Chin. Phys. B 32, 056302 (2023)

DATA PAPER

Evaluating thermal expansion in fluorides and oxides:
Machine learning predictions with connectivity descriptors

Yilin Zhang(FK#k %) "7, Huimin Mu(F2Z80)>7, Yuxin Cai(Z/ k)T, Xiaoyu Wang(F N 5)2,
Kun Zhou(J&3)!, Fuyu Tian(FH{k4E)!, Yuhao Fu(f4E5%)>>*, and Lijun Zhang(3K37.%)133

1 State Key Laboratory of Integrated Optoelectronics, Key Laboratory of Automobile Materials of MOE,
College of Materials Science and Engineering, Jilin University, Changchun 130012, China
ZState Key Laboratory of Superhard Materials, College of Physics, Jilin University, Changchun 130012, China
3International Center of Computational Method and Software, Jilin University, Changchun 130012, China

(Received 15 April 2023; revised manuscript received 17 April 2023; accepted manuscript online 18 April 2023)

Open framework structures (e.g., ScF3, Sc; W30y, etc.) exhibit significant potential for thermal expansion tailoring
owing to their high atomic vibrational degrees of freedom and diverse connectivity between polyhedral units, displaying
positive/negative thermal expansion (PTE/NTE) coefficients at a certain temperature. Despite the proposal of several physi-
cal mechanisms to explain the origin of NTE, an accurate mapping relationship between the structural-compositional prop-
erties and thermal expansion behavior is still lacking. This deficiency impedes the rapid evaluation of thermal expansion
properties and hinders the design and development of such materials. We developed an algorithm for identifying and char-
acterizing the connection patterns of structural units in open-framework structures and constructed a descriptor set for the
thermal expansion properties of this system, which is composed of connectivity and elemental information. Our developed
descriptor, aided by machine learning (ML) algorithms, can effectively learn the thermal expansion behavior in small sample
datasets collected from literature-reported experimental data (246 samples). The trained model can accurately distinguish
the thermal expansion behavior (PTE/NTE), achieving an accuracy of 92%. Additionally, our model predicted six new ther-
modynamically stable NTE materials, which were validated through first-principles calculations. Our results demonstrate
that developing effective descriptors closely related to thermal expansion properties enables ML models to make accurate
predictions even on small sample datasets, providing a new perspective for understanding the relationship between con-
nectivity and thermal expansion properties in the open framework structure. The datasets that were used to support these
results are available on Science Data Bank, accessible via the link https://doi.org/10.57760/sciencedb.j00113.00100.
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1. Introduction

Thermal expansion is a ubiquitous phenomenon that ma-
terials experience a change in volume in response to changes
in temperature, and uncontrolled thermal expansion can impair
device performance and accuracy.!'"?) Thermal management
issues restrict the practical application of these devices.[>* A
promising strategy to mitigate this issue is to combine positive
and negative expansion materials to achieve low or near-zero
thermal expansion. >~ Despite ongoing efforts, the discovery
of matching negative thermal expansion (NTE) materials has
proven challenging due to their rarity and the lack of a unified
explanation for NTE, unlike positive thermal expansion (PTE)

U0 The current

which can be attributed to anharmonic effects.
explanations for the intrinsic NTE within a homogenous solid
typically involve both structural (e.g., tension effects and rigid
unit modes (RUMs)) and electronic mechanisms (e.g., electron
transfer, and ferroelectric/magnetic phase transition).!!!!2]

NTE materials driven by structural factors exhibit a broad tem-
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perature range of thermal contraction compared to NTE mate-
rials induced by electronic mechanisms.!'3!#! This wide op-
erating NTE temperature range makes them promising can-
didates for various applications, such as high-precision op-
tics on satellites for deep space exploration.['>] Therefore, a
deeper understanding of the mechanisms behind structural-
driven thermal expansion materials can accelerate the discov-
ery and application of both PTE and NTE materials.

