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Abstract

MXenes, which are graphene-like two-dimensional transition metal carbides and nitrides, have
tunable compositions and exhibit rich surface chemistry. This compositional flexibility has resulted
in exquisitely tunable electronic, optical, and mechanical properties leading to the applications of
MXenes in catalysis, electronics, and energy storage. The work function of MXenes is an important
fundamental property that dictates the suitability of MXenes for these applications. We present a
series of machine learning models to predict the work function of MXenes having generic
compositions and containing surfaces terminated by O*, OH*, F*, and bare metal atoms. Our
model uses the basic chemical properties of the elements constituting the MXene as features, and is
trained on 275 data points from the Computational 2D Materials Database. Using 15 different
features of the MXene as inputs, the neural network model predicts the work function of MXenes
with a mean absolute error of 0.12 eV on the training data and 0.25 eV on the testing data. Our
feature importance analysis indicates that properties of atoms terminating the MXene surface like
their electronegativity, most strongly influence the work function. This sensitivity of the work
function to the surface termination is also elucidated through experimental measurements on
Ti;C,. We introduce reduced-order models comprising of ten-, eight-, and five-features to predict
the work function. These reduced-order models exhibit easier transferability to new materials,
while exhibiting a marginal increased mean average error. We demonstrate the transferability of
these reduced order models to new materials, by predicting the work function of MXenes having
surface terminations beyond the original training set, like Br*, CI*, §*, N*, and NH*. Predicting
electronic properties like the work function from the basic chemical properties of elements, paves
the way towards rapidly identifying tailored MXenes having a targeted range of properties that are
required for a specific application.

1. Introduction

Two-dimensional carbides and nitrides, called MXenes, are an emerging class of low-dimensional materials
that have received considerable interest over the last decade [1, 2]. MXenes have a general chemical formula
of M, 11X, Ty, with n ranging from 1 to 3. Here, M is an early transition metal (e.g. Ti), X is carbon or
nitrogen, and T, are the functional groups that terminate the surface. As-synthesized MXenes expose
surfaces that are terminated by either bare metal atoms, O*, OH*, or F*. Recent studies have expanded the
range of possible surface terminations of MXenes to include ClI*, S*, Br*, Te*, Se*, and NH* [3]. Such
terminations are incorporated onto the surface through annealing treatments and substitution reactions [3].

© 2023 Author(s). Published by IOP Publishing Ltd
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By systematically altering the surface chemistry of MXenes [4, 5], we can readily tune electronic properties
like the electronic band gap, the work function, density of states at the Fermi level, and the electrical
conductivity [6]. Such exquisitely tunable electronic properties of MXenes have led to their applications in
catalysis [7—10], energy storage [2, 11], photonics [12], and in electromagnetic shielding [13, 14].

The work function is an electronic property of a material that represents the minimum energy required
to remove an electron from the Fermi level to vacuum. Aside from being a property of fundamental interest
in surface science, the work function of an MXene is a metric that has relevance in catalysis, energy
storage/conversion, and electronics. MXenes with high work function are favoured in optoelectronics
[15, 16] and sensing while those with low work function values find applications in electronics [17, 18].
MZXenes are increasingly used as supports for noble metal catalysts [19-21] because of their highly tunable
surface chemistry [22-24]. One factor that governs the stability and reactivity of such supported metal
catalysts is the charge transfer between the metal and support [25-27]. The work function serves as an
indicator for both the extent of charge transfer and the dipole moment at the metal/support interface [27,
28]. The work function is also indirectly related to the rates of catalytic cycles through its dependence on the
Fermi level of the system. This is because, in an elementary step of a catalytic cycle, the rate of electron
transfer between a reaction intermediate and the catalyst depends on the Fermi level of the solid.

The interplay between surface terminal groups of MXenes and their local dipoles impacts the electronic
properties of MXenes [29]. The nature of the metal (M) and the number of layers determines the
terminations of a given MXene [30]. Previous experimental and computational studies have shown how
changing the dominant surface termination (from among O*, OH*, and F*) alters the work function
[31-33]. For instance, OH* terminated MXenes such as M,C and M;,Cy (where M = Sc, V, Ti, Ta, Nb, Hf,
Zr) as well as M/,N and M’1)Ny (where M’ = Ti, Hf, Zr) possess lower work function as compared to the
as-synthesized O*/F* terminated MXenes [31]. The decrease in the work function occurs because of the
influence of the intrinsic dipole moment of the hydroxyl group. The high work function for surfaces
terminated by O* and F* is due to charge transfer at these sites [32]. In addition to redistributions of the
electronic charges transferred between the surface terminations and the sub-surface atoms, contributions of
the induced dipole moments from surface relaxations and the dipole moment of adsorbates must also be
considered. The dipole moment of OH* is opposite in sign to the induced dipole moment from structural
relaxation effects, resulting in OH* terminated MXenes having lower work function values. On the other
hand, trends in the work function of MXenes terminated with O* and F* are more sensitive to the transition
metal identity [31]. Computational studies typically employ first principles methods like density functional
theory (DFT) to determine electronic structure properties such as work function. It is however a
computationally intensive process to determine these electronic properties from first principles for the wide
range of materials within the MXenes family.

