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Despite the usage of both experimental and topological methods, realizing a rapid and accurate measure-
ment of the onset temperature (Tg) of GexSe1�x glass transition remains an open challenge. In this paper, a
predictive model for the Tg in GexSe1�x glass system is presented by a machine learning method named
feature selection based two-stage support vector regression (FSTS-SVR). Firstly, Pearson correlation coef-
ficient (PCC) is used to select features highly correlated with Tg from the candidate features of GexSe1�x

glass system. Secondly, in order to simulate the two-stage characteristic of Tg which is caused by struc-
tural variation with a turning point at x = 0.33 via the structural analysis, SVR is utilized to build predic-
tive models for two stages separately and then the two achieved models are synthesized using a
minimum error based model for Tg prediction. Compared with the topological and other methods based
on SVR, the FSTS-SVR gives the highest predictive accuracy with the root mean square error (RMSE) and
mean absolute percentage error (MAPE) of 10.64 K and 2.38%, respectively. This method is also expected
to be more efficient for the prediction of Tg of other glass systems with the multi-stage characteristic.

� 2019 Science China Press. Published by Elsevier B.V. and Science China Press. All rights reserved.
1. Introduction

GexSe1�x glass system has already been extensively studied due
to its glasses possessing excellent transparent property in the far-
infrared wavelengths range and considered as model binary cova-
lent glasses [1–6]. The influence of temperature on its properties is
a key issue, particularly for onset temperature of glass transition
(Tg) at which the amorphous material begins converting between
viscous or rubbery and glassy states. The Tg is of primary impor-
tance not only at various processing stages, but also to estimate
the stability of glass parts in service. Furthermore, the Tg of Gex-
Se1�x glass system covers a wide range from 316 to 683 K [7,8].
However, when measuring the Tg of GexSe1�x glass system, the
usages of diverse measurement methods and preparation methods
always result in different degrees of deviation. To this end, it is of
great significance to study the Tg of GexSe1�x glass system.

Compared with that of AsxSe1�x glass system, the Tg of GexSe1�x

glass system presents a more apparent two-stage characteristic (in
Fig. 1) because of its internal structural variation with the change
of component ratio x [2,8–12]. It is widely accepted that the struc-
ture of GexSe1�x glass system varies from one type to another obvi-
ously and continuously at a turning point (x = 1/3) when x
increases from 0 to 0.42 [5,6]. The variation tendencies of the
two stages are quite different between each other. Therefore, a sin-
gle stage method cannot accurately capture the two-stage charac-
teristic. In view of this situation, a topological method [7] has been
presented for the Tg prediction of GexSe1�x glass system by a two-
stage division. As a typical example of theoretical derivation
method, it combines the concept of temperature-dependent
constraints with the Adam–Gibbs model of viscosity. Tg of a
composition of x can be computed from the composition
dependence of the topological constraints nðTgðxÞ; xÞ, viz.
TgðxÞ=TgðxRÞ ¼ ðd� nðTgðxRÞ; xRÞÞ=ðd� nðTgðxÞ; xÞÞ, where d is net-
work dimension, and nðTgðxRÞ; xRÞ is topological constraints of an
initial composition xR with Tg(xR) in the range of 0–0.4. As shown
in Fig. 1, the topological method firstly takes the composition of
xR = 0 as the initial point for calculating values at other points, then
divides the Tg prediction process of GexSe1�x glass system into two
stages at x = 0.33 (more details can be seen in Section 2.1) depend-
ing on material structural variation, and finally calculates Tg at
each stage. In addition, the topological method has been extended
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Fig. 1. (Color online) Predicted result (line) and experimental data (scattered
symbols) of Tg in the GexSe1�x glass system using the topological model and from
previous reports, respectively [7].
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to predict the Tg of borate, silicate, phosphate and other glass sys-
tems [13–21], such as xNa2O(1–x)B2O3, xLi2O(1–x)B2O3, Na2O-
B2O3-SiO2, Na2O-CaO-B2O3 and Na2O-B2O3-P2O5. The topological
method constructs the theoretical formula just based on little
experimental data, but it tends to have a large absolute prediction
error in some composition ranges, particularly in Ge-rich composi-
tions of GexSe1�x glass system [7]. Furthermore, the main short-
comings of the topological method involve a series of complex
domain knowledge and poor universal applicability for all types
of glasses because of the limited knowledge of glassy structure.

