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viation from Nernst–Einstein
conductivity in ionic liquids using machine learning

Aditi Seshadri, a Lyndon T. M. Hess b and Shuwen Yue *a

Ionic liquids (ILs) are promising candidates for safer battery electrolytes due to their low flammability, but

their low ionic conductivity constrains battery performance. Given the large chemical space of potential

ILs, machine learning (ML) approaches are essential for accelerated screening. However, previous studies

have shown that ML models trained on common computational descriptors to predict molar ionic

conductivity have accuracies comparable to the Nernst–Einstein equation [Umaña, Cashen, Zavala and

Gebbie, Digital Discovery, 2025, 4, 1423–1436]. Furthermore, experimental measurements show that the

ionic conductivity of many ILs deviates substantially from that predicted by the Nernst–Einstein equation.

While several mechanisms have been proposed, the structural origins of these deviations are not well

understood. In this study, we develop ML models to predict the deviation of the ionic conductivity of ILs

from Nernst–Einstein behavior using charge-based descriptors for individual ions. We observed that ML

models trained using a smaller set of sigma profile-based descriptors had similar performance to those

trained using RDKit cheminformatic descriptors. Additionally, we found that models trained to predict

this deviation could serve as a correction factor to the Nernst–Einstein equation and resulted in more

accurate conductivity predictions compared to models that were designed to directly predict the molar

ionic conductivity of ILs. We applied feature importance rankings to gain insight into model predictions

and identified features relating to the cation alkyl chain length and the cation and anion polarity as being

influential.
1 Introduction

Ionic liquids (ILs) are considered safer alternatives to organic
battery electrolytes due to their thermal stability and low am-
mability. However, their widespread use is limited by the fact
that many ILs have a low ionic conductivity, which constrains
the battery charge/discharge rates.2–4 Due to the large chemical
space of potential ILs, it is impractical to rely solely on experi-
mental methods for tackling this problem.5 In recent years,
machine learning (ML) models have bridged this gap and been
used to predict properties of ILs, including their viscosity,
melting point, and ionic conductivity in a computationally
efficient manner.1,6–12

Despite these advances, accurately predicting ionic conduc-
tivity remains challenging because conductivity depends not
only on molecular structure, but also on temperature, ion–ion
correlations, and collective transport mechanisms that are not
easily captured by generic molecular descriptors.

Multiple studies have trained ML models to predict the ionic
conductivity of ILs.1,8–10,12–15 However, recently, Umaña et al.1
olecular Engineering, Cornell University,

@cornell.edu

Biology, Cornell University, Ithaca, NY

the Royal Society of Chemistry
found that ML models trained solely on RDKit cheminformatic
descriptors had accuracies comparable to the Nernst–Einstein
equation, and that an Arrhenius-type t to conductivity data led
to a greater accuracy. This result suggests that generic chem-
informatic descriptors cannot fully capture the physics of ion
transport, which is better described by thermally activated
processes and electrostatic interactions. The study also showed
that deviations from Nernst–Einstein behavior are particularly
challenging to model with such descriptors and suggests the
need for physically motivated features that encode charge
distribution effects.