The advent of databases [34-36] and machine learning methods [37-51] have enabled high-throughput
searches for targeted electronic properties of materials across a wide-range of materials. For instance,
databases like the Computational 2D Materials Database (C2DB) [52, 53] and 2DMatPedia [54] store
thermodynamic, structural, and electronic properties of materials like MXenes. These databases can also
function as training sets for building machine learning models that estimate electronic properties [55],
which are otherwise determined from DFT calculations. For instance, Hashimoto et al [56] used bulk
properties obtained from the Materials Project database to train a Gaussian Process Regression model. This
model estimated a quick measure of the work function, which was based on the depth of the Fermi level. This
quick measure of the work function, though approximate, enabled the rapid identification of bulk
compositions having extreme values of the work function. Rajan et al regressed a set of features describing
MZXenes to the electronic band gap. These features included boiling/melting points, atomic radii, and bond
lengths [57]. Regression models like the ones discussed above are more powerful if the feature set can be
constructed without additional DFT calculations. Examples of such features include the structural details of
a material and physico-chemical properties of the constituting elements. For any new material outside the
original training set, the above-mentioned features can be determined from a database, on-the-fly. Inputting
these features into the machine learning model thus enables the direct calculation of electronic properties for
the new material.

Regression-based machine learning models not only predict various properties [58] of materials relevant
towards applications in catalysis, energy, and in electronic devices, but they also provide physical insights
through feature importance analyses [57, 59, 60]. Lamoureux ef al used a feature importance analysis
combined with a genetic algorithm to understand how the features that describe the stability of catalytic
nanoparticles evolve with the nanoparticle diameter. In the limit of large nanoparticles, they showed that the
most important features identified by the machine learning model resemble those used by a physics-based
linear model [61]. Rajan et al [57] showed that the most important features for predicting the electronic
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band gap of MXenes are the volume per atom, mean boiling point of the constituting elements, and the
standard deviation of the group number of the constituting elements.

While databases storing the electronic properties of MXenes have emerged, predictive models that
estimate the work function of any generic MXene from pre-tabulated features are still lacking. Furthermore,
our understanding regarding which physico-chemical properties lead to the exquisitely tunable work
function of MXenes is still in its nascent stage. To fill these knowledge gaps, it is necessary to build a
computational framework that not only predicts the work function of MXenes, but also explains how
variations in the MXene composition influences the work function. Such a framework can serve as a
powerful tool for designing MXenes in different catalysis and clean energy applications where the work
function is an important performance metric.

Herein, we present a series of machine learning models that predict the work function of MXenes from a
feature set that is primarily composed of the physico-chemical properties of their constituting elements. Our
models are trained using 275+ datapoints from C2DB [52, 53]. The sensitivity of the work function to
surface terminations as seen from the model is confirmed through experiments. We use three
complementary methods to identify the most important physico-chemical properties that govern the work
function values. These methods include: determining feature importance, understanding the occurrence
probability of features in the best performing models, and using a symbolic transformer within a genetic
programme. We finally elucidate how our models can be efficiently retrained as the database is augmented
with new MXene compositions.

2. Methods

2.1. Computational details for the machine learning models

We consider a broad set of MXenes from the C2DB [52, 53] having chemical compositions of M X, M3X,
and M4X;. These MXenes are terminated with either the bare metal atoms, O*, F*, or OH*. We construct a
high-dimensional feature space using physico-chemical properties of the elements constituting the MXenes.
These properties can be obtained from databases [62—64] and do not require additional first principles
calculations. The feature set uses both physical (e.g. orbital radius of the outermost orbitals) and electronic
(e.g. ionisation potential) features. Additional features related to bulk properties (e.g. lattice constant) and
the thermodynamic stability (e.g. energy above convex hull, heat of formation) are also extracted from C2DB
and used in the feature set. We note that these three properties are obtained from DFT calculations. Thus,
our primary dataset consists of 15 features. These features are listed in tables S2 in the supporting
information. Prior to implementing the dataset in our machine learning models, the features are normalized
by transmuting the features such that the values lie between 0 and 1. This transmutation is done to ensure a
consistent distribution of the features, regardless of their units and magnitude. Next, we construct a Pearson
correlation for the primary features (figure S1 in the supporting information).

We also construct a series of reduced-order feature sets containing less than 15 features. These
reduced-order feature sets will mitigate the risk of overfitting and concurrently aid in isolating the most
critical features that govern the work function. Based on the Pearson correlation matrix for the 15-feature
dataset, we first create a reduced-order dataset that removes those features exhibiting greater than 75%
correlation with each other. Furthermore, we ensure that the reduced-order feature set includes at least one
feature specific to the metal (M), carbon/nitrogen (X), termination (T) and structure of the MXenes
(M, 41X, Ty). This process yields a ten-feature dataset. We note however, that two of the ten features (heat of
formation and energy above the convex hull) are determined through structural optimization calculations
performed using DFT. We thus create an eight-feature dataset that only contains those features that can be
obtained without additional DFT calculations. We then leverage our understanding from the eight- and
ten-feature models to build more minimalistic five-feature datasets and verify whether the model accuracy is
retained.

We employ several supervised machine learning algorithms like ordinary linear regression, random forest
models, and neural networks to predict the work function of MXenes. The scikit-Learn Python package [65]
is used to deploy the linear regression and random forest models. The models are evaluated using the mean
absolute error (MAE) and the coefficient of determination (R?). The MAE is the average of the absolute
differences between the model predicted value and the value obtained from C2DB [52, 53]. The MAE:s in the
training and testing set are compared to ensure that over-fitting is reduced to the maximum extent possible.
In addition to applying simple linear regression models, we also apply linear regression models which are
regularized using Lasso and Ridge regularizations. We further apply the random forest model with the only
hyperparameter being the ‘criterion, which is set to the MAE. The deep learning models are deployed using
the Keras/TensorFlow package [66]. The implemented feed-forward neural network model consists of an
input layer, multiple hidden layers comprising of dense, batch normalization, and dropout layers, and an
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output layer. Multiple activation functions such as relay linear unit and the sigmoid function are applied in
the dense layers. The sigmoid activation allows the neural network model to account for non-linearity and
the model is trained to optimize the loss function, which is the MAE. The hyperparameters used in the
neural network model are listed in table S4 of the supporting information.