Metal fluorides and oxides in flexible networks are im-
portant materials that have received significant attention.[!6-2?]
These compounds consist of polyhedral units linked by bridg-
ing atoms, and the polyhedral units are generally rigid. Lattice
vibrations occur perpendicular to the axis of the polyhedron,
and the collective motion of these rigid units can be analyzed
using the concept of RUMs.?3! For example, ZrW,Os is a rep-
resentative oxide material, where the low-frequency transverse
phonon modes of bridging oxygen atoms result in coupled ro-
tations of the essentially corner-sharing rigid polyhedral units,
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leading to NTE.[2425] Besides, there exists a close correla-
tion between the connectivity of structural units and the ther-
mal expansion behavior. In Cu,V,072%! and Zrw,0g,12>%7]
the dominant connection pattern between polyhedral units is
shared vertices, and the corresponding coefficient of volu-
metric thermal expansion can reach to —60.6 ppm/K and
—28.2 ppm/K, respectively. Conversely, for materials that
exhibit large PTE, such as Fe,SiO4 (37.8 ppm/K)[?8! and
NaMgF; (88 ppm/K),?") their structures are primarily es-
tablished through coplanar and collinear connections among
units.

In fact, framework structures can be viewed as being con-
nected by structural units, and their connectivity can theo-
retically be extracted. Recent studies have begun to investi-
gate the relationship between thermal expansion and structural
characteristics.3*3%] The concept of average atomic volume
(AAV) was proposed to study cyanide NTE systems, where
CN ligands bridge polyhedral units.[*!] The study suggests a
positive correlation between NTE intensity and AAV. Specif-
ically, a larger AAV, which indicates greater vibrational de-
grees of freedom of the transverse group (CN ligands), is as-
sociated with a more significant NTE. Additionally, an inves-
tigation was conducted to examine the impact of twin bound-
aries on thermal expansion.??] The results showed that the
thermal expansion of SnO; twinning decreased significantly
with an increase in the number of corner-sharing oxygen an-
ions between polyhedrons. Conversely, as the number of edge-
sharing connections between polyhedrons increased, the ther-
mal expansion behavior intensified. These studies suggest that
the connectivity in flexible network materials has a significant
influence on the thermal expansion behavior. Specific connec-
tion patterns between polyhedral units can lead to a decrease
in thermal expansion or even NTE. Fortunately, with the ad-
vancement of machine learning (ML) techniques, 33391 it is
now possible to leverage ML models to uncover the relation-
ship between connectivity and thermal expansion behavior.

In this study, a combination of first-principles calcula-
tions and ML algorithms was used to predict the thermal ex-
pansion behavior of binary and ternary oxides and fluorides
with a framework structure. The selection of materials for
this study was based on previous literature reports, including
246 samples. Initially, an efficient algorithm was developed
to extract the connectivity in framework structure materials.
Then, ML algorithms were employed to predict the thermal
expansion behavior of oxides and fluorides based on struc-
tural features and elemental features. Despite the challenges
posed by a limited dataset and complex symmetry, the accu-
racy of 92% is achieved by the trained model by leveraging
connectivity features based on the validation set. Moreover,
the trained models effectively predict eight negative NTE can-
didate materials in new binary oxides and fluorides, obtained

by replacing metal atoms with main-group elements. Two of
them have been experimentally and theoretically confirmed,
while the remaining six materials, reported for the first time
in this study, were validated by negative averaged Griineisen
parameters through first-principles calculations.

2. Methods

We employed first-principles density functional theory
(DFT) calculations implemented in the Vienna Ab initio Sim-
ulation Package code (VASP) to relax the structure and deter-
mine the total energy. [**~*?] The ion—electron interactions and
exchange—correlation functional were described by the projec-
tor augmented wave (PAW) method!*’! and the generalized

nl* of Perdew, Burke, and Ernzerhof

gradient approximatio
(PBE),®! respectively. To ensure accurate structural opti-
mizations, we used an energy cutoff of 520 eV for the plane-
wave basis set with a k-points mesh of 27 x 0.16 A=, Us-
ing our in-house developed high-throughput computing codes
(JAMIP, Jilin Artificial-intelligence aided Materials-design In-

tegrated Package), [40-47]

we optimized all structures until the
total energy and residual forces of each atom converged to
10~* eV and were smaller than 1073 eV-A~!, respectively.
To classify the thermal expansion behavior (PTE/NTE), we
trained six binary classification models, including logistic
regression (LR),[?8) k-nearest neighbor classifier (k-NN), 48]
support vector machine (SVM),13®! decision tree (DT),*"]
random forest (RF),1**! and gradient boosting decision tree
(GBDT),!*! based on the 5-fold cross-validation approach.
80% of the total dataset was selected as the training set and
20% as the validation set. The hyperparameters of each model
were determined through a grid search method to identify the
optimal parameters, and accuracy was used to evaluate the per-
formance of these models.