The Nernst–Einstein equation (eqn (1)) can be used to esti-
mate ionic conductivity and assumes ions move independently
and neglects ion–ion interactions. While this equation is useful
in screening chemical systems, the experimentally measured
ionic conductivity of ILs oen deviates from that estimated
using the Nernst–Einstein equation.1,13,16 Fig. 1 shows that while
some ILs follow Nernst–Einstein behavior, many exhibit large
systematic deviations that cannot be explained by independent-
ion transport. This deviation can be expressed as the ratio of the
measured molar ionic conductivity (s) and the Nernst–Einstein
conductivity (sNE), and has been referred to in the literature as
ionicity, the inverse Haven ratio, and the Nernst–Einstein ratio
(eqn (2)).1,13,17,18 Additionally, the ratio s/sNE, which we shall
refer to as ionicity aer this point, is thought to encode
Digital Discovery, 2026, 5, 1709–1717 | 1709
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Fig. 1 Comparison between molar ionic conductivities estimated
using the Nernst–Einstein equation and experimentally measured
molar ionic conductivities for all ILs in this study. For some ILs, the
Nernst–Einstein equation is a reasonable approximation (corre-
sponding to points along the ideal y= x dashed line) and in other cases,
it is not. Each data point corresponds to a specific IL at a given
temperature and pressure. Experimental data were obtained from the
NIST ILThermo dataset (Section 2.1)23,24
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information relating to the extent of ion dissociation, charge
transfer, correlated ion motion, and presence of alternative ion
transport mechanisms.1,13,16,17,19–22 Although the term ionicity
has been used as a measure of the extent of ion dissociation,
one limitation of this denition is that the meaning of ionicity
values above one, which has been observed for some ILs, is
unclear.13,17,18 In this study, our use of the term ionicity is in
reference to its mathematical denition given in eqn (2) and can
encompass multiple interpretations of why ILs deviate from
Nernst–Einstein behavior, including ion dissociation, charge
transfer effects, and correlated ionmotion. Being able to predict
when an IL will deviate fromNernst–Einstein behavior and what
molecular features drive this deviation can provide insight into
ion transport, indicate when additional measurements are
needed for accurate molar conductivity estimates, and ulti-
mately guide the accelerated design of high-performance ILs.

Cashen et al.13 built a linear model trained on experimental
and computational descriptors to predict ionicity, and they
identied density, molar concentration, and ion geometry as
inuential features. In addition to Nernst–Einstein based de-
nitions, ionicity has also been estimated empirically using
Walden plots, which relate conductivity to reciprocal viscosity
and classify ILs relative to a dilute KCl reference line.17,18,25,26

Makarov et al.27 built ML models to classify “high” and “low”
ionicity ILs using Walden plots.27 However, some limitations
with the Walden plot approach relate to it being empirical and
that the KCl reference has been found to be non-ideal.13,17,18,28
1710 | Digital Discovery, 2026, 5, 1709–1717
Although the inuence of charge transfer on the ionicity of
ILs has been investigated from a theoretical perspective, these
studies are difficult to integrate into a high-throughput
screening workow.19,20,22 Computing partial charges or other
quantum mechanical properties related to ion–ion interactions
in ILs is computationally expensive and sensitive to the theo-
retical approach used.19,22 Thus, we explore whether a MLmodel
can learn information intrinsic to the IL (i.e. cation–anion pair)
from sigma prole-based descriptors for isolated individual
ions, which are relatively inexpensive to compute but encode
polarity and charge distribution features that could indirectly
inform ion–ion interactions. Past studies have found that ML
models trained on individual ion properties, rather than the
combined ion pair, could predict IL melting points.11

Sigma proles describe the surface charge density of
a molecule and have been used to predict IL properties,
including viscosity, ionic conductivity, and melting
point.6,7,10–12,29–31 Oen in ML studies, descriptors are derived
from the area under the sigma prole curve in various
regions.6,10,12,32 These regions can be grouped into positive
polarity (s < −0.082e/Å2), negative polarity (s > 0.082e/Å2), and
nonpolarizable (s ˛ (−0.082e/Å2, 0.082e/Å2)) domains
(Fig. 2a).33 Additional interpretable descriptors can be derived
from the sigma prole that quantify properties such as the
extent of charge delocalization in cations and anions, polarity,
and strength of hydrogen-bonding interactions.34–36

In this study, we evaluate whether sigma prole-derived
descriptors can be used in ML models to predict ionicity and,
through feature-importance analysis, identify which ion prop-
erties may govern deviations from Nernst–Einstein behavior. By
focusing on ionicity rather than conductivity, our goal is not
only to improve prediction but also to extract interpretable
chemical insights that can accelerate IL design.

To the best of our knowledge, this is the rst study to apply
sigma prole-derived descriptors to predict ionicity in ILs,
thereby linking these quantummechanical-based descriptors to
deviations from ideal transport.

