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ABSTRACT

The correlated semiconductor vanadium dioxide (VO,) exhibits an insulator-metal transition (IMT) near room temperature, which is of
interest in various device applications. Precise IMT temperature control is crucial to determine the use cases across technologies such as
thermochromic windows, actuators for robots or neuronal oscillators. Doping the cation or anion sites can modulate the IMT by several
tens of degrees and control hysteresis. However, modeling the effects of control parameters (e.g., doping concentration, type of dopants) is
challenging due to complex experimental procedures and limited data, hindering the use of traditional data-driven machine learning §
approaches. Symbolic regression (SR) can bridge this gap by identifying nonlinear expressions connecting key input parameters to target
properties, even with small data sets. In this work, we develop SR models to capture the IMT trends in VO, influenced by different dopant
parameters. Using experimental data from the literature, our study reveals a dual nature of the IMT temperature with varying tungsten (W)
doping concentrations. The symbolic model captures data trends and accounts for experimental variability, providing a complementary
approach to first-principles calculations. Our feature-driven analysis across a broader class of dopants informs selectivity and provides quali-
tative insights into tuning phase transition properties valuable for neuromorphic computing and thermochromic windows.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0231383

INTRODUCTION

Vanadium dioxide (VO,), well-known for its insulator-metal
transition (IMT), ™ experiences a sharp alteration in both electrical
conductivity and optical transmittance near room temperature.”
This transition involves shifting from a high-temperature metallic
state with a rutile structure to a low-temperature insulating state
exhibiting a monoclinic structure.”* Among materials considered
to exhibit Mott physics as the basis for electronic transitions, VO,
stands out due to its ultrafast transformation dynamics, making it
a model candidate for low-power electronics applications and
has been explored in various modern electronic devices™ and
optical switches.” Understanding the mechanistic origin of the

metal-to-insulator transition is crucial for precise control over the
transition. Aliovalent element doping is an effective approach to
regulate carrier concentration. Alteration of the charge state and
local environment, provides a means to engineer and manipulate
electronic and structural properties with continuous transition
points.*” Among various strategies, aliovalent doping with tungsten
(W)"'*'" has been widely studied in the context of suppressing the
IMT temperature.

To study the dynamic responses of such systems, one must
gain insights into the origins of the intertwined relationship
between structural deformation and complex electronic changes
associated with the introduction of impurities into the lattice. Over

J. Appl. Phys. 136, 155705 (2024); doi: 10.1063/5.0231383
© Author(s) 2024

136, 1557051

261 G202 AInr 2



Journal of

Applied Physics

the years, there have been many incumbent theories emphasizing
mechanistic insights into the origin of the IMT in VO, from theo-
retical and experimental endeavors. Two major dimensions of
theory exist in understanding the underlying mechanism: the
Peierls transition, with emphasis on structural change associated
with the dimerization of the V atoms along the rutile crystal axis
and consequently opening of the gap, or the Mott transition” to an
insulating state, where the gap opens due to the strong Coulomb
repulsion between the localized V atom 3d orbital and related
dynamical effects. However, despite existing contrasting theories, "'’
one primary commonality is the local structural changes due to the
insertion of dopants in the lattice and relevant electronic changes
associated with the changes in the occupancy of the d orbitals,
allowing control over IMT. The incorporation of locally inserted W
ions causes pileup of itinerant electrons on the neighboring V-sites,
which works as a destabilizing agent."’

While the complexity associated with experimental procedures
limits the scope in these systems, quantum calculation methods,
such as density functional theory (DFT), have been an extensively
used tool for modeling the behavior theoretically. However, when
confronted with strongly correlated systems, such as VO,, the effi-
cacy of existing DFT techniques in accurately predicting electronic
structures encounters challenges.'” The crux of the issue lies in the
inadequacy of DFT’s exchange-correlation energy functional, which
is often approximated as semi-local and static. This sometimes
leads to results having large departures from experimental insights,
making these models difficult to implement for gaining insight on
the general trends, particularly when dealing with impure
crystals."”

