents. The ionic liquid molecular fragments we define are 
shown in Figure 1 and SMARTS definitions for the 
corresponding structural fragments can be found in the 
supplementary information in Table S4.  The presence of these 
structures in anion and cation molecular structures is indexed 
to produce ionic liquid representations used in all subsequent 
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analysis. Ionic cores are defined by the location and resonance 
of ionic charges. Meanwhile, substituents are defined by 

common ionic liquid functionalization and are separately 
indexed for presence on either a cation or anion. 

Figure 1. Defined ionic liquid SMARTS keys. Cations and Anions are defined by charge localization, and all resonant structures are 
used in indexing ionic liquids in this study. Substituents are indexed separately for their presence in cation and anion molecular 
structures.

These structural fragments were selected for their prominence 
among ionic liquids analyzed in this study and down selected 
from a broader list of ionic liquid ion cores and functional 
groups. Structural fragments either over-represented 
(>179/182) or underrepresented (<4/182) in the reported 
dataset of ionic liquids with room-temperature conductivity 
were excluded from our SMARTS keys to limit overfitting and 
redundancy in our modeling. Notably, piperidinium cations 
were excluded from our fragments due to limited data at 298 K 
and could not be compared to other ionic liquid cations in this 
study.

Structural Insights.

We predict ionic liquid molar conductivities at 298 K and at all 
available temperatures using radial basis function (RBF)  kernel 
ridge regression to model the contributions of ionic liquid 
structure to molar conductivity using interpretable, shallow 
methods. We also model molar conductivity using linear 
support vector machine regression, random forest regression, 
and neural network regression for comparison in following 
sections. 10-fold cross validation was applied in training the 
model and test performances are reported. We report RBF 
kernel ridge regression to perform the comparable to neural 
networks for our SMARTS keys representation at 298 K with an 
R2 of 0.764 and MSE of 0.388 S cm2 mol-1 compared to an R2 of 
0.820 and MSE of 0.340 S cm2 mol-1 for our neural network 
regression. Similarly, at all available temperatures, an RBF 
Kernel ridge regression using our representation exhibits an R2 
of 0.838 and MSE of 0.778 S cm2 mol-1 compared to an R2 of 
0.848 and MSE of 0.751 S cm2 mol-1 for our neural network 
regression. While we cannot compare our room-temperature 

model predictions to literature due to limited prior successes in 
modeling ionic liquid conductivity at 298 K, our modeling at all 
temperatures is comparable to contemporary machine learning 
models yet with reduced model complexity and improved 
model interpretability.12-14, 18, 19, 27 The RBF kernel regression 
model test predictions are shown in Figure 2 and further 
analysis of the model is discussed in this section. Model 
performance metrics for all models and a comparison to 
publicly available MACCS Keys are reported in Table 1 and Table 
2 and discussed in the corresponding section.
RBF kernel ridge regression fits the molecular fragments by 
learning the contributions of Gaussian-weighted similarity 
between an input fragment vector  and those within the training 
set, as shown here: 

Λ𝑖 = ∑𝑗 𝑤𝑗𝑒
―

∥𝑥𝑖―𝑥𝑗∥2

2𝜎  

where Λ𝑖 is the predicted molar conductivity, 𝑤𝑗 are fit weights 
for each ionic liquid, 𝜎 is a user-defined model hyperparameter, 
𝑥𝑖 is the input structure represented as our SMARTS keys, and 
𝑥𝑗 are the structures of each other ionic liquid represented with 
SMARTS Keys. This allows greater flexibility for representing 
molecular fragment contributions to conductivity compared to 
linear regression as the model does not directly predict the 
influence of each molecular fragment. Rather, the contributions 
of the molecular fragments we define to conductivity are 
implicitly captured within the distribution of learned weights for 
structural similarity to ionic liquid structures containing a given 
structural fragment of interest. We then subsequently 
extracted weights for specific structural fragments by probing 
the model with bit-flip perturbations and are reported in Figure 
3.

Page 3 of 17 Chemical Science

C
he

m
ic

al
S

ci
en

ce
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 5

/2
8/

20
26

 3
:1

9:
24

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6SC02121B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6sc02121b


ARTICLE

Please do not adjust margins

Please do not adjust margins

Figure  2. RBF Kernel SVM parity plot colored by cations and shaped by anions for 298 K (left) and at all temperatures (right). We 
find that the most well-represented groups appropriately have the highest variability as these groups possess the highest variability 
in measured conductivity and are not being overfit by our modeling.