Phonon dispersions and the phonon density of states
(PDOS) of the NTE material predicted by the ML models were
calculated through the real-space supercell method and the fi-
nite displacement approach implemented in the PHONOPY
package.*’! The volumetric coefficient of thermal expansion
can be written as
Cv (1) ¥(T) |

BV )
where Cy(T), ¥(T), B and V represent the specific heat, aver-

ay (T) =

aged Griineisen parameter, bulk modulus, and volume, respec-
tively. At any temperature, Cy, B, and V are positive quanti-
ties. Therefore, the sign of ¥(T') plays a crucial role in de-
termining the thermal expansion behavior of a material. The
averaged Griineisen parameter is expressed as

_ 1
y(T) = o (M) quv YavCaq.v, (2)

where Cq, and 7y, represent the mode heat capacity and
mode Griineisen parameters at wave vector ¢ and band in-
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dex v, respectively. The mode Griineisen parameters were ob-
tained by computing the logarithmic derivatives of phonon fre-
quencies with respect to volume change, achieved by expand-
ing/compressing the lattice with strain € = £1%. A phonon
momenta g mesh of 20 x 20 x 20 was used in the calculations
of the thermal properties.

3. Results and discussion

Our dataset is based on the collection of PTE and NTE
materials reported in the literature (see Table S1 in supple-
mentary materials), with structures sourced from ICSD and the
Materials Project. As shown in Fig. 1, there are a total of 246
samples, including 206 oxides (60 binaries and 146 ternaries)

and 40 fluorides (25 binaries and 15 ternaries) with 46 symme-
tries. All structures were optimized using first-principles DFT
calculations. Then, we extracted the corresponding structural
features, including connection patterns, AAV, and porosity, us-
ing our developed algorithm. In addition, we incorporated four
elemental features. With the aid of ML algorithms, we per-
formed binary classification training for thermal expansion be-
havior (PTE/NTE). Subsequently, high-accuracy trained mod-
els were used to predict NTE candidates in a new dataset gen-
erated by substituting main group elements into the binary ox-
ides and fluorides in the initial dataset. Among the screened
NTE candidates, we further identified thermodynamically sta-
ble materials and verified their NTE properties by negative
Griineisen parameter according to Eq. (2).

Dataset
(246 samples | 46 symmetries) :

Structural optimization ]( ML algorithms ]

(DFT) (PTE | NTE)

E> Binary oxides (60) i >
1
1

> Binary fluorides (25)i -t ( Features engineering

] > LR > DT

» Ternary oxides (146)
» Ternary fluorides (15)

|
= I » Structural features

» Elemental features

» k-NN » RF
J » SVM » GBDT

Substitute

Flowchart

New binary dataset

» Oxides (83)
> Fluorides (34)

O Trained

( NTE candidates ]

classification
model

verified by DFT
calculations

Fig. 1. Research flowchart including the composition of the database, six ML algorithms employed, prediction and validation of NTE candidates

in the new unexplored binary dataset.

Recent studies have begun to explore the relationship be-
tween structural degrees of freedom and material thermal ex-
pansion, but they are still limited to simple geometric descrip-
tors or finite symmetric systems.*!=33! For instance, the AAV
concept is defined as the average volume occupied by each
atom in the structural unit, but most of the structural fea-
tures are lost due to its relatively simple averaging statisti-
cal method.®!l Furthermore, research on polyhedral config-
urations is restricted to a few symmetric structures or fixed
chemical formulas.®>3! The main challenge is the lack of a rea-
sonable method for determining polyhedral units and no feasi-
ble statistical method for describing the connectivity between
these units. Herein, we propose an efficient algorithm to ad-
dress these challenges and further deepen our understanding
of the thermal expansion behavior of materials by exploring
the connectivity between structural units.