Decades of experimental effort have yielded data encoding
crucial insights into the thermal control of transitions in these
systems. These data are a potential seed for modern artificial intelli-
gence (Al)/machine learning (ML)'*'"" algorithms to uncover
complex relationships. However, most widely used AI/ML
approaches demand much larger data sets and often produce black-
box models, complicating the understanding of the independent
contributions from different input parameters and, thus, posing
interpretability challenges. Additionally, the limited quantity of
data achievable from experiments is associated with dopant-driven
IMT in VO, is primarily due to procedural complexities, impeding
the development of traditional AI/ML models. Consequently, only
a few empirical linear models are used." A promising approach for
bridging the gap between physical reasoning and data-driven meth-
odologies is symbolic regression'® (SR)."” SR can identify nonlinear
analytical expressions linking a target property to key input param-
eters, even with relatively small data sets. The absence of a prede-
fined functional form in symbolic regression necessitates the use of
optimization algorithms differing from conventional analytic or
numerical methods. However, these expressions may provide valu-
able insights into the underlying processes governing the property.

In this work, we develop analytical models that capture the
trends in the IMT in VO, influenced by different dopant control
parameters through the exploration of the symbolic search space.
Our data set, consisting of experimental data compiled from an
extensive literature survey over the past two decades, focuses on W
dopant-driven IMT of VO, at various concentrations. We focused
on W as a dopant since it is perhaps the most widely studied
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impurity in VO, and has broad relevance to development of ther-
mochromic materials for energy-efficient windows.'® In recent
years, similar compounds have gained importance in the design of
low-voltage switchable artificial neurons and oscillators for neuro-
morphic computing.'” We also contrast these studies against other
dopants wherever possible from literature data. We observe a dual
trend in the data set: one trend aligns with the prediction by the
free energy-based analytical model developed by Adler et al.,”**'
while a second trend has not been noted earlier. Drawing inspira-
tion from the Adler model, we develop a generalized analytical
expression capturing the trend in IMT against different dopant
concentrations in the symbolic space. Our model captures both the
trend and variability in the experimental observations and ties
them to the fundamentals of semiconductor physics. Additionally,
we analyze other dopant candidates and their influence toward
IMT in VO,. Our analysis reveals qualitative understanding of the
preference of dopants for tuning the properties of these systems.

METHODS
Symbolic regression workflow

The symbolic regression workflow utilized in this study is
illustrated in Fig. 1(a). It involves four main steps for developing a
complete symbolic regression model. Initially, the data set is ana-
lyzed to identify existing trends. Data that is extremely noisy or
clean based on presumed correlations can adversely affect both the
accuracy of the model and the insights gained from the data.
Therefore, trends with prominent segregation in features are sepa-
rated, and a symbolic model is developed for each trend. The sym-
bolic regression section of the workflow employs the PySR
package,”* which implements an evolutionary algorithm-based

multi-population approach. The main loop of PySR operates on ¢
each population independently and utilizes a classic evolutionary |

algorithm based on tournament selection for individual. The goal
is to identify simple analytic expressions for accurate and interpret-
able models. Additionally, the PySR regression package implements
a simulated annealing-based approach to accept or reject muta-
tions, which helps retain diversity and aids in convergence for a
given population. During training, multiple symbolic searches are
conducted with random initialization. After training, several sym-
bolic models capturing trends in the data with various degrees of
complexity are obtained. Appropriate selection of the simplest
model (least complexity) based on the physics behind the captured
data is crucial (see the model selection section in Methods). If a
satisfactory model is obtained, we stop the symbolic search.