Importantly, the improved performance of RBF kernel 
regression over linear regression indicates that the influences of 
molecular structure fragments cannot be linearly combined as 
independent, 0th order contributions to conductivity and is 
instead a complex combination of physical and chemical 
interactions. This supports findings that ion transport in ionic 
liquids is strongly influenced by emergent phenomena such as 
nanostructuring, ion aggregation, and correlated ion transport 
which can all potentially vary ion transport pathways.3, 15, 16, 29, 

44, 45 For example, multiple studies report greater changes to 
nanoscale structuring in functionalized imidazolium cations 
than in functionalized pyrrolidinium cations despite being 
functionalized with identical chemical structures16, 46 suggesting 
that interactions between ionic liquid ion cores and functional 
groups are critical for describing ion coordination and are not 
independent contributions to ionic liquid chemical phenomena. 
Furthermore, the improved performance of the kernel 
regression implies that similar chemistries exhibit similar 
nanostructuring. 
Further analyzing our regression modeling, we first note that some 
ionic liquids in our dataset exhibit large predictive errors near 0 S cm2 
mol-1 across all models and representations. These predictions are 
visualized in Figure 2 and in the supplementary information in 
Figures S5-S28. These ionic liquids are mostly comprised of protic 
ionic liquids with sulfonate and carboxylate anions and exhibit weak 
conductivity-temperature scaling which likely results from ion 
neutralization. Protic ionic liquids exist in an equilibrium of charged 
and neutral species in which neutralized ions drastically reduce 

conductivity and the degree of ionization.55 Although, the extent of 
ion neutralization ranges widely and is affected by factors such as 
proton transfer and synthesis conditions.38 For example,  weak acids, 
such as amino acids used in the synthesis of 2-hydroxy-N,N,N-
trimethylethanaminium L-serinate (present in this dataset), can 
result in low degrees of ionization.38, 47, 48 The difficulties in modeling 
ion neutralization from molecular structure descriptors highlight 
opportune areas of study to improve ionic liquid computational 
descriptors and advance our understanding ionic liquid behavior.
While ionic liquids with varying degrees of ionization are a challenge 
for machine learning models in low-data regimes, removing these 
ionic liquids from our dataset does not significantly impact the 
accuracy or the learned molecular contributions of our models. Most 
protic ionic liquids ionic liquids are generally well predicted by our 
model as these behave similarly to the remaining ionic liquids in our 
dataset. However, we note that further complexities may arise for 
protic ionic liquids near the glass transition temperature and at high 
pressures, where Grotthus-type proton transport becomes non-
negligible to ion conduction.49 Overall, this domain of ionic liquid 
chemistry is a rich space for further investigation via molecular 
simulations, calculations, or experiments to refine theory and design.
Continuing the analysis of our RBF model, we can determine weights 
assigned to each functional group by bit-flip perturbation analysis. 
We pass synthetic one-hot encodings with single “bits flipped” to the 
fitted model to identify their contribution to the conductivity 
predictions. As shown in Figure 3, we find that the ionic liquid anion 
cores span a significantly larger range of contributions to molar 
conductivity compared to cation cores. This is likely due to greater 
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variability in ionic liquid anion structures.1, 2, 12, 32, 47 We find that 
flexible and charge delocalized anions have the largest positive 
influence (enhancement) on conductivity as shown by the large 
weights for conformationally flexible 4-unit chains and delocalized 
bis(sulfonyl)imide and cyanide anions, respectively. Meanwhile, alkyl 
and polar functionalization on either ion have the largest negative 
contributions (suppression) on ionic conductivity. We also observe 
that fluoroalkyl functionalization beyond fluoromethyl 
functionalization is also predicted to reduce conductivity. These 
analyses suggests that the addition of strong intermolecular 
interactions and bulky fluoroalkyl groups reduce the ionic 
conductivity of ionic liquids.

Figure 3: RBF Kernel SVM model contributions at 298 K and at 
all temperature. These weights show the modeled 
contributions of ionic liquid molecular substructures to ionic 
liquid molar conductivity. Contributions for the conductivity 
model at 298 K and all temperatures are represented as filled in 
circles and empty squares, respectively. Cation substructures 
are shown on top in blue, anion substructures are below in red, 
and model bias is shown in black. We observe that aliphatic tails 

and anion identities have the largest contributions to ionic 
conductivity.

We find that bis(sulfonyl)imide anions, cyanide anions, anions 
comprised of 4-unit aliphatic chains, and charge-delocalized 
cations (imidazolium and pyridinium) provide the greatest 
enhancing contributions to ionic liquid molar conductivity. This 
indicates that flexible, charge-delocalized ions provide the 
largest positive contributions to the ion mobility predicted by 
our model, agreeing with high conductivity observed in 
bis(trifluoromethylsulfonyl)imide, bis(fluorosulfonyl)imide, and 
cyanide-based anions.1-3, 50-53 High conductivity among ionic 
liquids containing charge-delocalized anions may result from 
weaker electrostatic interactions,16, 54 as weaker ion-ion 
interactions can reduce ion-pair aggregation and lower the 
energy barrier for ion conduction.12, 55, 56 Meanwhile, flexible, 
asymmetric anions increase accessible molecular 
conformations50, 51, 57 which alter the accessibility of certain ion 
transport pathways.3, 32, 52 In contrast, phosphonate, sulfonate, 
and carboxylate anion cores significantly suppress ionic liquid 
conductivity compared to bis(sulfonyl)imide, cyanide, and 
boride anions. This suppression is attributed to stronger 
intermolecular forces which also increase the viscosity of these 
ionic liquids and is potentially due to strong hydrogen bonding 
in phosphonate, sulfonate, and carboxylate species.1, 58