An evolutionary algorithm called genetic programming is implemented via the gplearn module [67] to
construct analytical forms of complex meta-features from individual features. Such analytical forms increase
the interpretability of our model. The symbolic transformer attribute in gplearn uses a list of primary
features as inputs to create a random formula called a program or a meta-feature. Each meta-feature
represents a complex mathematical relationship between the primary features. This meta-feature is
constructed using different mathematical operators. Further details are in tables S5 and S6 of the supporting
information. The meta-features are evaluated based on the Pearson correlation coefficient with the work
function (target variable) being the fitness metric. In each iteration of the genetic programme, called a
generation, a population of n programs (where n = 1000) is created. From this population, the top x
programs (where x = 20) in terms of fitness metric compete to become part of the next generation. The
selected programs undergo multiple genetic operations such as crossover, mutation, or reproduction to
improve the fitness, following which the process is repeated until the final generation. In the final generation,
the best performing programs are chosen from a group of fittest programs, known as hall of fame. This hall
of fame finally provides us with the meta-features that are strongly correlated to the work function. We have
uploaded all relevant python scripts used to train the model on GitHub: (https://github.com/tejchoksi/
workfunction-MXenes).

2.2. First principles calculations

We perform DFT calculations on MXenes having surface terminations that are different from the MXenes
within the C2DB [52, 53, 68]. These MXenes include Ti3C,, TizN,, Nb3C,, Nb3N,, Mo;C,, Mo3N,, V,C,
and Ti,N that are terminated with CI*, Br*, §*, N*, and NH*. These additional terminations are selected
following recent experimental reports discussing their synthesis [3, 69]. The DFT calculations are carried out
using the Quantum ESPRESSO package [70] within the Atomic Simulation Environment [71]. We employ
the Perdew—Burke—Ernzerhof (PBE) exchange-correlation functional [72]. Core states of atoms are
represented using Vanderbilt ultra-soft pseudopotentials [73]. The Kohn—Sham equations are solved using a
plane-wave basis set, with an energy cutoff of 500 eV and a density cut-off of 5000 eV. The Kohn Sham
equations are solved with convergence thresholds of 10~ eV for the total energy and 0.05 eV A~! for the
maximum net force per atom. To prevent spurious interactions between periodic slabs, a vacuum of at least
20 A along the z-direction is included. Furthermore, a dipole correction between periodic slabs is also
included [74]. We construct p(2 x 2) supercells from the primitive unit cells of MXenes and then optimize
their lattice constants through a variable cell force minimization. We then calculate the three-dimensional
charge density of the force-minimized structures. From this charge density, we determine the surface
averaged local potential. The difference between the upper vacuum potential and the Fermi level gives the
work function. Since all considered MXenes are symmetric, determining the work function using either the
upper or the lower vacuum level yields similar results. An 8 x 8 x 1 Monkhorst-Pack [75] k-point grid is
used to sample the Brillouin zone of the p(2 x 2) supercell. The optimized lattice constants and the work
functions of the above mentioned MXenes are listed in table S7 of the supporting information. Graphics of
the atomic structures are created using VESTA [76].

2.3. Synthesis, characterisation and work function measurements

The Ti;AIC, MAX phase was purchased from Laizhou Kai Kai Chemical and etched in 48 wt.% hydrofluoric
acid (Sigma Aldrich/695068) according to the synthesis process stated in Alhabeb et al [77]. The synthesis
was prolonged to five days to ensure that the material is fully etched with a saturation of fluorine on the
surface, thus yielding Ti;C, MXenes that are terminated with F*. Ti;C, with nitrogen surface terminations,
N*, was obtained by annealing around 100 mg of F* terminated Ti;C, under a constant flow (10 sccm) of
10% ammonia in argon (10% NHj: 90% Ar, Air Products) for 7 h at 700 °C. On the other hand, Ti;C, with
oxygen termination, O, was obtained by annealing the same amount of F* terminated Ti;C, under
99.9999% Argon (Leeden National Oxygen Ltd) for 7 h at the same temperature. The samples were
characterized with scanning electron microscopy (FESEM JEOL JSM-7600F) (figure S9 in the supporting
information), x-ray diffraction (Bruker D8 Advance) (figure 10 in the supporting information), x-ray
photo-electron spectroscopy and ultraviolet photoelectron spectroscopy (UPS) (Kratos AXIS Supra). The
work function was measured using the following approach. Powder samples of the treated MXenes were
dispersed in methanol and drop casted onto electrodeposited gold (<100 ;m) on a Si wafer to achieve a thin
layer covering the entire surface. The samples were measured via UPS (Kratos Axis Supra) using He I,
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Figure 1. Computational framework for predicting the work function of MXenes (general formula of M,, 1 X,, T, where X is
either C or N) using machine learning methods. The machine learning methods are trained on work function data from the
C2DB. We build a set of 15 features composed of physico-chemical properties like the electronegativity of the termination atoms
(EN(T)), ionisation potential of carbon/nitrogen (IP(X)), orbital radius (outermost d-orbital) of the metal atom (r-(M)), and the
lattice constant (Length(x)). In addition to training machine learning models to predict the work function, we also identify the
most important features that govern trends in the work function across a wide range of MXenes.