Adler's model for semiconductor-to-metal transition

The model developed by Adler et al.”’”*' represents one of the
earliest analytical frameworks used to describe semiconductor-
to-metal transitions observed in correlated complex oxides such as
VO,. Their model hinges on the understanding that the transition
stems from distortions within the crystalline structure, resulting in
diminished symmetry and the emergence of ion pairings within a
one-dimensional crystal lattice. By assuming narrow 3d bands
within transition metal oxides, they were able to establish the corre-
lation between the energy gap and the concentration of carriers.
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FIG. 1. Symbolic regression for modeling dopant-mediated metal-to-insulator transition in VO,. (a) The workflow for developing a symbolic regression model.
(b) Metal-to-insulator transition incorporating the transition from the insulating monoclinic state (M) to the metallic rutile state (R). (c) Experimental data for the IMT tempera-

ture for different concentrations of tungsten (W) doping.

The assumption is that the energy gap introduced is directly linked
to the degree of structural distortion, even as it becomes substantial.
As temperature rises, electrons are stimulated to cross this gap.
Consequently, the system’s free energy can be derived to determine
the necessary degree of distortion for energy minimization. The
free energy of the system as a function of the concentration of free
carriers and temperature can be given as”’

F(x, y) :_y(l—g) 1 2
2NkgT 4 1

+(1—x) In(1—x), 1)

2
3x> +xInx

where x is the intrinsic carrier concentration, § is associated with
the distortion in the electronic band structure, and F(x, y) repre-
sents the free energy of the semiconducting state, where y is
inversely proportional to the temperature (T). This equation can be
further extended by considering the additional extrinsic carriers
due to donor dopants and the introduction of associated strain
energy, leading to a modified equation analogous to Ref. 21
(equation 4.11). We assume & = 0.438, suitable for VO,, as within

the narrow band limit, it provides a close estimation of bandgap to
transition temperature ratio.”” Subsequently, the free energy of the
metallic state can be determined as**"'

F Met
2NkgT

= —0.693 + x3. )

Here, x; represents the dopant concentration (x; < 1). There
exists a point at which the free energy of the metallic phase
becomes lower than that of the semiconducting phase, leading to a
first-order transition.

Basis set and model selection

A challenge associated with the development of any symbolic
model is the presence of redundant expressions. These expressions
may capture the data within the limited window to which they are
exposed, but they often tend to be overly complex and may miss
the underlying physics. To ensure clarity, the first step is to choose
the optimal basis set that captures the physics essential for the
model. Our basis set selection is, thus, inspired by the Adler model.
One challenge with the Adler model is that it implicitly assumes a
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structural phase transition (SPT) occurs alongside the
insulator-to-metal transition (IMT), which may not always be the
case. For example, a Mott insulator can undergo a first-order
metal-insulator transition (MIT) due to the breakdown of strong
electron—-electron Coulomb interactions, without an accompanying
SPT. In contrast, the Peierls MIT is typically accompanied by an
SPT.”” It remains a matter of debate which mechanism dominates
in practical scenarios and could be material specific. Additionally,
an IMT can occur without structural changes, such as under
pressure-induced electronic shifts, particularly due to extrinsic car-
riers introduced by external dopants.”” Nonetheless, the foundation
of the Adler model primarily relies on the relationship between free
energy and electrical conductivity, which should hold under
varying conditions, as described by the equation for electronic free

20
energy,

Fq = (N — n)E, + nE. + 2nkzT In N n

- ZNkBT In

N_1' 3)

The first two terms on the right represent the system’s energy
at zero temperature (E, and E_, which are the energies of the top of
the valence band and the bottom of the conduction band, respec-
tively, n is the concentration of carriers in the conduction band,
and N is the total number of carriers), while the remaining two
terms account for the entropy contribution to the free energy.
Whether the SPT follows or occurs alongside the IMT, the corre-
sponding free energy change and the entropic contribution from
extrinsic carrier concentrations significantly impact the total free
energy. The entropic contribution follows a logarithmic form, and
the free energy change is linked to the IMT. The first two energy
terms depend on the mechanism involved, which should, in some
way, correlate with the extrinsic carriers. For our application,
inspired by this, we limit our basis set to logarithmic and polyno-
mial functions, allowing for insightful interpretation of the sym-
bolic expressions while adhering to Adler’s model. The second part
of the challenge involves eliminating redundant models. We
employ a two-step process to achieve this. First, the model with the
least complexity and lower mean absolute error (MAE) is selected.
In PySR, complexity is defined as the number of nodes in an
expression tree, regardless of each node’s content. During the
fitting process, an additional penalty to complexity is added by
introducing a “parsimony” (refer to note 1 in the supplementary
material) term,”*