Analyzing our learned cation contributions, we observe cationic 
cores are the most enhancing cation structural fragments for 
molar conductivity as charge delocalization and steric shielding 
are critical for ionic liquid fluidity.59, 60 Overall, imidazolium, 
pyridinium, pyrrolidinium, ammonium, and triazolium cation 
cores all provide relatively enhancing contributions to 
conductivity which suggests that these common cation cores 
demonstrate similar ionic interactions and may be limited in 
opportunities for modulating ionic liquid conductivity by solely 
changing cation ion cores. 
Among the cation cores, we observe that aromatic cation cores 
with delocalized charges (imidazolium and pyridinium) exhibit a 
relatively higher contribution to conductivity than aliphatic 
cation cores with localized charges (ammonium and 
pyrrolidinium) in Figure 3. Interestingly, pyridinium remains 
significantly less studied than imidazoliums in ionic liquid 
literature despite exhibiting similar enhancing effects on ion 
transport.1 The origin of this enhanced contribution requires 
additional studies to deconvolute, however, as 2D molecular 
structure representations cannot isolate the effects of 
molecular geometry from charge delocalization for this dataset.
In particular, the SMARTS representations we developed does 
not account for conformational or steric effects which have 
been shown to affect transport in imidazolium-based and 
pyridinium-based ionic liquids.61-63 For example, 1-ethyl-2-
methylpyridinium bis(trifluoromethylsulfonyl)imide exhibits a 
molar conductivity of 0.87 S cm2 mol-1 while 1-ethyl-4-
methylpyridinium exhibits a molar conductivity of 2.06 S cm2 
mol-1 at 298 K but have identical SMARTS representations in our 
modeling. These steric effects have also been shown to arise in 
1-ethyl-2,3-methylimidazolium tetrafluoroborate compared to 
1-ethyl-3-methylimidazolium tetrafluoroborate where the 
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methylation of the 2C site changes available anion transport 
pathways around the planar cation core and decreases ion 
mobility.3, 64 Similar effects likely exist for other imidazolium-
based and pyridinium-based ionic liquids and would require 
additional data to model. 
1,2,4-triazoliums cation cores exhibit the lowest contribution to 
conductivity despite charge delocalization likely due to the 
higher Lewis acidity and stronger cation-anion interactions of 
the 1,2,4-triazolium cation core.65, 66 Other triazolium cores 
(1,3,4-triazolium and 1,2,3-triazolium) exhibit widely varied 
transport properties but are not present in this dataset.3, 66, 67

Analyzing ionic liquid functionalization, we find that increasing 
degrees of alkyl functionalization decreases conductivity for both 
cations and anions. This finding agrees with broader findings in the 
ionic liquids community, as increasingly long alkyl substituents on 
cations drive increasing degrees of nanoscale segregation into polar 
and apolar domains which correspondingly reduces ion mobility.68-70 
For cations, we find butyl functionalization contributes the largest 
decrease in conductivity for cation alkyl tails, aligning with studies 
that find butyl chains to be the shortest alkyl chains which form nano 
segregated regimes in imidazolium ionic liquids.68-72 Meanwhile, 
anion methylation provides the largest decrease in conductivity for 
anion alkyl functional groups, although studies with alkyl 
functionalized anions are limited. Our dataset contains seven unique 
alkyl functionalized anions compromising of carboxylates, 
sulfonates, and phosphates anions and methyl, ethyl, propyl, and 
tetradecyl alkyl tails. While we find that anion alkyl functionalization 
decreases ion mobility, the mechanism for phenomena is an open 
question and recommended for future study.
Negative contributions from fluorinated functional groups are 
particularly notable, as these groups are often thought to improve 
transport dynamics in typical liquids.53, 59, 73 Fluoroalkyl groups are 
highly stable and weakly-interacting chemical compounds that often 
reduce intermolecular interactions in typical liquids. Recently 
however, Brehm et al. found that  fluoroalkyl substituents on ionic 
liquids self-assemble into fluorine-rich domains which may alter ion 
transport pathways.68 Notably, these fluoroalkyl groups increase 
ionic liquid heterogeneity due to their disruption of polar and alkyl 
molecular domains which could complicate transport dynamics,3, 74 
and provides further evidence suggesting that nanoscale phase 
segregations has a suppressing influence on ionic conductivity in 
ionic liquids and is recommended for further study. For example, 
Kang, et al. reported low ionization and conductivity in 
trihexyltetradecylphosphonium octofluoropentanoate; however, 
the transport dynamics of ions in fluoros domains remains an open 
question.75

In contrast, polar functional groups remove polar-apolar 
domain separation which can improve conformational 
dynamics and reduce barriers to ion transport in ionic liquids.15, 