(hv = 21.22 eV) as radiation source at the range of —5 eV-20 eV kinetic energy. The work function was
extracted from this UPS measurement.

3. Results and discussion

The overall workflow employed is illustrated in figure 1. In section 3.1, we construct a series of machine
learning models to predict the work function of MXenes using the 15-feature dataset. After training the
machine learning models, in section 3.2, we then rank order the features used to describe the MXenes based
on how strongly these features influence the work function, thus adding physical interpretability to our
model. Section 3.3 elucidates how reduced-feature datasets can predict the work function without sacrificing
on the accuracy of the machine learning models. Finally, in section 3.4, we employ these reduced feature
datasets and demonstrate the transferability of our model to new MXene compositions.

3.1. Building machine learning models to predict the work function

To build a machine learning model, the first task is to identify a set of input variables or features that are
phenomenologically linked to the target property being predicted. Herein, the target property of interest is
the work function. Our feature set consists of 15 features comprising of physico-chemical properties of
elements constituting the MXene (e.g. electronegativity), structural properties of the MXene (e.g. lattice
constant), and thermodynamic properties reflecting the stability of the MXene (e.g. heat of formation). This
set of 15 features is listed in table S2 of the supporting information. Our objective is to train machine
learning models that can predict the work function of MXenes having any generic composition using inputs
composed of readily available physico-chemical properties of the elements constituting the MXene. We begin
with employing ordinary linear regression as a base-case scenario, before pivoting to non-linear models like
random forests and neural networks. A five-fold cross validation approach is employed wherein we train the
model on any four folds (220 data points) while the fifth fold (55 data points) functions as the test set. Thus,
the model is computed five times. The performance of our model is evaluated using the MAE. The ordinary
linear regression model containing 15 features, when computed over the five folds, yields an MAE of 0.79 eV
on the training data and an MAE of 0.87 eV on the testing data. Further details like the parity plot and the
frequency distribution of the residuals are in figure S3 of the supporting information. We did not observe any
improvement in the model performance by using either the Lasso or the Ridge regularization techniques.
The high MAE on both training and testing data hints that the features are not all linearly independent.
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To overcome the shortcomings of the linear regression model, we employ non-linear models like random
forest decision trees and neural networks. We evaluate the performance of the random forest model using a
five-fold cross validation on the dataset. The random forest model yields an MAE of 0.10 eV on the training
data and an MAE of 0.27 eV for the testing data. Both MAEs are averaged over the five folds. The reduced
MAE on both the training and testing data in comparison with linear regression hints that the feature set and
the work function are non-linearly correlated. In section 3.3, we will use symbolic transformers to further
elucidate these non-linear relations. The parity plot and frequency distribution of the residuals for the
random forest model is shown in figure S4 of the supporting information.

In addition to the random forest model, we also train a neural network to predict the work function of
MZXenes. The neural network is trained using a five-fold cross validation approach. The training (176 data
points) and validation set (44 data points) accounts for 80% of the total data set. These training and
validation data points are used to train the model and optimize the hyperparameters. The remaining 20% of
the data set (55 data points) is used for testing the neural network. We thus use a test/train/validation ratio of
55/176/44. Additional details about the hyperparameters employed are listed in table S4 of the supporting
information. The parity plots comparing model predictions on the training and test sets for each of the five
folds are shown in figure 2. In general, our model behaves similarly across all the five folds. From the
fold-specific history plots in figure 2, we observe that the least absolute error difference between the
validation and training loss is observed near 600 epochs. Thus, to prevent overfitting, we train the model
until 600 epochs. When averaged across all five folds, the model predicts the work function with an MAE of
0.12 eV on the training data and 0.25 eV on the testing data. This MAE of the neural network is comparable
to the MAE of the random forest model (0.27 V).

In figure 3(a), we show a parity plot comparing the model-predicted work function values for MXenes in
the test set (over all five folds) to their DFT-derived values from C2DB [52, 53]. We note the predicted values
are generally in line with the observed values from the database. To corroborate the findings of the parity
plot, we construct a histogram for the residual values as shown in figure 3(b). The residual values represent
the difference between model-predicted and database-observed work function values. Based on the
histogram, 57% of the MXenes in the test set have a residual value of within 0.20 eV, indicating the robust
performance by our model. The region between £0.20 eV is specifically selected since it represents the
typical accuracy of machine learning models that are trained to reproduce first principles derived energetic
properties like adsorption energies of catalytic descriptors, stabilities of nanostructures, and electronic band
gaps [57, 78-83].

Despite the model yielding reasonable accuracy across a plurality of materials within the blind test set,
one point emerges as an obvious outlier. This outlier is seen in the 15-feature neural network (figures 2
and 3) and reduced-order feature-sets in figures 7, 8, and 10. This outlier is S¢,N3O, with a work function
value of 7.23 eV from C2DB. We calculate the work function of Sc4N3O, in this study and obtain a value of
7.18 eV (PBE functional, same as the database). This close agreement indicates that the high error is not due
to an incorrect entry in the database. MXenes get oxidized over time [30] and the work function for such
O-terminated MXenes is higher than other surface terminations, as seen in figure 5 [32, 33]. To our
knowledge, ScsN30O; has not yet been synthesized, and hence the work function of this MXene cannot be
compared with experimental measurements. It appears that the feature set used in this study (table S1 of the
supporting information) is unable to accurately estimate the work function for S¢;N3O;. This poor estimate
could be because the electronic structure of Sc;N3O, warrants a different feature set, with such a study on
the electronic structure being part of future work. Our objective is to establish a pre-screening tool that can
estimate the work function of MXenes using pre-tabulated properties of constituting elements as inputs, and
not to predict the work function accurately for every material. As figure 3 shows, 57% of the MXenes in the
test set have predicted values that are within +0.20 eV from the training set, indicating the broad accuracy
shown by our model across a wide-range of MXenes.