2 Methods
2.1 ILThermo dataset preprocessing

We trained ML models to predict both the ionicity and molar
conductivity of ILs using data from the NIST ILThermo data-
set.23,24 This database contains experimental measurements of
density, viscosity, and electrical (ionic) conductivity of pure,
single-component ILs at different temperatures and pressures.
The ILThermoPy Python package was used to interface with the
NIST ILThermo dataset and obtain SMILES strings for each IL.37

We applied a multi-step data cleaning and preprocessing
procedure based on workows developed in earlier studies that
extracted consistent subsets of data from the NIST ILThermo
database for machine learning and structure-property anal-
ysis.1,8,17 We rst removed data points where the IL was not in
the liquid phase or the temperature and/or pressure conditions
for the conductivity, viscosity, and density measurements were
not provided. Additionally, we excluded entries where the
pressure was outside the atmospheric pressure range (101.325
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 (a) Example sigma profile for 1-ethyl-3-methylimidazolium
tetrafluoroborate highlighting the positive polarity (blue), nonpolariz-
able (gray), and negative polarity (orange) regions. From these profiles,
we derived various descriptors (Si, Mi, and WAPS/WANS) as outlined in
methods and SI S3. (b) Average MAE on the validation set from 5-fold
cross-validation for linear models with L1 regularization and XGBoost
models trained to predict molar conductivity and ionicity. Results are
compared to a dummy regressor that always returned the mean of the
training set (for molar conductivity, models were trained on log(con-
ductivity) and the dummy regressor returned the mean(-
log(conductivity)); for predicting ionicity, no log transformation was
applied).
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± 5 kPa). When multiple experimental values existed for the
same IL at the same thermodynamic conditions, we discarded
measurements with reported uncertainties greater than 15% or
with values that deviated by more than 15% from the mean. If
multiple entries still remained, we kept the result with the
lowest reported uncertainty. Lastly, any outlier ILs that con-
tained transition metals or had an estimated ionicity above 10
were removed (SI S2). Aer preprocessing, the dataset contained
337 unique ILs and 2936 total data points at different temper-
atures and pressures.
© 2026 The Author(s). Published by the Royal Society of Chemistry
2.2 Ionicity estimation

The Nernst–Einstein equation (eqn (1)) assumes integer charges
on the ions and does not account for ion–ion
interactions.1,13,17,19

sNE ¼ ðNAe
2Þ

ðkBTÞ
�
vþzþ

2Dþ þ v�z�
2D�

�
(1)

where NA is the Avogadro's number, e is the elementary charge,
vi is the stoichiometric coefficient for the cation (v+) or anion
(v−), zi is the charge on the cation (z+) or anion (z−), and Di is the
self-diffusivity of the cation (D+) or anion (D−).

Ionicity is dened as the ratio of the measured molar
conductivity (s) to that estimated using the Nernst–Einstein
equation (sNE).

I ¼ s

sNE

(2)

As self-diffusivity data was not directly available for some
cations and anions in the NIST ILThermo database, the Nernst–
Einstein conductivity of every IL was estimated using the
Stokes–Einstein equation and viscosity data (eqn (3)).1,13,17,38

sNE ¼ NAe
2

6ph

�
vþzþ2

rþ
þ v�z�2

r�

�
(3)

where NA is Avogadro's number, e corresponds to the elemen-
tary charge, vi is the stoichiometric coefficient of the cation (v+)
or anion (v−), zi is the charge of the cation (z+) or anion (z−), h is
the viscosity of the IL and ri is the hydrodynamic radius of the
cation (r+) or anion (r−).

In order to calculate the Nernst–Einstein conductivity using
eqn (3), the ion radii need to be estimated. Aer comparing
different approaches for estimating the cation and anion radii,
we selected the ratio of the ion volume to surface area (SI S2.2).
To obtain these quantities, we rst conducted geometry opti-
mizations of the ions using the MMFF94 force eld and then
estimated the ion volumes and surface areas using the RDKit
cheminformatics package.39 Additional details regarding the
ionic radii estimation methods compared can be found in SI
S2.2.
2.3 Descriptor calculation