I(E) = lprea(E) + (parsimony) - C(E). (4)

For an expression E, the total loss term is I(E), lyreq (E) is the
prediction loss, and the complexity is C(E). With a suitable choice of
“parsimony” (see note 1 in the supplementary material), extremely
complex equations are avoided during the fitting process itself. After
removing equations based on their complexity and MAE error, we
select the final candidate based on physical criteria. The model
should be monotonously decreasing and exhibit no discontinuities or
sharp changes in gradients. Additionally, the model should not have
any singular points at lower dopant concentrations.

ARTICLE pubs.aip.org/aip/jap

RESULTS
Doping data set

The data set used for the development of the symbolic model,
as depicted in Fig. 1(c), comprises different experimental data
points showcasing the change in IMT of VO, for tungsten (W)
doping up to a doping concentration of 5%. A total of 56 points
are in the data set collected across a wide range of literature.' >~
As can be seen in the data set, there is some variability that we
have characterized. However, we carefully chose data sets from thin
films of W-doped VO, in almost all cases to minimize microstruc-
tural effects due to bulk or Nano confined crystals. While the thin
film deposition methods did vary between references such as sput-
tering, pulsed laser deposition, etc., we have limited to data from
such films. We hope this is a more representative sub-group of
experimental data despite differences in the deposition method. A
closer look at the data set reveals a dual nature of transition tem-
perature change [Fig. 2(a)]. We additionally validate the trends
mathematically (refer to note 2 in the supplementary material).
One trend (“trend 17) depicts relatively low depression in IMT
temperature with increasing W concentration [red points in
Fig. 2(a)], while the rest of the points indicate a second trend
(“trend 2”) with relatively high depression in temperature but noisy
in nature. Additional data’*~" include the rate of change (RC) (°C/
at. %) and IMT temperature for various dopant species [Figs. S1(a)
and S1(b) in the supplementary material].

From Adler's model to symbolic regression

With the analyzed experimental data, we further assess the
predictability of Adler models. As seen in Fig. 2(a), the Adler
model agrees relatively well with “trend 1,” indicating a relatively
low depression in IMT with increased W doping concentration.
However, the model disregards the rest of the points predominantly
observed in experiments. The occurrence of predominant trends
can be attributed to various factors. For instance, the extent of crys-
tallinity in VO, differs between monocrystal samples and polycrys-
talline films and powders,” leading to different rates of dispersion
in IMT. Additionally, the emergence of intermediate phasesf“ such
as the M2 phase identified owing to doping, can also significantly
contribute to the variability in experimental observations. The
preparation of the sample, strain in the lattice, and the mechanism
for dopant-induced phase change profoundly affect IMT, as previ-
ously observed in the VO, phase diagram.’' The effect of W
doping involves more than just the injection of electrons; it also
introduces lattice strain, making IMT a complex phenomenon
resulting from competitive interactions among electrons, orbitals,
and lattices. Although the Adler model initially captures specific
and more idealistic trends in the data (similar to single crystal), it
exhibits shortcomings in its idealistic assumptions that prevent it
from representing more realistic scenarios in IMT trends. The addi-
tional complexity associated with the experiments surpasses the
scope of the Adler model, which is based on ideal theoretical
assumptions. While the Adler model does not account for these
additional factors, it may serve as a valuable baseline model, pro-
viding a direct link between IMT and semiconductor physics.
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FIG. 2. Modeling trends in the IMT with symbolic regression. (a) Two different trends in the transition temperature with doping. (b) Modeling “trend 1” from (a) with symbolic
regression and the corresponding Adler model predicting similar values in temperature. (c) Parity plot displaying the predicted temperature against experimental tempera-

ture for the symbolic model along with the distribution of points along the x-y axis.