3.2. Identifying the properties of MXenes that strongly influence the work function

To build machine learning models trained to reduced-order feature sets, we first need to identify the
principal features that govern the work function of MXenes. We thus perform a feature importance analysis
on the 15-feature neural network. We use permutation feature importance over the complete dataset to
compute individual feature importance values. Permutation feature importance is applied after the model is
trained on the entire dataset. The values of a single feature are randomly shuffled, while keeping the other
feature values the same. This is followed by making predictions based on this new dataset. These predictions
are then compared with the predictions from the initial non-shuffled dataset using a model score (negative
MAE). Based on the decrease in the model score, the feature importance is calculated. The higher the
decrease in the model score, the higher the importance of the feature. This process is repeated multiple times,
and the mean permutation feature importance value is computed. For a specific feature, the feature
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Figure 2. (a)—(e) History plots for each of the five folds in the 15-feature neural network model. The orange graph highlights the
variation in the loss (MAE) for validation data, as the number of epochs in the model increase. The blue graph highlights the
variation in the loss (MAE) for training data with increasing number of epochs. (f)—(j) Parity plots for each of the five folds of the
15-feature neural network model. These plots compare model predicted work function (eV) with the work function (eV)
obtained from the C2DB. Within each fold-specific parity plot, the training set is represented by green circles, while the test set is
represented by blue triangles.

importance of the model is computed as the mean permutation feature importance value among five shuffles
divided by the sum of all the mean permutation feature importance values. The feature importance values
are rank ordered in figure 4. The most important features are termination-specific features such as
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the termination-specific features (red bars) have the highest feature importance.
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Figure 5. Box plots highlighting how the model predicted work function (15-feature neural network) varies across MXenes that
are carbides or nitrides, and for MXenes having different surface terminations. (a) F*-terminated. (b) O*-terminated.

(c) OH*-terminated. (d) Bare-metal-terminated. Boxes with the slant and dotted pattern represent the transition metal carbides
and nitrides respectively. The overall trends indicate that changing the surface termination of the MXene strongly influences the
work function. On the other hand, for a given surface termination,changing the MXene from a carbide to a nitride has a relatively
smaller influence on the work function.

electronegativity (EN(T)), electron affinity (EA(T)), ionisation potential (IP(T)), and radius of orbitals of
the termination atoms (r-(T)). Metal-specific features such as radius of orbitals of the metal atoms (r-(M))
are also dominant. This feature importance study reveals that the value of the work function is dictated by
the properties of the surface termination, with the electronegativity of the termination being the most
important property (feature importance of 0.31). In section 3.3, we will compare the insights obtained
through permutation feature importance with two additional complementary approaches that gauge feature
importance. Taken together, these studies lend physical interpretability to our analysis by identifying the set
of features most strongly influencing the work function of MXenes.

To confirm the dominance of termination-based features in determining the work function, we construct
box plots in figure 5. These plots categorize the model predicted work function of MXenes (M,,+1X,Tx) in
terms of the surface terminations (T, = OH*, F*, O*, and bare metal), and whether the MXenes are a
carbide (X = C) or a nitride (X = N). Although qualitative, the trends in the work function are more
sensitive to the nature of the surface termination, than whether the MXenes are carbides or nitrides.
Furthermore, OH* terminated MXenes have the lowest work function as has been observed in previous
studies [31]. On the other hand, O* terminated MXenes have the highest work function. Another general
trend observed is that the work function increases as the surface termination is altered from F*
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Figure 6. (a) UPS measurement and extraction of the work function from the kinetic energy for Ti;C, MXenes that are
terminated with N*, O*, and F*. (b) Trends in the extracted work functions of Ti;C, T, with different terminations; F*, O*, and
N*. The effect of the termination is observed to be significant.

(as-synthesized MXenes) to O*. The importance of the surface termination in determining the work
function is consistent with observations from the feature importance analysis discussed above.

Based on insights from the machine learning model, we performed an experimental study to understand
how the surface termination influences the work function. We synthesized MXenes based on the guidelines
in Alhabeb et al [77], but with prolonged etching to saturate the fluorine termination (termed as F*).
Subsequently, we modified the termination using simple gaseous annealing techniques to induce a change in
the termination from F* in the as-synthesized case, to O* (annealing in argon) and N* (annealing in
ammonia). The work function for the resultant materials is measured using UPS and extracted from the
onset of the UPS spectrum [84] as depicted in figure 6(a). Trends in the work function across different
terminations are shown in figure 6(b). The F* terminated Ti3C, has a work function of around 4.3 eV, which
is close to the ML model predicted work function value of 5 eV. Upon annealing in argon, which induces an
oxygen termination, the work function increases by 0.2 eV—4.5 eV. Our machine learning model indicates
that changing the termination from F* to O* also increases the work function to 6.1 eV, though the
magnitude of this increase is larger than experiments. Possible reasons for the discrepancy include the
formation of TiOy species on the O* terminated Ti;C,. Annealing in ammonia induces a nitrogen
termination N*, which results in an even higher experimentally measured work function of 4.7 eV. Despite
the limited terminations that can be achieved experimentally, these experiments demonstrate that the surface
termination readily influences the work function.