As it is not known a priori if a given IL will deviate from the
Nernst–Einstein behavior, we aimed to build ML models that
could (a.) predict the ionicity of ILs and (b.) be used to identify
molecular features that are important in predicting IL ionicity.
Thus, we chose features that were (a.) computationally acces-
sible and compatible with a high-throughput screening work-
ow, and (b.) interpretable and examined the hypothesis that
charge-based descriptors are sufficient for predicting ionicity.
Sigma proles were calculated for each cation and anion sepa-
rately using openCOSMO-RS and ORCA.40,41 To obtain more
interpretable descriptors from the sigma proles, the zeroth,
rst, second, and third moments of the sigma prole, which
relate to the ion surface area, charge, polarity, and skewness of
the sigma prole, were calculated.36,40 Also, the anion weighted
Digital Discovery, 2026, 5, 1709–1717 | 1711
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average positive sigma (WAPS) and cation weighted average
negative sigma (WANS) were calculated. These descriptors have
been proposed to quantify the anion and cation charge locali-
zation.34,35 Lastly, the area under the sigma prole curve over
eight different intervals was calculated. Additional details
regarding the sigma prole descriptors can be found in SI S3.
2.4 Machine learning model development

Due to the small size of the dataset, as well as the aim of
developing interpretable models, traditional ML models (i.e.
linear and decision tree-based models) were used rather than
deep learning approaches.42 To identify the optimal model
hyperparameters, 5-fold cross-validation was used. During the
cross-validation procedure, only the training dataset (90% of
the entire dataset) was used for training and evaluating the
model. The training dataset was divided into ve sets. For each
hyperparameter choice, models were trained on different
combinations of four of these sets (80% of the training dataset)
and then evaluated on the remaining h set (20% of the
training dataset). For the linear models, the regularization
strength was varied, and for the decision tree-based models,
hyperparameters corresponding to the maximum depth and
number of estimators were varied. Based on the cross-validation
performance of the regularized linear models (with L1 or L2
regularization) and decision tree-based models (random forest
or XGBoost), we selected linear models with L1 regularization
(hereaer referred to as linear L1 models) and XGBoost models
for further study.43

The optimal regularization strength for the linear L1 models
ranged from 0.0001 to 0.01 depending on the prediction task
(molar conductivity or ionicity) and the input set of descriptors
(area under the cation and anion sigma prole curves (Si)
descriptors, RDKit descriptors, etc.) to the model (SI S4, Tables
S3 & S5). These optimal regularization strengths fall within the
range of values tested for the linear L1 models, 10−6 to 1050. For
the XGBoost models, the maximum depth values tested ranged
from [1, 40] and the number of estimators ranged from [1,
1000]. When predicting ionicity, the optimal XGBoost models
had a maximum depth between 8 and 23 along with the number
of estimators ranging from 70 to 160 (SI S4, Table S6). For molar
conductivity prediction, the optimal number of estimators in
the XGBoost models were generally greater than those used
when predicting ionicity (optimal values ranging from 720 to
1000), while the optimal maximum depth values ranged from 3
to 13 (SI S4, Table S4). The optimal hyperparameter choices for
each input descriptor set and prediction task for the linear L1
and XGBoost models can be found in the SI S4.

All features were scaled to fall within a range of zero and one
using scikit-learn's MinMaxScaler, and highly correlated
features (jcorrelation coefficientj $ 0.9) were removed.44 The
dataset was split such that 90% of the data was used for training
the models and 10% was used for the test set. It was also
ensured that no IL was present in both the training and test
datasets.

The ML model performance using sigma proles and sigma
prole-derived descriptors were compared to a baseline model
1712 | Digital Discovery, 2026, 5, 1709–1717
trained using RDKit descriptors, a common set of chem-
informatic descriptors, that were derived from the 2D ion
structures.39 In every input feature set, the temperature and
pressure were included. All ML models were also compared to
a dummy regressor model that outputted the mean of the
training data. Additional details regarding the machine
learning model development can be found in the SI S4.
2.5 Feature importance analysis