76 At the same time, polar groups also introduce new 
intermolecular interactions, such as hydrogen bonding and 
polar interactions which may locally stabilize ions, and reduce 
material fluidity compared to short alkyl-tail ionic liquids.59, 77 In 
agreement with many studies, we find that ionic liquids with 
polar groups exhibit higher conductivity and fluidity than alkyl-
substituted analogs, e.g. 1-(2-methoxyethyl)-3-

methyimidazolium bis(trifluoromethylsulfonyl)imide compared 
to 1-butyl-3-methylimidazolium 
bis(trifluoromethylsulfonyl)imide, as is shown by the ether and 
hydroxyl providing more positive contributions to conductivity 
than propyl and longer alkyl tails in Figure 3.78-80 However, 
polar-functionalized cation ionic liquids still remain overall less 
conductive than shorter-tail ionic liquids with fewer 
intermolecular interactions, e.g. 1-ethyl-3-methylimidazolium 
bis(trifluoromethylsulfonyl)imide,81 as is depicted by the net-
negative contributions to conductivity of ether and hydroxyl 
groups in Figure 3.
Interestingly, we observe very similar trends for cation and 
anion functional groups, likely as functional groups perform a 
similar role in disrupting the dominant electrostatic interactions 
in ionic liquids. Thus, the largest differences in cation and anion 
conductivity contributions are exhibited by the ion cores, where 
dissimilar cations cores show similar effects to conductivity and 
dissimilar anion core identity can cause large variance in 
conductivity based on core identity.
Finally, we emphasize that these results are for the conductivity 
of pure ionic liquids only and contextualize that polar and 
fluorinated functionalization may be useful in improving the 
transport of other ionic species, such as redox ions. Previous 
studies show that polar functional groups may provide new 
transport pathways for Li in polymeric ionic liquids.45, 82-84 Our 
results can contextualize these findings by showing a general 
immobilization of ionic liquid cations upon the introduction of 
polar groups. The immobilization of ionic liquid cations or 
anions through polar, alkyl, or fluorinated functionalization 
could be leveraged to improve the transference of redox 
species and is appropriate for further study.15, 32, 44, 85-90

Dimensionality Reduction.

Given the importance of nanostructuring in determining the 
behavior of ionic liquids, it is worthwhile to identify the 
convergence and divergences of chemical similarity as they 
relate to conductivity. We perform Principal covariates 
regression (PCovR) on our data set of molar conductivity at 298 
K using our custom SMARTS fragment library and compare 
against a representation created using the widely applied 
MACCS Keys fragment library. PCovR is a weighted combination 
of principal components analysis (PCA) and linear regression 
and produces a linearly decomposed latent space (similar to 
PCA) oriented to correlate with a regression target.91-93 Here, 
we visualize the linearly decomposed latent data spaces created 
by the SMARTS representation we developed and the MACCS 
Keys library with molar conductivity at 298 K as our regression 
target. Figure 4 shows the 2-dimensional projection of our ionic 
liquid database overlaid with molar conductivity at 298 K and 
highlighted with representative ionic liquids. Weights for PCov 
1 and PCov 2 are available in the supplementary information in 
Table S3.
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Figure 4: A 2-dimensional data projection of 182 ionic liquids represented by our custom SMARTS fragmentation (Top Left) and 
MACCS Keys (Top Right) onto principal covariates overlaid with ionic liquid molar conductivity at 298 K. Representative molecular 
structures are shown (Bottom) by shape and color to illustrate the chemical space mapping. Using our custom fragment 
representation, conductivity is primarily captured in the 2nd principal covariate with highly conductivity ionic liquids located at high 
2nd PCov values while the 1st PCov captures variations in ionic liquid structure which are largely irrelevant to conductivity. MACCS 
Keys, in contrast, do not produce a 2D projection which correlates with molar conductivity and gives large weights to cation 
similarity despite large differences in anion identity and molar conductivity.

We observe a strong trend between molar conductivity and the 
2nd principal covariate (PCov) using our custom SMARTS 
representation; on the other hand, no significant trend is 
observed using the MACCS Keys representation. This 
observation indicates our approach of developing a custom 

SMARTS library can be used to more easily identify trends in 
low-data regimes and indicate chemistries of similar emergent 
transport phenomena. In particular, local regions within the 
SMARTS latent space with similar structure and conductivity 
delineate ionic liquids likely accessing similar ion transport 
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mechanisms. Observing the resulting MACCS Keys latent space, 
we find the data to cluster largely by cation and anion identity 
without significant trends for conductivity or functionalization. 
To further investigate trends between molecular similarity and 
ion conduction, we visualize the SMARTS PCovR latent space 
projection by highlighting points according to cation core 
identity, cation functionalization, and anion core identity in 
Figure 5. Along PCov 2, we can identify structures which 
significantly correlate with molar conductivity; meanwhile, 

along PCov 1, we observe structural fragments which are 
structurally distinct but do not differentiate ionic liquid 
conductivity. We find that trends largely agree with our RBF 
kernel regression contributions and reaffirm that cation 
functionalization and anion core delocalization are the most 
influential structural motifs for tuning ion mobility ionic liquids. 
A visualization of the MACCS Keys PCovR latent space overlayed 
with cation identity, anion identity, and cation functionalization 
is available in the supplementary information in Figure S3.