Taking the NTE oxide Dy,Mo4O15 with complex geo-
metric configurations as an example, its structure consists of
DyO; pentagonal bipyramids, MoOy tetrahedra, and MoOs
trigonal bipyramids,’>°! as shown in Fig. 2(a). By selecting
the n-th cation (central atom) in such polyhedral units and
calculating the bond lengths /; (i corresponds to the index of
bond lengths from short to long) between neighboring anions

(terminal atoms), the bond length distribution presents a step-
like distribution (Fig. 2(b)). The bond lengths within the same
polyhedron are close, while the bond lengths between anions
of different polyhedrons are distributed in another value step.
Therefore, for the coordination environment of each central
atom, we can use the bond length change rate p;' to obtain the
number of terminal atoms:
oA 5
Tk n

1

where the coordination number corresponds to the maximum
change rate index i. As shown in Fig. 2(b), the peaks of p}'
indicate that Dy is coordinated with 7 oxygen atoms (the grey
peak), while Mo exhibits 4- and 5-coordination environments,
corresponding to the blue and red peaks, respectively.

It can be observed that the composition of a polyhe-
dron consists of one central atom and several terminal atoms
(vertices). Therefore, by analyzing the vertex sharing be-
tween polyhedral units, we can determine the connection pat-
terns between them. The number of shared vertices between
each polyhedron and its neighboring polyhedrons is shown in
Fig. 2(c). Taking the MoOjs trigonal bipyramid in Dy,Mo40;5
as an example (with five vertices, i.e., oxygen atoms labeled as
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01, 02, 03, 04, and 05), it is connected to three DyO7 pen-
tagonal bipyramids (labeled as A, B, C) and one MoOs trigo-
nal bipyramid (labeled as D) and MoQ;, tetrahedron (labeled
as E). The shared vertices are listed in Fig. 2(c) as a connec-
tion matrix. Based on the connection matrix, we find that the
O1 vertex is shared with polyhedral units A and E, and O2
is also shared with polyhedron A. O3, O4, and OS5 are shared
with polyhedral units B, C, and D, respectively. In addition,
the vertex sharing among the neighboring polyhedrons (A, B,
C, D, E) can also be tracked, which is designated by the black

dashed box. It is noticeable that among the polyhedral units,
only A and E share the O1 (marked in red with coordinate 7;),
while the others are mutually independent, meaning that no
other oxygen atom shares the same coordinates except for O1.
Therefore, we can conclude that the MoOjs trigonal bipyramid
shares only one point (vertex) with B, C, and D units, and this
type of connection can be named as “co-point” connection, as
shown in Fig. 3. O1 and O2 form an edge that is shared be-
tween MoOs and unit A (named “co-edge” connection), while
unit E is connected through an “edge-connected” connection.

(a)

=
Z

Bond length I; (A)
o - N W &~ !

(©) | Connection matrix
MoO; o1 02 03 04 05
------ 1
| DYO,(A) y (1)  1(r2) 0 0 0
1
i Dyo;(B) 1 0O o 1@y 0 0
1
: DyO,(C) 1 O 0 0 1(rY) 0
1
: MoOs;(D) 1 O 0 0 0 1(ry") —
1 1
1 MoO,(E) 1 1(rq) 0 0 0 0
r(0)  DyO;(A) DyO;(B) DyO;(C) MoOs(D) MoO,(E)
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Fig. 2. (a) Schematic representation of the Dy,Mo4Os structure, which comprises three distinct types of polyhedral units (DyO7 pentagonal
bipyramids, MoOy tetrahedra, and MoOjs trigonal bipyramids). The inset shows the connectivity of MoOs trigonal bipyramids with surrounding
polyhedrons. (b) Determination of polyhedral configurations based on bond length variation rates. (c) Connection matrix of the MoOs trigonal
bipyramids with surrounding polyhedrons and the shared vertices of surrounding polyhedral units.

Overall, each polyhedron in the structure was assigned
a corresponding connection matrix, and the atoms (cations
and anions) in each polyhedron were labeled. Based on these
matrices and the vertices sharing information about neighbor-
ing polyhedral units, we could analyze more complex polyhe-
dral connection patterns. As shown in Fig. 3, there are eight
connection patterns for framework oxides and fluorides, in-
cluding co-plane (Cy), co-edge (C;), co-point (C3), tri-point
(C4), quadri-point (Cs), edge-connected (Cg), atom-bridged
(C7), and unbridged connections (Cs). These connectivity fea-
tures were averaged over each polyhedral unit to mitigate er-
rors arising from disparate structural unit sizes. Together with
the AAV and porosity (the percentage of non-polyhedral space
in the structure), these features constitute a total of ten struc-
tural features. In addition to these structural features, we also
incorporated elemental features based on atomic mass, includ-
ing cation density (CD), anion mass density (AD), total atomic
mass density (TAD = CD + AD), cation-to-anion mass ratio
(CMR). All features and labels (i.e., PTE and NTE) are listed

in Table S2.