To gain insight into the IL-ionicity relationship, different
feature importance analysis methods were compared. We
focused on the linear L1 models as they were less prone to
overtting. The three feature analysis methods were: (1)
analyzing the coefficients from the linear model, (2) permuta-
tion feature importance rankings, and (3) SHAP values.45 The
implementation of permutation feature importance in scikit-
learn was used in this work, with nrepeats (the number of times
the values of a given feature are permuted) set to 10.44 By
comparing multiple feature importance methods, we can over-
come some of the potential limitations associated with each
method.We also grouped ILs by cation families (SI S2.1) and the
longest alkyl chain length in the cation to identify trends
relating to the impact of each feature on the overall ionicity or
molar conductivity of an IL in that group.
3 Results and discussion
3.1 Models trained using charge-based descriptors perform
as well as those trained using 2D cheminformatic features

We rst compared the linear L1 and XGBoost model perfor-
mance from 5-fold cross-validation across different input
descriptor sets (Fig. 2b, SI S6.1). Although the XGBoost model
had a lower mean absolute error (MAE), it also exhibited
a greater degree of overtting, with larger train-test discrep-
ancies (SI S6.1). On the test set, the linear L1 model was slightly
less accurate but appeared to be more generalizable (i.e. similar
performance between train and test sets) (SI S6.1). For this
reason, we use the linear L1 model for all further analyses.

The models trained on sigma prole-based descriptors per-
formed comparably to those trained on the initially larger set of
RDKit cheminformatic descriptors for both ionicity and molar
conductivity prediction (Fig. 2, SI S6.1). This nding is notable
because the sigma prole-based descriptors are a compact,
physically grounded descriptor set derived from the cation and
anion charge distributions, whereas the RDKit descriptors used
represent cheminformatic features spanning a range of physi-
cochemical properties, fragment counts, and topological
indices from 2D structures.39

Although the initial RDKit descriptor set (153 RDKit
descriptors in addition to temperature and pressure) used to
train the models is much greater than the number of sigma
prole-related descriptors (ex: 15 Si or area under the sigma
prole curve descriptors in addition to temperature and pres-
sure), the number of descriptors with nonzero coefficients for
the linear models with L1 regularization was much lower.
Specically, for the linear L1 models trained to predict ionicity,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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there were 46 descriptors with nonzero coefficients when the
RDKit input descriptor set was used and 16 descriptors with
nonzero coefficients when the Si input descriptor set was used.
For molar conductivity prediction, there were 17 descriptors
with nonzero coefficients when the RDKit input descriptor set
was used and 12 descriptors with nonzero coefficients when the
Si input descriptor set was used (SI S4, Tables S7 & S8). Despite
the fact that the nal number of descriptors with nonzero
coefficients in the linear models are of similar orders of
magnitude for the RDKit and sigma-prole based sets, the
interpretability of many of the RDKit descriptors with nonzero
coefficients is less clear. Some RDKit descriptors, such as the
number of benzene rings, are easily interpretable in the context
of the chemical structure of the IL cations and anions. However,
with many other RDKit descriptors, such as those that relate to
atomic contributions to molar refractivity (SMR_VSA descrip-
tors), it is more difficult to interpret their relation to the
chemical structure.46

The fact that the RDKit and sigma prole-based descriptor
sets yielded models with similar predictive accuracy suggests
that much of the relevant information for transport properties
may be encoded in charge-related features rather than 2D
topological or fragment-based structural descriptors. From
a practical standpoint, this means that sigma proles can
replace a larger, and potentially more redundant feature set
with a small number of interpretable, physically meaningful
quantities without having to apply extensive feature selection.
Their connection to ion polarity and charge localization also
provides a more direct link to the molecular origins of devia-
tions from Nernst–Einstein behavior, while still being efficient
enough for high-throughput screening.
Fig. 3 (a) Feature importance rankings based on linear L1 model
coefficients, permutation feature importance (train and test sets), and
mean SHAP values (train and test sets) for the top three features across
all methods. (b) Correlation between the cation S5 descriptor (area
under the sigma profile curve in half of the nonpolarizable region of
the sigma profile) and the longest alkyl chain in the cation.
3.2 Cation nonpolar surface area and anion H-bond acceptor
strength dominate feature importance

We next examined which of the sigma prole-based descriptors
most strongly inuence ionicity predictions. Aer comparing
the results from different feature importance methods (linear
model coefficients, permutation feature importance rankings,
and mean SHAP values), we focused on the descriptors that
consistently appeared near the top of the rankings across all
methods (Fig. 3, SI S7). Focusing on the consensus of these
feature importance rankings increases our condence in iden-
tifying robust trends in the data.