This foundational link is utilized by symbolic regression model
1 (SR1) as depicted in Fig. 2(b). The symbolic regression model is
based on the chosen basis set inspired by the Adler model,

1000
T = 7.35x4 — 0.0321n(100 — 100x,) + 3.12, (5)

where x; represents the dopant concentration and T represents the
IMT temperature. The equation is selected from a pool of approxi-
mately 500 candidates using the filtering criteria described in the
Method section. The cost complexity analysis (see Fig. S2 in the
supplementary material), involving the removal of unphysical equa-
tions, leads to the selection of this model. With less weight on the
logarithmic part compared to the linear and constant parts involving
the dopant, the electronic changes associated with IMT depression is
less pronounced. The logarithmic factor generally originates from
electronic entropic contribution free energy in the Adler model. The
model also captures the trends with a mean absolute error (MAE) of
1.9K [see Fig. 2(c)].

Symbolic model capturing “trend 2” in the data

We next developed symbolic models based on “trend 2” of the
data set, as depicted in Fig. 2(a). The data set yields inherent vari-
ability associated with the experiments. Despite this variability,
there is a general trend showcasing depression in IMT temperature
with increasing W doping concentration. Regardless of the variabil-
ity, for any physics-driven process, there are threshold limitations
that inherently possess upper and lower bounds, irrespective of
extrinsic factors. In this case, we also observe both lower and upper
limits of IMT at any dopant concentration. Therefore, to develop an
unbiased model capturing the overall trend while considering vari-
ability as parameters, we fit both the upper and lower limits of the
data points [see Fig. S3(a) in the supplementary material] and sub-
sequently combine both models. Consequently, two models are
fitted as depicted in Fig. 3(a). The SR3 model has a MAE error

of 3.9K [Fig. 3(b)] with the upper limit of the data set points,
while the SR2 model on the lower limit of the data set has an
error of 2.2K [Fig. 3(c)], showcasing the ability of symbolic
models to capture the trend in the data. The SR2 and SR3 models
are given by

1000
SRy: = (—202.37x; — 940.45) In(100 — 100x,) + 4333.87,
(6)
1000
SRy:—r— = — 3145.8x4 — 3158.47In(200 — 200%,) + 16737.66,

™

observing equation SR2, at the upper threshold, the electronic
changes are coupled with structural changes (usually attributed to
the polynomial terms), causing the depression in IMT. However, at
the lower threshold, both electronic and structural changes contrib-
ute individually toward a more pronounced depression in IMT. This
indicates the variability in the mechanism of transition, as discussed
earlier. To develop a general equation of IMT with W doping, we
integrate SR2 and SR3 with an interpolation parameter g,

SRov = a*SRy + (1 —a)*SRs. (8)

a accounts for variability in experimental and associated manifesta-
tions of mechanistic differences during transition. Based on differ-
ent values of a, we may obtain different equations in the region of
trend 2. For a given dopant concentration, reducing a will cause a
drop in IMT [Fig. 3(d)]. As the dopant concentration increases, the
rate of reduction in IMT also decreases. For a dopant concentration
<lat. %, the mean rate of change (RC) (reduction), in IMT
observed for different levels of DFT theory”” and empirical model**
[Fig. 3(e)], displays large variability in the prediction primarily due
to the fixed functional form,"* which inhibits accurate mapping of
the phase space. Additionally, for empirical models, there is the
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dicted temperature against experimental temperature for the SR2 model. (d) Variation in IMT with “a” parameter attributed to structural change for different dopant concen-
trations. (e) Comparison of the average rate of change (reduction) (RC) (°Clat. %) for the symbolic models, DFT, and empirical*” models.

limiting nature of learning from the DFT data upon which the
model is built. These factors further deteriorate the performance.
The mean prediction of the symbolic models, however, to some
extent agrees with the DFT prediction at a very low concentration
<lat. %. In conclusion, the SR1 model demonstrates the utility of
symbolic regression in capturing trends in experimental data,
drawing on physics-based insights. Meanwhile, SR2 and SR3
improve upon the Adler model by incorporating additional mecha-
nistic complexity from experimental data, leading to expressions
better suited for predictions.