3.3. Predicting the work function using reduced feature datasets

Although the 15-feature dataset yields relatively accurate machine learning models, the Pearson correlation
coefficients (see figure S1 in the supporting information) indicate that some of the features are highly
correlated. Hence, we anticipate the possibility of training simpler machine learning models that contain
fewer features in the dataset. Such reduced-feature datasets are more readily transferable to MXenes of
different compositions. In this section, we systematically reduce the 15-feature datasets and show that the
resulting models have comparable accuracy. In the first instance, we discard all features that have a Pearson
correlation above 75% (see table S2 and figure S2 in the supporting information) thus creating a ten-feature
dataset. These ten features include two DFT-derived energetic properties; the heat of formation, and the
energy above the convex hull. We then create an eight-feature dataset that excludes these two DFT-derived
properties (see table S2 in the supporting information). The resulting eight-feature dataset is more readily
transferable to new MXene compositions whose heat of formation and the energy above the hull may not
have been computed. Finally, we discuss machine learning models that are trained to a more minimalistic
five-feature dataset.

The ten-feature dataset is used to train the two best-performing machine learning models; the random
forest and the neural network. For the ten-feature random forest regression model, the work function is
predicted with an MAE of 0.11 eV on the training data and 0.32 eV on the testing data, when averaged over
five-folds (see figure S5 in the supporting information). On similar lines, the ten-feature neural network
model predicts the work function with an MAE of 0.13 eV on the training data and 0.26 eV on the testing
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Figure 7. (a) Parity plot comparing the performance of the ten-feature neural network model on the test set. Data from the test
sets of all five folds are combined. (b) A histogram representing residual values (eV) for the ten-feature neural network model.
(¢) Parity plot comparing the performance of the eight-feature neural network model on the test set. Data from the test sets of all
five folds are combined. (d) A histogram representing residual values (eV) for the eight-feature neural network model. The y-axis
represents the number of structures corresponding to a given range of residual values along the x-axis.

data, when averaged over five-folds. From the parity plot in figure 7(a), we observe that the model predicted
work function values are in line with the work function from C2DB. The model accuracy is further
confirmed through the histogram plot of the residual values in figure 7(b).

We observe that the highest feature importance is exhibited by termination-specific features such as
electronegativity (EN(T)) and the radius of orbital of the termination (r-(T)) (figure S6 in the supporting
information). Despite using a ten-feature dataset, we find that the relative importance of features remains
unchanged with the termination-specific features being dominant. More crucially, the 10-feature machine
learning model (random forest and neural network) yields nearly the same performance as the 15-feature
machine learning model.

To obtain an even simpler and less computationally expensive model, we construct an eight-feature
dataset. This dataset is constructed by removing two DFT-derived features from the ten-feature dataset, the
heat of formation, and the energy above the convex hull. The eight-feature dataset is trained on the neural
network model and predicts the work function with an MAE of 0.14 eV on the training data and 0.27 eV on
the testing data (averaged over five-folds). The model performance is similar to the 15-feature and 10-feature
neural network models, and the accuracy is largely unaffected by the removal of the two DFT-derived
features. The model performance is depicted in the parity plot in figure 7(c), and the histogram plot of the
residual values in figure 7(d).

Lamoureux ef al [61] showed the power of creating minimalistic machine learning models while
attempting to predict nanoparticle stability from the properties of the constituting elements. These
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Figure 8. (a) Parity plot comparing the performance of the best performing five-feature neural network model on the test set.
Data from the test sets of all five folds are combined. (b) A histogram representing residual values (eV) for this neural network
model. The y-axis represents the number of structures corresponding to a given range of residual values along the x-axis.

minimalistic models were not only more transferable, but also retained the most important features. Such
models can thus independently isolate the most crucial features thereby complementing the feature
importance analysis shown in figure 4. Taking the ten-feature dataset as a reference, we construct all possible
combinations of five-feature datasets. The rationale for limiting our analysis to five-feature datasets is
discussed further below. This process yields 252 different combinations of features. The neural network
machine learning model is trained to all 252 combinations of different five-feature datasets and the resulting
models are rank ordered based on increasing MAE in the work function prediction. The MAE is the average
value after performing a five-fold cross validation. The best performing five-feature neural network employs
the following features: (a) electronegativity of the termination (EN(T)), (b) radius of orbital of the
termination (r-(T)), (c) radius of orbital of the metal (r-(M)), (d) ionisation potential of the support (IP(X))
and (e) the lattice constant (L(x)). This model predicts the work function with an MAE of 0.16 eV on the
training data and 0.28 eV on the testing data, when averaged over all five folds. From the parity plot in

figure 8(a) and the histogram plot of the residuals in figure 8(b), we observe most model-predicted values are
consistent with the database-observed values. Thus, as the number of features is progressively decreased from
15— 10 — 8 — 5, the model accuracy remains relatively unchanged. Moreover, the five features that
compose the best performing neural network are broadly consistent with the feature importance analysis of
the 15-feature model shown in figure 4. As we further reduce the feature space from five to four, we note that
the MAE increases slightly, from 0.28 eV (testing data) to 0.30 eV (testing data). Hence, we limit ourselves to
using the five-feature model as a minimalistic model for predicting the work function.