Figure 5: 2-dimensional principal covariate data projections of 182 ionic liquids represented by our custom SMARTS fragmentation 
overlayed with molar conductivity at 298 K (Top Left), cation core identity (Top Right), cation functionalization (Bottom Left), and 
anion core identity (Bottom Right). Data clustering by cation functionalization and anion core identifies global correlations between 
structural similarity and molar conductivity.

Cation core identities are distributed across both PCov 1 and 
PCov 2 values and do not exhibit strong trends with ionic liquid 
molar conductivity. This finding indicates that each cation core 
spans across the full range of molecular structure diversity 
within this data set and that each cation core can exhibit nearly 
the complete range of observed conductivities observed. In 

other words, cation core identity does not significantly 
distinguish the chemical diversity of ionic liquid structures nor 
the resulting ion transport behavior observed in this study. This 
conclusion agrees with the similar model weights observed for 
all imidazolium, pyrrolidinium, pyridinium, ammonium, and 
triazolium cation identities in kernel SVM modeling using 
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SMARTS representations. We note that phosphonium cations 
are reported to result in high conductivity ionic liquids in 
literature, but are not widely studied enough to produce 
generalizable trends in this PCovR analysis.3, 30, 31 Overall, ionic 
liquid ion transport behaviors do not significantly depend on the 
cation core and instead are influenced by their cation 
functionalization and anion pairings.

Cation functionalization exhibits a distinct trend in our data 
projection as cations functionalized with short alkyl tails are 
located at high PCov 2 values and low PCov 1 values while 
cations functionalized with long alkyl tails are located at low 
PCov 2 values and high PCov 1 values. These trends are best 
contextualized by also considering the differentiation of anion 
identity by PCov 1. Short alkyl tail cations are generally located 
at high PCov 2  values and exhibit greater conductivities for a 
given PCov 1 value and given anion core.  This trend finds that 
conductivity generally decreases with increasing alkyl tail length 
and generalizes the commonly reported trend of decreased 
material fluidity with increasing tail length across cation and 
anion cores.1, 3, 13, 28 Polar functionalized cations are distributed 
across PCov 1 and PCov 2 but are located at lower PCov 2 values 
(and conductivities) than ethyl-functionalized cations for a 
given PCov 1 (and anion identity).

Anion core identities exhibit clustering in the PCovR data 
projection with bis(sulfonyl)imide and cyanide ionic liquids 
clustering at large PCov 1 values and sulfonate, carboxylate, 
boroanion, and other anion (halides, nitrates, phosphates, etc.) 
ionic liquids clustering at low PCov 1 values. Tetracyanoborate 
ionic liquids are also located at high PCov 1 values due to their 
cyano-group functionalization, and we note that these are 
labeled as Boroanions in Figure 3. All anion groups exhibit a 
wide range of conductivities; however, cyanide and 
bis(sulfonyl)imide anions exhibit a greater maximum 
conductivity than sulfonate, carboxylate, boroanions without 
cyanide functionalization, and other anions in this dataset. 
Cyanide anions improve conductivity the greatest and are 
located at the highest Pcov 2 values. The broader range of 
observed conductivities for dicyanamide and bis(sulfonyl)imide 
anions is attributed to the asymmetric structure and 
conformational flexibility of these anions in simulations 
studies.50, 51, 74 Carboxylate and sulfonate anions exhibit lower 
conductivity as these anions can strongly hydrogen bond and 
have stronger intermolecular interactions.3, 94

The most conductive ionic liquids are located at the highest 
PCov 2 values and consist almost entirely of cations 
functionalized with ethyl or propyl alkyl tails and cyanide, 
bis(sulfonyl)amide anions, or tetracyanoborate anions. Ethyl 
and propyl cation substituents interact weakly and do not form 

significant apolar regions in ionic liquid nanostructures.68-72 
Meanwhile, cyanide based and molecularly flexible fluorinated 
anions (such as cyanide, tetracyanoborate, and 
bis(sulfonyl)imide anions) have highly delocalized or shielded 
anion charges and exhibit high degrees of conformational 
flexibility in reported molecular dynamic simulations.2, 50, 51, 57, 74 
These similarities in molecular behavior amongst the highest 
conductivity ionic liquids suggest that weakly-interacting cation 
functionalization and low anion charge density may be a key 
combination high ion mobility in ionic liquids. In particular, this 
combination of molecular behaviors may result in similar 
material nanostructures and ion transport pathways which are 
conducive to high molar conductivities, and we recommend 
these ionic liquids for further investigations.

Regression Model Comparisons.