Dopant-driven structural and electronic changes
leading to IMT

The nature of the dopant has a profound effect on dictating
the IMT in VO,. While tungsten is the most widely used dopant to
modulate the IMT in VO,, other candidates have also been
explored. Here, we discuss 29 other dopants and their correspond-
ing effects on IMT and the rate of change (RC) (reduction) (°C/

at. %) utilizing an experimental data set, as depicted in Fig. 4(a),
collected from different pieces of the literature.”*™” The bubble
sizes [Fig. 4(a)] indicate the dopant concentration in at.%. It is
intuitive that upon doping, the dopant modifies the local VO,
structure either electronically, structurally, or in combination. In
substitutional doping, replacement of the transition metal cation V**
often occurs in a different formal oxidation state. Based on the
valency of the dopant, we can categorize the doping in three differ-
ent ways: i.e., hole doping (valency of dopant less than +4), neutral
doping (valency of dopant equal to +4), and electron doping
(valency of dopant greater than +4). For example, W dopant with a
+6 formal oxidation state provides additional electrons per dopant
atom to VO, due to a charge transfer between W and V*' ions,
causing the reduction of V¥ to V3* ions.”” In contrast, a dopant
like Ti with a +4-oxidation state is unlikely to alter the electronic
structure significantly due to the lack of charge transfer between
Ti** and V** ions. The overall effect of the oxidation state of the
dopant on IMT can be seen in Fig. 4(b). For hole doping (e.g.,
Cu’", Fe’*, and F7), the IMT is altered by either increment or
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dopant concentration-driven change in IMT for nominal isovalent doping (Ti) and electronic doping (W—SR2 equation). Black dotted lines represent the IMT of

undoped VO,.

reduction, but the degree of modulation is comparatively low. For
neutral doping, the IMT modulation is very small, and the mean
IMT remains very close to that of the undoped system. However,
electron doping significantly alters the IMT, primarily reducing it.
A similar trend can be observed for the rate of change (RC) (reduc-
tion) in Fig. 4(c). The predominant RC can be observed for elec-
tron doping. To understand the qualitative effect of the electronic
changes and structural changes, we compared the SR2 model for
W doping in VO, with neutral doping of VO, with Ti doping data
[Fig. 4(d)] collected from different literature studies.*>"”

The introduction of Ti*" induces negligible changes in the
valence band of VO,. Without a donor or acceptor nature of
doping, the mechanism of the regulation of Tc by Ti*" doping is
predominantly associated with the local structure perturbations
induced.”” At the same time, W replacement destabilizes the mono-
clinic phase through the disruption of the dimeric V**-V** bond
to form W®'-V>* and V*'-V" pairs, thus lowering the energy
barrier for the transition to the rutile structure. While both Ti**
and W®" have similar ionic radii*® [Fig. 4(d)], it is difficult to dis-
cretize the exact electronic and structural contribution during the
transition and compare. For dopants such as W, it is evident that
imminent changes in the electronic structure lead to structural

destabilization, altering the phase stability of the phases. This
further corroborates the development of a symbolic model with the
Adler model as a basis, which stems from electronic theory.