Machine learning is one field of computer science that enables
computers to learn without being explicitly programmed [22].
Recently, machine learning has proved its superiority in time effi-
ciency, universal applicability and predictive accuracy of material
property prediction, new materials discovery and various other
purposes [23–29]. At present, various machine learning methods
(e.g., support vector regression (SVR), artificial neural network
(ANN), multiple linear regression (MLR), and back-propagation
neural network (BPNN)) have been successfully applied for the pre-
diction of macroscopic and microscopic properties [30–35], includ-
ing the Tg of various kinds of organic glasses. Chen et al. [36]
adopted MLR and BPNN to simulate the relationship between the
Tg of three classes of vinyl polymers and four condition attributes
(rigidness, chain mobility, the molecular average polarizability
and the net charge) of the most negative atom. Results indicate
that the predicted Tg values are in good agreement with the exper-
imental values. Liu and Cao [37] also used MLR and BPNN to pre-
dict the Tg of 113 polymers with RMSE of 17.53 K for testing
data. Pei et al. [38] employed the particle swarm optimization
(PSO) to optimize the SVR for the Tg prediction of random copoly-
mers. They proved that both the predictive accuracy and general-
ization ability of SVR are superior to those of the quantitative
structure-property relationship (QSPR) model [39]. In 2013, Pei
et al. [40] used the particle swarm optimization-support vector
regression (PSO-SVR) method to predict the Tg of three classes of
vinyl polymers, and found that PSO-SVR achieves better perfor-
mance than the spectral structure-activity relationship analysis
and ANN. Furthermore, Alzghoul et al. [41] used several machine
learning methods including MLR, partial least-squares, principal
component regression, ANN and SVR, for the Tg prediction of drugs,
among which SVR gives the best result with RMSE of 18.7 K. Above
all, machine learning based methods have achieved good predic-
tion performance for Tg values of many kinds of organic glasses,
but few references on using machine learning methods to predict
the Tg of inorganic glasses are located. Therefore, it is of much prac-
tical significance to predict the Tg of GexSe1�x glass system using
machine learning methods. Firstly, it is a key step to select an
appropriate algorithm or model in the construction of a machine
learning system for a specific task, as it will greatly affect the pre-
dictive accuracy and generalization ability [42]. As one of the most
widely used algorithms, SVR can efficiently solve problems (e.g.,
small set of samples, nonlinearity, and high dimensionality) with
support vectors and kernel functions. Therefore, in our study,
SVR is finally selected as the machine learning method to predict
the Tg of GexSe1�x glass system. Secondly, the characteristic on
the Tg of GexSe1�x glass system needs to be taken into account
for higher predictive accuracy. In our previous work, the feasibility
and practicality of one-stage methods (ridge regression, SVR and
BPNN) for predicting the Tg of AsxSe1�x glass system have been ver-
ified [43]. However, the Tg of GexSe1�x glass system presents the
more apparent two-stage characteristic than that of AsxSe1�x glass
system, implying that one-stage methods do not work well for pre-
dicting Tg of GexSe1�x glass system. Thus, an ideal model is adopted
for the two-stage characteristic.

Besides the two-stage characteristic, the construction and selec-
tion of condition attributes are also of great importance. The Tg of
GexSe1�x glass system is affected by many condition attributes and
therefore these attributes should be firstly provided by related
knowledge or experiment. Then, among these attributes, the ones
highly correlated with Tg need to be selected by a feature selection
method, enabling a more perfect explanation of Tg property. As one
of the critical aspects of machine learning, feature selection (FS)
can discover the most relevant attributes from initial condition
attributes, so that the dimension of the dataset can be reduced
while the description power maintains the same level [44]. Alz-
ghoul et al. [41] reduced the number of descriptors from 284 to
43 by correlation coefficient and then used several machine learn-
ing methods to predict the Tg of drugs. Yu [45] used the mean of
MLR to pick out four descriptors from 1,664 descriptors and then
employed SVR to predict the Tg of polymers. Lu et al. [46] employed
the gradient boosting regression (GBR) algorithm to screen out the
14 most important features from the initial 30 features, and then
accurately predicted the bandgaps of thousands of hybrid
organic-inorganic perovskites (HOIPs). Li et al. [47] used stability
selection [48] recursive feature elimination (RFE) [49], and univari-
ate feature selection based on mutual information [50] to select the
top 70 features from the initial 791 features and then constructed
more accurate models without significant overfitting. In summary,
FS can not only rank the importance of material features and dis-
cover the most relevant features affecting material properties,
but also greatly improve the predictive performance of the model.
Thus, a feature selection method is also required to further assess
the importance of condition attributes summarized by domain
expert knowledge and then more accurately predict the Tg of Gex-
Se1�x glass system.