Among the Si descriptors, the cation S5 descriptor emerged
as the strongest predictor of ionicity. By denition, S5 quanties
the area of the sigma prole curve in half of the nonpolarizable
region and relates to the cation nonpolar surface area.
Furthermore, greater cation S5 values tend to result in lower
ionicity and conductivity predictions, as indicated by the
negative linear model coefficient and mean SHAP value for this
descriptor. This trend is physically intuitive – expanded
nonpolar surface area introduces nonpolar domains that
disrupt the continuity of ionic transport pathways. To further
interpret this trend, we examined structural correlations and
found that the cation S5 descriptor scales with the length of the
longest alkyl chain in the cation (Fig. 3b). This observed trend is
© 2026 The Author(s). Published by the Royal Society of Chemistry
consistent with past experimental studies showing that
increasing the alkyl chain length of the cation tends to lead to
a decrease in the ionicity and molar conductivity of ILs.13,17,18

Aer the cation nonpolar surface area, the anion hydrogen
bond acceptor strength also emerged as an important feature.
The anion S7 descriptor, which measures the area of the sigma
prole in the negative polarity region corresponding to stronger
hydrogen bond acceptors, frequently appeared among the top-
ranked features (SI S7). To further interpret this observation,
we examined trends within specic cation families. We found
that for the ammonium cation family, ILs with higher anion S7
values and lower cation S5 values tended to have a lower ionicity
(Fig. 4, SI S7). This result suggests that for ammonium ILs,
strongly hydrogen bond-accepting anions may promote ion
association and correlated motion, which could enhance devi-
ations from Nernst–Einstein behavior. Since the dataset
contains more ammonium ILs with high rather than low
ionicity, the generalizability of this trend remains uncertain (SI
Digital Discovery, 2026, 5, 1709–1717 | 1713
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Fig. 4 Relationship between the cation S5 descriptor (capturing
nonpolarizable surface area) and the anion S7 descriptor (relative H-
bond acceptor strength) for ammonium-based ILs. Each point
corresponds to an individual IL at a given temperature and pressure
and is colored by ionicity.
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S7). Additionally, there exists some unexplored parameter space
with regards to the anions paired with ammonium ILs, as
highlighted by the fewer number of ILs with anion S7 values
between approximately 0.01 and 0.02 (Fig. 4, SI S7). Designing
ILs with anions with these intermediate hydrogen bond-
accepting strengths would provide more insight into this
observed trend. Although this relationship between ionicity and
the cation S5 and anion S7 descriptors was not observed for
imidazolium-based ILs (SI S7), future work studying other
cation families will be needed to determine whether similar
interactions emerge across the chemical space of ILs.

While the Si descriptors capture how much the ion surface
charge falls into nonpolar or polar regions, they may miss
global features of the charge distribution. To evaluate the
inuence of such descriptors on ionicity predictions, we trained
models using sigma prole moments (Mi) and charge localiza-
tion metrics (WAPS/WANS) (SI S3). The moments relate to the
ion surface area (M0), ion charge (M1), ion polarity (M2), and
sigma prole skewness (M3).36,40 The cation and anion M2

descriptors, in particular, consistently appeared as important
predictors. Furthermore, based on the sign of the linear model
coefficients and SHAP values for these descriptors, a greater
cation or anion polarity (larger M2 values) may lead to lower
ionicity predictions. This result is consistent with the idea that
ILs with highly polar ions may have stronger Lewis acid-base
interactions and greater ion–ion correlations. Stronger ion
correlations can lead to a greater deviation of the IL ionic
conductivity from ideal Nernst–Einstein behavior and a lower
ionicity.17,18

The anion WAPS and cation WANS descriptors were used in
this study to quantify the extent of charge localization,34,35 and
the cation WANS descriptor occasionally emerged among the
1714 | Digital Discovery, 2026, 5, 1709–1717
top features (SI S7, Fig. S17). This result suggests that cation
charge localization may contribute to deviations from Nernst–
Einstein behavior. Interestingly, although both the anion WAPS
and cation WANS descriptors have been proposed as a measure
of the charge localization on the ion, and were hypothesized to
be important in predicting ionicity, only the cation WANS
descriptor appears among the top inuential features. However,
there could be a nonlinear relationship between these
descriptors and ionicity, and such a relationship would not be
captured by the linear model.
3.3 Additional feature relationships and functional group
analysis