In addition to the RBF kernel model, we created predictive 
conductivity models using linear ridge regression, random 
forest regression, and multi-layer perceptron artificial neural 
network regression using the custom SMARTS representation, a 
MACCS Keys representation, and a MACCS Keys principal 
component latent space representation to compare the 
capabilities of molecular fragments for use in predictive 
modeling. We reduced the dimensions of the MACCS Keys 
representation to 36 dimensions using principal component 
analysis to match the dimensionality of our custom SMARTS 
representation. Shallow machine learning models created using 
our custom SMARTS representation perform better than 
models using MACCS keys at 298 K, while models using MACCS 
Keys perform slightly better when all temperatures are 
included. Reduced dimensionality MACCS Keys performed 
worse than either MACCS Keys or custom SMARTS 
representations in nearly all cases—further reinforcing the 
benefits of custom SMARTS fingerprint representations. For 
MACCS Keys and custom SMARTS representations, a neural 
network model performs best (𝑅2 ≈ 0.82 ― 0.89), followed in 
performance by an RBF kernel support vector regressor (𝑅2

≈ 0.73 ― 0.86), then random forest regression (𝑅2

≈ 0.62 ― 0.78), and finally linear ridge regression (𝑅2

≈ 0.52 ― 0.67). A comparison of model results is displayed 
below in Table 1 and Table 2. Training set metrics are in the 
supplementary information in Table S1 and Table S2 and 
training curves are in the supplementary information in Figure 
S1 and Figure S2. Parity plots for all model predictions are 
available in the supplementary information in Figures S5-S28.

Table 1. Test set coefficients of determination (R2) and root mean squared errors (RMSE) for linear ridge regression, RBF kernel 
regression, random forest regression, and multi-layer perceptron neural network  regression models employed for conductivity at 
298 K using the SMARTS representation we developed (SMARTS), MACCS Keys (MACCS), and a 36-dimension MACCS principal 
component representation (PCA MACCS). 
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Model SMARTS R2 SMARTS 
RMSE MACCS R2 MACCS 

RMSE
PCA MACCS 

R2
PCA MACCS 

RMSE

Ridge 
Regression 0.563 0.529 0.516 0.557 0.432 0.579

RBF Kernel 
Regression 0.764 0.388 0.733 0.414 0.690 0.445

Random 
Forest 
Regression

0.667 0.462 0.620 0.493 0.435 0.602

MLP Neural 
Network 0.820 0.340 0.830 0.330 0.678 0.454

Table 2. Test set coefficients of determination (R2) and root mean squared errors (RMSE) for linear ridge regression, RBF kernel 
regression, random forest regression, and multi-layer perceptron neural network  regression models employed for conductivity 
for all temperatures using the SMARTS representation we developed (SMARTS), MACCS Keys (MACCS), and a 36-dimension MACCS 
principal component representation (PCA MACCS).

Model SMARTS R2 SMARTS 
RMSE MACCS R2 MACCS 

RMSE
PCA 

MACCS R2

PCA 
MACCS 
RMSE

Ridge 
Regression 0.635 1.167 0.670 1.109 0.639 1.160

RBF Kernel 
Regression 0.838 0.778 0.863 0.715 0.838 0.777

Random 
Forest 
Regression

0.787 0.890 0.784 0.897 0.642 0.994

MLP Neural 
Network 0.848 0.751 0.888 0.647 0.863 0.715

We find that defining molecular structure by charge-resonance 
and ion functionalization according to the SMARTS 
representation we describe provides the best modeling results 
for room-temperature conductivity. These structural fragments 
better represent general ionic liquid conductivity trends in data-

limited problems than the more detailed MACCS keys 
representation. This may indicate that ion core identities 
describe the broadest trends in ion mobility in ionic liquids 
which would agree with the consensus of the ionic liquid 
electrolyte community. Additional SMARTS representations can 
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also be easily defined as additional data is collected to extend 
the fingerprint library while retaining interpretability. This 
provides ease of use for these models as a qualitative tool for 
ionic liquid design and screening.
We find that multilayer neural network models best predict 
ionic liquid conductivity using molecular fragment 
representations. The ability of neural networks to model ionic 
liquid conductivity from molecular structure agrees with 
contemporary studies.12, 14, 27, 28 In agreement with other 
machine learning studies for ionic liquids, the shortcomings of 
our model are indicative of the emergent nature of collective 
ionic liquid behavior which are not predictable from molecular 
details alone.3, 20, 25, 27 These emergent effects, such as 
nanostructuring, ionic correlations, and entropic effects, 
require experimental or simulation information to be 
considered.
Further analyzing our models, we find that prediction error 
increases while R2  also increases when temperatures beyond 
298 K are added to the dataset. Increasing the temperatures 
represented in our dataset increases the range of observed 
conductivities and adds more variations in our data for our 
regressions to model. While the positive correlation between 
temperature and conductivity is easily learned by all the 
regression techniques tested, the absolute error of predictions 
increases as relative errors scale with the predicted conductivity 
range. This indicates that changes to conductivity from 
temperature are not captured perfectly and compound upon 
the error of property-structure modeling. In fact, previous 
studies from our group and others indicate that temperature-
conductivity scaling follows non-classical behavior.12-14, 82, 95 This 
again iterates that ionic liquid conductivity is not easily 
described by temperature and structure, and advancements in 
machine learning modeling require additional novel 
information.