For our subsequent analysis, we consider the top 10% of all models (25 models) from the 252
combinations. To understand trends in the different features within these 25 models, we introduce a metric
called the occurrence probability. The occurrence probability is the ratio of the frequency of a feature within
the top-25 models, to the total frequency of all the features within these top 25 models. Thus, the maximum
occurrence probability for a feature is 25/125, if this feature were to occur in all the top-25 five-feature
models. A sample calculation of this metric is shown in figure 9(a). This occurrence probability is an
alternative approach of gauging feature importance, since the metric reflects the frequency of a given feature
in the top-25 models. The electronegativity of the termination (EN(T)) and the lattice constant (L(x))
display the highest occurrence probability, followed by the radius of orbital of the metal (r-(M)) as seen in
figure 9(b). This analysis corroborates the observation that trends in the work function of MXenes are
dictated by termination-specific features with the electronegativity of the termination being the most crucial
input. These observations are wholly consistent with the feature importance studies for the 8-feature (figure
S7 in the supporting information), 10-feature (figure S6 in the supporting information) and 15-feature
models (figure 4).

Another approach to identify the most important features within a machine learning model is to use a
genetic algorithm for feature selection [61, 85]. To that end, we employ a symbolic transformer via genetic
programming to construct complex metal-features that are strongly correlated with the work function of
MZXenes. Through this analysis, we aim to independently support the importance of termination-based
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Figure 9. (a) The approach to calculate the occurrence probability of a specific feature within the top-25 models. The occurrence
probability is the frequency of a feature used in the top-25 models divided by the total frequency of all the features among the
top-25 models. (b) A bar plot illustrating the occurrence probability of each feature in the top-25 five-feature neural network
models. Consistent with the feature importance analysis in figure 4, we find that the termination-specific features occur with the
highest frequency.

features in determining the work function, as evinced from the feature importance (figure 4) and occurrence
probability (figure 9) analysis. We clarify that the purpose of the genetic programme is not to bring forth the
most readily interpretable mathematical forms, but to isolate the identity of key features that most strongly
correlate with the work function.

We use a symbolic transformer within a genetic programme, fitted on the eight-feature data set. The
symbolic transformer constructs meta-features that are composed of different three-feature combinations
connected with mathematical operators (table S5 of the supporting information). The fitness metric used to
evaluate these meta-features is the Pearson correlation coefficient with the work function (target variable).
The genetic programme constructs the fittest meta-features that possess the strongest Pearson correlation
coefficient with the work function. Those meta-features with fitness above 90% are collected separately. The
top-ten meta-features with the highest fitness are listed in table S6 of the supporting information. We note
that all the meta-features with a fitness above 90% primarily consist of features representing the surface
termination of MXenes (EN(T) and r-(T)). Thus, the evolutionary algorithm confirms the dominance of the
termination-related features in determining the work function, further corroborating our machine learning
models. We acknowledge that the meta-features most strongly correlating with the work function in table S6
of the supporting information are not readily interpretable. In principle, the meta-features should provide
clues regarding the underlying physical phenomena. In this case however, the genetic programme identifies
the primary features (EN(T) and r-(T)) governing the work function from the entire feature-set used (table
S1 of the supporting information. Hence, the scope of using the genetic programme is restricted to
independently corroborating feature importance. Indeed, the dominant role of termination-based features,
especially the electronegativity is consistent with other methods employed like permutation feature
importance (figure 4) and occurrence probability (figure 9). Upon confirming key attributes of our machine

13



10P Publishing

J. Phys. Energy 5 (2023) 034005 P Roy et al

learning models using reduced feature datasets, we will now discuss the transferability of our models to new
MXene compositions beyond the original dataset.

3.4. Transferability of machine learning models to MXenes beyond the dataset

The previous sections outlined a series of machine learning models that predict the work function of MXenes
having different surface terminations like F*, O*, OH*, and bare metal atoms. Furthermore, the
physico-chemical properties of the surface terminations emerged as the most important features governing
the work function. The range of possible surface terminations of MXenes has recently been expanded to
include Br*, CI*, $*, NH*, and N*. The ultimate test for our model will be in predicting the work function
across a wider range of surface terminations that go beyond the training set. Previous studies [86] have
shown that transfer learning is an effective way towards extending the validity of a model over a wider range
of materials. In transfer learning, only user specified layers of the neural network are retrained while the
weights corresponding to other layers remain unchanged. Herein, we evaluate the transferability of our
eight-feature dataset (shown in figure 7) using transfer learning. Using DFT, we compute the lattice constants
and the work function of 40 additional MXenes having Br*, Cl*, $*, NH*, and N* terminations on the
surface. These values are listed in table S7 of the supporting information. The features for these 40 additional
MZXenes can be directly evaluated from databases and do not require additional DFT calculations. In transfer
learning, we first train the eight-feature dataset on the 275 MXenes composed of F*, O*, OH*, and bare
metal atoms as surface terminations. We then disable the training for all layers except the final hidden layer
and the output layer. This modification ensures that only the parameters of the final hidden layer and the
output layer will be updated, as the 40 additional MXenes having Br*, Cl*, S*, NH*, and N* terminations are
added to the dataset.