Temperature was among the top features in the feature
importance rankings, consistent with the well known impact on
ionic conductivity, though its inuence was less pronounced for
ionicity (SI S7). This result is expected, as the temperature
dependence of conductivity is oen captured by the Vogel–
Tammann–Fulcher relationship, which links log(conductivity)
to inverse temperature.47,48 In addition, temperature is directly
coupled to diffusion and viscosity, both of which correlated with
ionic conductivity.49,50 Compared to the conductivity prediction
models, temperature was less inuential when predicting
ionicity. This weaker effect can be rationalized by the denition
of ionicity as a ratio, where both the measured molar conduc-
tivity and the Nernst–Einstein conductivity vary with tempera-
ture, hence much of the dependence cancels out (eqn (2)).

To evaluate collinearity, variance ination factors (VIFs) for
the Si (area under the sigma prole curve) and the Mi, WAPS,
WANS descriptors that had nonzero coefficients in the optimal
linear L1 models used to predict ionicity or molar ionic
conductivity were calculated (SI S9). In this analysis, we
considered VIF values above 10 to indicate a large amount of
collinearity.51 There did not appear to be a large amount of
collinearity present in the set of descriptors used in the optimal
linear L1 models for predicting molar ionic conductivity (i.e. no
VIF values above 10). However, there was a large amount of
collinearity among the descriptors that were used in the optimal
linear L1 models for predicting ionicity. Specically, the anion
S6, anion S7 (Si descriptor set), and the cationM3, cationM2, and
cation MHB,acceptor (Mi, WAPS, WANS descriptor set) descriptors
had VIF values above 10. The presence of collinearity indicates
that there may be additional inuential descriptors in predict-
ing ionicity that were not identied in the feature importance
analysis conducted in this study. Future work is recommended
to investigate the impact of the removal of descriptors based on
their VIF values on ionicity model performance and feature
importance rankings.

To probe whether specic chemistries were common in high
(above 1.1) or low (below 0.9) ionicity ILs, we analyzed func-
tional group combinations across the dataset (SI S8). A Tani-
moto similarity test using functional group ngerprints showed
that ILs with high ionicity (0.6 ± 0.2) and low ionicity (0.5 ± 0.2)
were no more structurally similar to each other than the full
dataset as a whole (0.6± 0.2).52 However, we did observe that ILs
with a carboxylate anion paired with a nitrogen-based cation
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00414d


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

9 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

2/
20

26
 9

:4
5:

32
 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
nearly always had a low ionicity. As most ILs in this dataset
belong to the imidazolium family and thus have a nitrogen-
containing cation, further analysis is needed to determine
whether this effect extends to other cation families.
3.4 ML-predicted ionicity improves conductivity estimates

We next evaluated whether ML models trained to predict
ionicity could be used as correction factors to improve
conductivity estimates. In this approach, the ML-predicted
ionicity was multiplied by the Nernst–Einstein conductivity for
each IL, effectively using the model to correct the baseline. As
shown in Fig. 5, this approach led to an improved performance
on the test set compared to models trained to directly predict
molar conductivity.

There are at least two potential reasons for this improved
performance. First, the Nernst–Einstein equation encodes
known physics relating conductivity to ion size, charge, and
viscosity (eqn (3)), so incorporating it provides a strong func-
tional form for the baseline. By predicting deviations (ionicity)
rather than conductivity itself, theMLmodel would only need to
learn the residual effects rather than the full transport variable.
Another reason is that the distribution of ionicity values is
much narrower than that for molar conductivity (SI S5), which
may make the regression task simpler. For instance, dummy
regressors that output the mean of the training data have
a relatively greater accuracy when predicting ionicity compared
to molar conductivity (Fig. 2, SI S6.1). Taken together, these
points suggest that predicting ionicity can simplify the
Fig. 5 Comparisons of molar ionic conductivity estimates obtained
from (1) the linear model trained to predict ionicity combined with
Nernst–Einstein conductivities, and (2) the linear model trained
directly on molar conductivity data. Both models were trained using
descriptors calculated from the area under the sigma profile curves
(i.e. Si descriptors). Similar results were obtained for the linear models
trained using other sets of input descriptors and the XGBoost models
(SI S6.3).