As shown in Fig. 4(a), based on the features described
above, the ML models achieved accuracies of 84% (SVM),
86% (LR, k-NN and DT), and 92% (RF, GBDT), respectively.
The ensemble models, RF and GBDT, outperformed the oth-
ers with higher accuracy, and their ROC curves reached 90%
and 91% (Fig. 4(b)), indicating a high probability of correctly
classifying positive and negative expansion behaviors. Addi-
tionally, facing the challenges of the limited dataset and com-
plex symmetry, the results of the confusion matrix (the inset
of Fig. 4(b)) demonstrated that descriptors based on struc-
tural connectivity can effectively identify the thermal expan-
sion behavior of materials. Then, the new dataset was obtained
by substituting metal elements in binary fluorides and oxides
with main group elements, yielding a new compound named
“x_initial structure”, where x denotes the substituting element.
For instance, Cr_MoOs signifies the substitution of Cr for Mo
in MoO3. And the new feature set is listed in Table S3. The
trained RF model and GBDT model were used to predict the
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thermal expansion behavior of these materials. To illustrate
the influence of connectivity on thermal expansion in a more
intuitive way, we defined a simple connectivity factor ) based
on connection patterns as follows:

X = (Zi=3,4,5,8 Ci— Zj=1,2,6,7 Cj) -AAV -porosity, (4)

where Y;_3 4 5 3 C; represents the sum of connection patterns
that promote higher degrees of freedom between units (e.g.,
co-point (C3)), while };_; » ¢ 7C; represents the sum of con-
nection patterns that decrease degrees of freedom (e.g., co-
plane (Cy)). The product of AAV and polyhedral porosity is
used to evaluate the overall freedom of structure. As shown
in Figs. 3(c) and 3(d), materials with predicted probabilities
below 50% were classified as PTE (colored red), while those
above 50% were classified as NTE (colored blue). We pre-
dicted 10 fluorides and 25 oxides with NTE (see Table S4). It
is evident that the connectivity factor effectively distinguishes
between PTE and NTE materials, with a general trend of the
larger factor indicating the higher likelihood of NTE. This
trend demonstrates that there is a close correlation between
the connectivity of structural units in framework materials and
their thermal expansion behavior.
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Fig. 3. Structural and elemental features used for ML model training, includ-
ing eight connection patterns, AAV, and porosity as structural features, and
four elemental features based on atomic mass. Vp and Vply represent the unit
cell volume and the volume of polyhedral structures in the unit cell, respec-
tively. N, N, and N, represent the total number of atoms, cations, and anions
in the unit cell, respectively, while m and m, correspond to the masses of
cations and anions.
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Fig. 4. (a) Accuracy of six trained binary classification models. (b) ROC curve and confusion matrix of the RF and GBDT models with high accuracy.
Predicted NTE candidates in new binary (c) fluorides and (d) oxides ranked by connectivity factor in order using the trained RF and GBDT models.

To identify potential candidates for NTE, we conducted
first-principles calculations to optimize the structures of the
predicted materials and calculated their phonon spectra. The
absence of imaginary frequencies in the phonon spectra is
an important indicator of thermodynamic stability in solids.

Eight compounds exist stable phonon spectra without imag-
ination frequency, including two fluorides and six oxides la-
beled in Figs. 4(c) and 4(d), respectively. For binary fluorides,
V_NbF; and Zr_TiF; have the same cubic structure formed
by the corner-sharing octahedra. Their phonon spectra dot-

056302-5


https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/accdca

Chin. Phys. B 32, 056302 (2023)

ted the low-frequency negative Griineisen parameters (marked
by blue circles), as shown in Figs. Sla and S1b. From the
analysis of PDOS, it is evident that NTE primarily arises from
the low-frequency phonon vibrations of the F atoms. It is
noteworthy in binary oxides that the trained ML modes ac-
curately predicted the reported NTE of Au,O (i.e., Au_Ag,O)
and Cuy0 (i.e., Cu_Agr0), which have been experimentally
and theoretically confirmed.>'3?] Their NTE can be attributed
to the dominant low-frequency liberational modes of the metal
atoms, which is consistent with the results of PDOS shown in
Figs. S1(c) and S1(e).