Conclusions
In this study we develop an ionic liquid SMARTS fragment data 
representation to improve the accuracy of regression models in 
low-data problems and identify structure-conductivity 
relationships. This new representation explicitly captures steric 
shielding and charge delocalization which is essential for 
modeling the dominant electrostatic interactions in ionic 
liquids. We further defined common ionic liquid 
functionalization to represent apolar, polar, and fluorine 
interactions within ionic liquids with reported experimental 
conductivity measurements. The final fragment representation 
identified 36 relevant ionic liquid structure fragments that we 
used in an RBF kernel regression to further analyze model 
weights and identify significant structure-conductivity trends. 

We observe ionic liquid anion core identity and cation 
functionalization have more significant roles in determining 
ionic liquid conductivity than ionic liquid cation core identity. 
This is likely due to the greater variations in anion chemical 
structures and significant impacts of cation functionalization on 
ionic liquid nanostructure. Notably, we find that any substantial 
cation or anion functionalization (polar groups, 4C hydrocarbon 

tails, 2C fluorocarbon tails) decreases ion mobility as these 
functional groups can introduce additional intermolecular 
interactions and drive the formation of nanoscale segregation 
into ionic and non-ionic domains which likely increases energy 
penalties associated with fluid reorganization. Formation of 
nanoscale domains may be beneficial in ionic liquid mixtures, 
however, such as lithium and ionic liquids mixtures for example, 
where Li and ionic liquid cations are in competition for anion 
pairing and preferential mobilization of specific ionic species is 
desirable. 

We further analyze our ionic liquid dataset by using PCovR 
to create a 2D projection of our data to find that PCov 2 captures 
a majority of the conductivity trend we unveil. The learned PCov 
weights are strong agreement with our RBF kernel regression, 
and our PCovR analysis identifies anion delocalization and 
cation alkyl functionalization as the dominant variations in ionic 
liquid molecular structures and the most deterministic 
structural motifs for ion conductivity. Analyzing the 2nd PCov, 
we identify structures which are structurally distinct yet have 
similarly low molar conductivity as well as common structural 
trends in the most conductive ionic liquids. We particularly 
identify weakly interacting cation functionalization and high-
degrees of anion conformational flexibility, such as in  as 1-
ethyl-3-methylimidazolium dicyanamide, as an especially 
prevalent molecular motifs among the most conductive ionic 
liquids. This common motif may indicate similarities among 
these ionic liquids’ nanostructure or transport mechanism and 
is an interesting point of further study.
Finally, we compare the accuracy of various regression methods 
and find that our fragment-based representation performs best 
for our low-data problem of predicting ionic liquid conductivity 
at 298 K. With only 182 ionic liquids and measurements, our 
SMARTS representation simplified model inputs for 
interpretable, shallow modeling. Overall, however, neural 
networks performed best for regressing conductivity at 298 K or 
all temperatures as these neural networks could better model 
the complex interactions in ionic liquid materials which 
contribute to ionic conductivity. In all models, however, we find 
persistent prediction errors that arise from an inability to 
represent proton transfer, steric effects, and conformational 
effects, and we conclude that additional material information 
will likely be needed to further improve conductivity prediction 
accuracies. In summary, we show how domain expertise in ionic 
liquids can be applied to data science techniques to improve 
data utilization and model insights in a data-limited 
investigation.

Methodology
Data Processing

Experimentally reported absolute conductivities and densities 
were collected from ILThermo v2.0 for 182 ionic liquids.36 As 
established in prior work,12, 13 molar conductivities are 
calculated by normalizing experimentally reported absolute 
conductivities by the ion concentration of the ionic liquid via the 
molecular weight and density as shown here:
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Λ𝑒𝑥𝑝 =
𝜆
𝐶 =

𝜆 ⋅ 𝑀𝑤

𝜌

Where 𝜆 is absolute conductivity, 𝐶 is concentration, 𝑀𝑤 is 
molecular weight, 𝜌 is density, and Λ𝑒𝑥𝑝 is the resulting molar 
conductivity. Absolute conductivities and densities are 
collected from the same study for each ionic liquid.