© 2026 The Author(s). Published by the Royal Society of Chemistry
regression problem and highlight residual physical effects,
although the extent of the accuracy gain remains uncertain.

Beyond improved accuracy, using ionicity predictions as
a correction factor provides greater interpretability. ML-
predicted ionicity provides a direct measure of how well the
Nernst–Einstein equation captures ion transport in a given IL
and whether it overestimates or underestimates the ionic
conductivity. Ionicity values greater than one suggest super-
hydrodynamic transport and the presence of alternative mech-
anisms.1,13 On the other hand, ionicity values below one could
indicate a greater degree of ion-pairing or ion–ion interac-
tions.17,18 Thus, the ML models not only correct the Nernst–
Einstein baseline but also classify ILs into physically meaning-
ful transport regimes. From a design standpoint, this can
enable a practical workow: calculate the Nernst–Einstein
conductivity from viscosity measurements and estimated ionic
radii, apply an ML-predicted ionicity correction, and obtain
a more accurate and interpretable estimate.

Additional results relating to ML model performance,
feature importance rankings, along with dataset analysis can be
found in the SI S6–S8.

4 Conclusions

In this work, we systematically studied the inuence of different
computationally derived features on predicting ionicity. We
trained MLmodels on sigma prole-based features of IL cations
and anions and found that they predict ionicity with accuracies
comparable to models trained using cheminformatic descriptor
sets, while providing clearer physical interpretability. Impor-
tantly, ionicity predictions from our ML models can be
combined with Nernst–Einstein conductivities to provide cor-
rected conductivity estimates, which demonstrates a practical
way to integrate physics-based baselines withmachine learning.

Feature importance analysis highlighted several interpret-
able relationships. Among the Si descriptors, the cation S5
descriptor (relating to nonpolar surface area) emerged as the
dominant predictor of ionicity and recapitulated the well-
established experimental trend that longer alkyl chains reduce
ionic conductivity. The anion S7 descriptor (corresponding to
hydrogen bond acceptor strength) also appeared inuential,
particularly within ammonium-based ILs where higher S7
values were associated with reduced ionicity. Collectively, these
results demonstrate that sigma prole descriptors serve as
chemically intuitive tools for rationalizing ionic transport.

There still remains some limitations in our analysis. Linear
models capture only linear structure-property trends, and
nonlinear effects are likely underrepresented. The dummy
regressor results also highlight that part of the apparent perfor-
mance gain may arise from the narrower statistical distribution
of ionicity rather than from richer structure-property learning.
Future work should explore more exible yet interpretable
approaches, such as generalized additive models (GAMs), to
capture nonlinearities while preserving insight.53–55 In addition,
further analysis of descriptor interdependencies can improve the
robustness of the feature importance analysis and may lead to
the identication of additional features that are inuential in
Digital Discovery, 2026, 5, 1709–1717 | 1715

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00414d


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

9 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

2/
20

26
 9

:4
5:

32
 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
predicting ionicity. Expanding the dataset to include a broader
range of cation/anion chemistries will also be critical for testing
the generality of the trends observed here. Lastly, future studies
can use the sameML approaches trained on simulation obtained
viscosity or diffusivity (similar to the approaches of Greathouse
and co-workers49), and subsequently use these models to predict
Nernst–Einstein conductivities. In this manner, ionic conduc-
tivity predictions can be made with any experimental data input.

Overall, this study demonstrates that sigma prole-basedML
models can provide both predictive and mechanistic insight
into ionicity and conductivity of ILs. By linking cation nonpolar
surface area, anion hydrogen bond acceptor strength, and ion
polarity to deviations from Nernst–Einstein behavior, these
models provide a foundation for more interpretable, physics-
informed screening of ILs.
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