Feature-driven selection of dopants

To understand the correlation between dopant characteristics
and the relative effectiveness of tunability in IMT, we use a set of
relevant periodic table and electronic structure-based features for
dopant elements as depicted in Fig. 5. The features are based on
specific periodic table-based attributes such as group, column
number (atomic number), Mendeleev number, atomic weight, row,
valency, ionic radius, and element block (s, p, d, and f), as well as
electronic properties. We select the last two orbital attributes of the
electronic configuration of the element, such as principal quantum
number (nl and n2), types of orbital (ol_s, 02_s, etc., for s and p
orbitals), and number of electrons (el and e2) in them. Through
feature-driven correlation analysis, we shed light on the attributes
crucial for the choice of dopants. The feature importance is com-
puted using SHAP (SHapley Additive exPlanations)® [Figs. 5(a)
and 5(b)] using random forest (RF) models that are fitted to
predict IMT and RC on the constructed feature space. For fitting
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FIG. 5. Feature-driven analysis of the influence of dopants on the IMT and RC [rate of change (reduction)] (°C/at. %). (a) SHAP importance of different features computed
from a fitted random forest model for predicting IMT. (b) SHAP importance of different features computed from a fitted random forest model for predicting RC. (c) Overall
importance of the features of the dopant species in predicting IMT and RC, along with the connectivity among the features shown as a dendrogram.

the random forest models, a fivefold cross-validation strategy was
used, and SHAP was applied to each fold separately and the results
were combined afterward. As depicted in Fig. 5(a), the most impor-
tant feature for predicting IMT is el, indicating that elements with
partially filled last s orbitals (low feature values) (e.g., Nb and Mo)

are likely to impact IMT negatively (reduce it) compared to
dopants having filled s orbitals. Apart from dopant concentrations
(at. %), we see that valency can impact IMT, particularly for the ele-
ments with high valency [Fig. 5(a)] are likely to reduce it. For RC,
we see a different trend, as valency has the most importance, with
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high-valent dopants likely to have a positive RC (reduce IMT).
Other important features include atomic weight and atomic
number. Additionally, we see that ionic radius impacts IMT, with
elements having a low ionic radius likely to have a positive RC con-
tribution (reduce IMT) (e.g., Boron) compared to elements with a
high ionic radius (e.g., Tb). Overall normalized feature importance
is given in Fig. 5(c). It is also imperative to remember that some of
these features are correlated among themselves. Hence, to present
the degree of correlation between features, we also showcase a den-
drogram in Fig. 5(c). The height of the dendrogram represents the
similarity among the features. For example, one can start from the
extreme bottom left side of the dendrogram with two connected
features (block_d and O2_d), which are practically the same. As
one moves upward, it gets connected with ol_s. The d block ele-
ments share some degree of similarity in the electronic structure of
the last s orbital. Overall we can see that valency, ionic radius,
atomic number, and dopant concentration are among the crucial
factors that dictate IMT in VO,.

DISCUSSION

Modulating the insulator-metal transition (IMT) temperature
through aliovalent doping is an effective method for regulating
carrier concentration, offering a robust means to adjust device per-
formance. While tungsten (W) is widely explored for this purpose,
other dopants also influence the IMT in VO,. Given the complexity
of experiments and limited experimental data, we have developed
symbolic models to capture IMT trends in VO, under various
dopant control parameters. The symbolic models, namely, SRI,
SR2, and SR3, encompass the dual trend observed in the data set.
Specifically, SR2 and SR3, along with a correlation parameter a,
effectively capture the variability in experimental conditions and
transition mechanisms, aligning with the principles of semiconduc-
tor physics. These models provide valuable alternatives to experi-
ments, with the a parameter requiring significantly fewer trials for
determination, facilitating extrapolation to other dopant concentra-
tions. Furthermore, our analysis of different dopant candidates
sheds light on specific dopant features critical for tuning the prop-
erties of VO, systems, aiding in informed dopant selection for
desired device characteristics. Our approach may be effective for
exploring other phase change materials by modeling the control
parameters and their effect on the phase space.

SUPPLEMENTARY MATERIAL

The supplementary material consists of data sets used to
develop the SR model and related analysis.
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