Ionic Liquid Fragmentation

We created one-hot encoded molecular fingerprints for each 
ionic liquid using SMARTS substructure matching to index the 
presence of molecular structure and their subsequent 
intermolecular interactions. Our SMARTS were defined to 
represent four major interaction types present in ionic liquids: 
electrostatic, non-polar, polar, and fluoroalkyl. Electrostatic 
SMARTS were defined by isolating the charge-carrying 
structures within the cationic and anionic species of the ionic 
liquids in our dataset. These were defined by the atoms and 
bonds that access the ions’ formal charge via resonance. 
Symmetric resonance structures were not explicitly defined, as 
our SMARTS were not written to distinguish between 
stereoisomers. 
Polar groups were defined as neutral functional groups 
containing oxygen or nitrogen. Non-polar groups were defined 
as neutral groups solely composed of carbon and hydrogen, 
including 5- and 6-membered aromatic rings and several 
aliphatic chain lengths. Fluorinated groups were defined as 
fluorocarbon aliphatic chains. These groups were defined 
separately from polar and nonpolar groups due to the 
significant differences in chemical and physical properties 
between fluorocarbon and hydrocarbon functional groups. The 
high frequency of anionic species that contain fluorine in our 
ionic liquid database further prompted us to define fluorinated 
groups separately. In particular, the formation of flouring-rich 
regimes in some ionic liquids is indicative of a separate, distinct 
phenomena.68

Ionic Liquid Featurization

Substructure matching was used to index SMARTS structures for 
each ionic liquid to create a matrix of ILs and SMARTS 
substructures. Each matrix column represents a specific 
SMARTS key, and each row represents an ionic liquid sample. A 
matrix element entry of 1 indicates the presence of a SMARTS 
structure in a specified ionic liquid for the respective column 
and row of the entry. 0 indicates the absence of the structure in 
the ionic liquid. An example visualization of the resulting matrix 
is available in the supplementary information in Figure S4.
 A matrix was created for all ionic liquids with molar 
conductivity at 298 K for our isothermal studies. Any 
substructure appearing fewer than 4 times or greater than 179 
times for our 182 ionic liquids were removed during regressions 
to reduce overfitting and simplify our analysis. Matrices were 
prepared for the cationic and anionic SMARTS keys separately 
before being concatenated together to form a final binary 
matrix for a given dataset of ionic liquids, which was used for 
training and testing machine learning models. For temperature-

dependent analyses, the temperature of each ionic liquid in the 
database was concatenated into the final column of the existing 
bit matrix for additional analysis, ranging from 273 K to 373 K, 
and additional ionic liquids, missing property reporting at 298 K, 
were added to the dataset.

Conductivity Regressions

Ionic liquid molar conductivity was regressed using linear 
support vector machines, radial basis function kernel support 
vector machines, random forests, and neural networks via Sci-
Kit Learn libraries. We implemented 10-fold cross validation to 
report model performance and conduct hyperparameter 
tuning. During 10-fold cross validation, the dataset was split 
into 10 random sets according to the ionic liquid compound 
names to ensure the same ionic liquid at varied temperatures 
does not appear in both the training and test set for a given 
split. This provided a prediction value for each data point in the 
presented regression plots, and values reported here are for the 
test set performances. Training set performances can be found 
in the supplementary information.
Support vector machine regressions were created to model 
ionic liquid conductivity using our ionic liquid molecular 
fingerprints and investigate global substructure contributions to 
conductivity. RBF kernel regression weights were analyzed to 
determine the group’s contributions to ionic liquid transport 
properties when allowing for local fitting. We extract individual 
substructure weights from the RBF kernel regression by 
predicting the conductivity of a vector with only a single 
substructure descriptor for each substructure defined.
Random forest and neural network regression models were 
created using the sci-kit learn library for comparison to the 
linear regression models. Hyperparameters for these models 
were tuned to minimize  10-fold cross validated mean squared 
error (MSE). A random forest was used to investigate the fit of 
logic-based decision trees on our one-hot encoded molecular 
representation and determine the continuity of contributions to 
conductivity from molecular motifs. We used a multilayer 
perceptron (MLP) artificial neural network to capture nonlinear 
interactions between the defined intramolecular ionic liquid 
functional groups and observe the effects of increased model 
complexity.

Model Evaluation

Root Mean Squared (RMSE)

𝑅𝑀𝑆𝐸 =
1
𝑛

𝑛

𝑖
(Ρ𝑖 ― Ρ𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑,𝑖)2

and Error and coefficient of determination (R2) 

𝑅2 = 1 ―
∑𝑖 (Ρ𝑖 ― Ρ𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑,𝑖)2

∑𝑖 (Ρ𝑖 ― 1
𝑛 ∑𝑛

𝑖 Ρ𝑖 )
2

were used to evaluate model performance. Pi is the target 
value, Ppredicted,i is the model prediction, and n is the total 
number of data points.

Dimensionality Reduction
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Principal Covariates Regression is utilized using Sci-Kit 
Matter91 to identify prominent ionic liquid profiles which are 
most informative for ionic liquid conductivity regressions. Ionic 
liquid conductivity is regressed using our one-hot encoded 
molecular representation while our data’s dimensionality is 
simultaneously reduced by 2-dimensional principal 
components analysis to best model conductivity.92, 93 The 
resulting principal covariates are analyzed to identify the most 
significant ionic liquid molecular fragment profiles for 
conductivity modeling. 
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Data and analysis scripts used in this publication are available as open-source code on the Zavalab public 
repository:
https://github.com/zavalab/ML/tree/master/IonicLiquids_SMARTS.
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