The pre-trained weights from the eight-feature neural network model (trained to 275 data points) model
are used in the transfer learning neural network model, on a secondary dataset of the 40 MXenes that is
described above. The MXenes in the secondary dataset are split randomly such that each fold contains at least
one MXene of each surface termination. The work function is predicted with an MAE of 0.58 eV on the
training data and 0.76 eV on the testing data (averaged over five-folds). The high MAE indicates that transfer
learning models are not sufficiently accurate when tasked with predicting the work function of MXenes
having surface terminations that are different from the original training set. This high error on the new set of
surface terminations that are unseen by all the weights of the neural network, is not entirely unexpected. This
is because the work function strongly depends on physico-chemical properties of the atoms terminating the
MXene surface.

We now re-train the eight-feature neural network model on an augmented dataset of 315 MXenes. This
augmented dataset consists of 275 structures from C2DB (F*, O*, OH*, and bare metal surface
terminations), and 40 structures from the new set of terminations (Br*, Cl*, S*, NH*, and N*). Five-fold
cross validation is used to train the neural network. The 40 additional MXenes are split equally among the
five folds of the original dataset (55 MXenes from C2DB per fold) such that each fold contains at least one
MZXene of each termination. This leads to each fold containing 63 MXenes in total, 55 MXenes from C2DB
and 8 MXenes from the new set of surface terminations. The augmented eight-feature neural network model
has a test/train/validation ratio of 63/202/50. The MAEs on the training and test set, averaged over five folds,
are 0.16 eV and 0.28 eV, respectively. The parity plot is shown in figure 10. This example illustrates how
machine learning models trained on data from open-access databases, that is supplemented by a limited set
of DFT calculations, can expand the materials space across which properties like the work function are
predicted.

This work shows that the work function is principally dependent on the properties of the functional
group terminating the MXene. The surface dipoles formed in the terminated surface govern the work
function value [31]. Our study considers the simple situation of a single surface termination (e.g. either O%,
F*, OH*, or bare metal) being present. However, MXenes with mixed terminations are routinely synthesized
and are shown to be stable in computational studies. The distribution and mixing energies of MXenes
terminated with more than one element are more strongly influenced by interactions among surface
termination groups than on the metal type, carbide/nitride, or the MXenes thickness [32]. We perform a
computer experiment to verify the importance of the connectivity of the MXene structure in determining the
work function of mixed-terminated MXenes. Our feature set (table S1 of the supporting information) does
not include such connectivity-based information. If the connectivity-based information of
mixed-terminated MXenes is important, then our feature set will be unable to predict the work function of
MZXenes containing mixed terminations. Using DFT calculations, we calculate the work function of
Ti3C,00.44No 56 across a series of different local arrangements of O* and N*. We find that the work function
strongly depends on the local arrangement of O* and N*, with variations of 0.36 eV across the different
configurations tested, as illustrated in figure S9. Hence, connectivity-based information is indeed important
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Figure 10. (a) Atomic structure of a generic MXene along with the features like physico-chemical properties of elements that are
obtained directly from handbooks and databases. The transition metal, carbon/nitrogen, and surface terminations are indicated
in blue, brown, and yellow, respectively. (b) Parity plot comparing the performance of the eight-feature neural network model on
the test set. Data from the test sets of all five folds are combined. Green circles indicate model predictions for the 275 MXenes
within C2DB as compared with the database values. Blue squares compare model predictions on the 40 additional MXenes having
difference surface terminations like Br*, CI*, $*, N*, and NH* with DFT-derived work function values.

in predicting the work function of mixed-terminated MXenes. For mixed-terminated MXenes, features
obtained from the composition of the MXene need to be augmented by a graph-based connectivity model
[46, 87]. Extending our model to MXenes with mixed terminations will be part of future work.

4, Conclusions

The work function of MXenes is an important fundamental property governing their applications in catalysis,
energy storage and conversion, and in electronic devices. Herein, we present a series of machine learning
models that predict the work function of MXenes obtained from the C2DB. Our models are extendable to
MZXenes having generic compositions and a wide range of surface terminations (O*, F*, OH*, and bare metal
atoms). Our machine learning models use a set of 15 features that are broadly classified into: the structural
properties of MXenes (lattice constants); properties of elements constituting MXenes (ionisation potential,
electron affinity, electronegativity, and orbital radius); and the thermodynamic properties of MXenes
(energy above hull and the heat of formation). Both the 15-feature random forest model and the 15-feature
neural network model predict the work function of MXenes with an MAE of 0.27 eV and 0.25 eV on the test
set, respectively. We construct a series of reduced-order models containing 10-, 8-, and 5-features that predict
the work function of MXenes with accuracies on par with the 15-feature model. These reduced-order models
also aid in isolating the most important features governing the work function. Both the reduced-order
models and a feature importance analysis indicate that the work function of MXenes is most strongly
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influenced by properties of the surface termination. We show that the electronegativity of atoms terminating
the MXene surface emerges as the most important feature. These insights are confirmed through
experiments illustrating the sensitivity of the work function as the surface termination of Ti;C, is changed
from F* to O* to N*. We finally showcase the transferability of our eight-feature neural network to 40
MZXenes with different surface terminations (Br*, CI*, S*, N*, and NH*) than those taken from the C2DB.
Retraining the 8-feature neural network on this augmented dataset results in the work function being
predicted with an MAE of 0.28 eV, an accuracy comparable to that of the original 15-feature neural network.
This example illustrates that the materials space for which a given property is predicted can be widened by
training models on open-access databases that are supplemented with a limited set of new DFT calculations.
Taken together, these machine learning models will enable the rapid identification of MXenes having work
function values within a targeted range, for their applications in catalysis, energy storage, and electronics.
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