0 S
\ — 50K
=1 -~ 300 K
I 5 10
—4 + V_NDF, 0217 T, ;
a Zr_TiF3 1"
= Cd_ZnO 3 A
-6 Mg_BeO = Oy
= Ag_CuO —50 K
s AL B-GazOs -- 300 K
—8l —0.2
0 200 400 0 5 .- )10
w VA
Zr
b
'y
)
< M (0.5 0 0) S M (0.50.50)

Fig. 5. (a) Temperature-dependent Griineisen parameters for six predicted
thermodynamically stable NTE materials. (b) Reduction of low-frequency
phonon modes with increasing temperature in the oxide Cd_ZnO and the flu-
oride Zr_TiF3. (c) Low-frequency phonon vibration modes of bridged atoms
in the oxide Cd_ZnO and the fluoride Zr_TiF5 at the high-symmetry points
featured with large negative Griineisen parameters.

Subsequently, we calculated the temperature-dependent
averaged Griineisen parameters for the remaining materi-
als that have not been experimentally investigated, including
V_NbF;, Zr_TiF3;, Cd_ZnO, Mg_BeO, Ag_CuO, and Al_f3-
Ga03. As shown in Fig. 5(a), these materials exhibit neg-
ative ¥(T') regions, meaning the negative volumetric thermal
expansion behavior according to Eq. (2). Meanwhile, it also
validates the feasibility of predicting NTE materials based on
connectivity between polyhedral units. We chose Cd_ZnO and
Zr_TiF; as representative materials to investigate the mecha-
nisms underlying their NTE behavior, as they exhibit relatively
wide NTE temperature ranges. The NTE of Cd_ZnO was in-
duced by the low-frequency vibrational modes of the Cd metal
atoms (the upper panel in Fig. 5(b)), while the NTE of Zr_TiF3,
as mentioned earlier, was attributed to the low-frequency vi-
brational modes of the F atoms (the lower panel in Fig. 5(b)).
By examining the low-frequency phonon modes at the high-
symmetry point M featured with large negative Griineisen pa-
rameters obviously in the phonon spectra (Figs. S1(b) and

S1(d)), we observed that the low-frequency transverse vibra-
tion of the bridge atoms (F and Cd) drives the rotation of poly-
hedral units, as shown in Fig. 5(c), leading to the thermal con-
traction. Thereby, it is reasonable that with increasing tem-
perature, the low-frequency phonon modes weaken while the
high-frequency phonon modes strengthen, facilitating the tran-
sition towards positive expansion, as depicted in Fig. 5(b).

4. Conclusion

We propose an algorithm to characterize the connectiv-
ity in an open framework system and construct a descriptor
set containing connection patterns between polyhedral units
and elemental information for the ML classification model
of material thermal expansion properties. Despite the small
size and significant structural and chemical composition dif-
ferences in our training/test dataset, which is based on experi-
mental data and contains slightly over 200 samples, our trained
model achieves a high prediction accuracy of 92%. This result
demonstrates the effectiveness of our descriptor set in accu-
rately predicting the thermal expansion behavior in this sys-
tem. Furthermore, by substituting elements in experimental
structures, we construct a new unexplored dataset of binary
compounds (83 oxides and 34 fluorides). Based on the trained
ML model, we predict eight thermodynamically stable NTE
materials, including two materials that have been experimen-
tally and theoretically confirmed, and the remaining six mate-
rials that have not been reported before. We confirm the NTE
properties of these six materials through first-principles cal-
culations, further demonstrating the reliability of our predic-
tion model. Our results deepen the understanding of the rela-
tionship between the connectivity of framework structures and
thermal expansion behavior. The connectivity-based descrip-
tors provide a novel insight into predicting thermal expansion
behavior, which could accelerate the design of materials with
tailored thermal expansion properties.
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