Concerning with the above two problems, the FSTS-SVR method
of GexSe1�x glass system is proposed. Compared with other FS
methods, such as RFE, GBR, mutual information and so on, PCC
can measure the degree of correlation between two continuous
variables in a fast manner [51], which is more suitable for GexSe1�x

glass system with small data volume and continuous features.
Therefore, PCC is firstly used for the construction of sample dataset
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to eliminate the condition attributes having low correlation with
Tg. Learning from the two-stage idea of the topological method,
the turning point of structural variation in the GexSe1�x glass sys-
tem is recognized at x = 0.33 firstly via the structural analysis.
Bounded by this turning point, the variation of Tg can be divided
into two stages at which the variation tendencies are different.
Then SVR is employed to build models at two stages separately
without complex domain knowledge, and the models of two stages
can be synthesized through the minimum error based model com-
bination. Finally, the FSTS-SVR method is used to predict the Tg of
GexSe1�x glass system with high predictive accuracy when the data
volume is small.
2. Materials, methods and calculation procedure setup

2.1. The structural analysis of GexSe1�x glass system

As shown in Fig. 2, typical structural units of GexSe1�x glass sys-
tem are dependent on composition ratio x: they are Sen chain unit
and GeSe4 tetrahedral unit when x < 0.33; almost only GeSe4 tetra-
hedral unit when x = 0.33, and GenGeSe4�n tetrahedral unit and
GeSe crystal-like or Ge-rich domain unit when x > 0.33 [2,8–12].
By analyzing the available data correlating with structural charac-
teristics, an obvious turning point emerges at x = 0.33.

2.2. The collection of experimental data

Referring to the analysis of internal structure and component in
relevant reports [7,8,52], the condition attributes, which influence
the Tg of GexSe1�x glass system, are summarized into nine groups of
data (s1–s9) as shown in Table 1, including component ratio x, aver-
age coordination number hri, Poisson’s ratio v, bulk modulus K,
mean atomic volume V0, mean experimental atomic bonding
energy U0ex and mean theoretical bonding energy B [8]. hri is calcu-
lated according to the component ratio and coordination number
of elements. Both v and K are derived from classical elasticity rela-
Fig. 2. (Color online) Typical structural units of GexSe1�x

Table 1
Nine groups of condition attributes and Tg of GexSe1�x glass system.

x hri v (±0.005) K (±0.01 GPa) V0 (±0.05 c

s1 0.00 2.00 0.347 10.59 18.45
s2 0.10 2.20 0.317 11.02 18.08
s3 0.20 2.40 0.298 11.91 17.82
s4 0.25 2.50 0.291 12.43 17.78
s5 0.33 2.67 0.278 12.52 18.06
s6 0.36 2.72 0.265 13.92 17.96
s7 0.38 2.76 0.259 14.90 17.72
s8 0.40 2.80 0.253 15.90 17.41
s9 0.42 2.84 0.249 16.91 17.11
tionships. V0 is derived from density and mean atomic mass. U0ex

can be calculated from the first Grüneisen rule with V0 and K,
and B can be obtained from the known interatomic bonding energy
(UGe-Ge, UGe-Se, USe-Se) on the basis of simple structural assumption
[8]. Given that the previous Tg values predicted by topological
model are well consistent with both dynamic [4,53] and thermody-
namic ones [7,13,15,18,20,54,55], and the usual Tg values mea-
sured by calorimetry are based on thermodynamics, we adopt
the experimental values measured by differential scanning
calorimetry (DSC).

2.3. The choice of machine learning method

Support vector machine (SVM), which was proposed by Cortes
and Vapnik [56] in 1995, is a statistical learning approach based
on the structural risk minimization principle and has been widely
applied in materials machine learning [57]. When SVM is applied
for regression problem by introducing nonlinear kernel functions,
it is called SVR [58]. Given that compared with other methods
(e.g., MLR, BPNN), SVR is capable of solving nonlinear problems
with small data volume and high dimension [59,60]. Consequently,
SVR is selected to predict the Tg of GexSe1�x glass system with only
nine groups of sample data in Section 2.2. The schematic plot of
SVR is shown in Fig. 3 and its main building process of predictive
model is described as follows.

Given the dataset D = {(x1, y1), (x2, y2), . . ., (xm, ym)}, where xi is
condition attribute, yi is decision attribute and m is the number
of training samples, we set the regression function f(x) =x∙u(x)
+ b, where x is autoregressive coefficient or weight vector, b is
error value and u(x) is a nonlinear mapping function to map x into
a higher dimensional feature space to conduct a linear regression
in the feature space. Then x and b can be estimated by minimizing
the regularized risk function R(C) as Eq. (1).

minRðCÞ ¼ 1
2
jjxjj2 þ C

Xm
i¼1

leðf ðxiÞ � yiÞ; ð1Þ
glass system. (a) x = 0.2, (b) x = 0.33 and (c) x = 0.4.

m3 mol�1) U0ex (±0.1 kJ mol�1) B (±0.1 kJ mol�1) Tg (±1 K)

195.5 184.0 316
199.3 214.8 363
212.3 245.6 444
221.0 261.0 509
226.0 286.6 683
250.0 287.8 673
264.0 288.6 646
276.7 289.4 615
289.3 290.2 594



Fig. 3. (Color online) The schematic plot of SVR. The orange circle indicates the
sample point as close as possible to the hyperplane f(x), and the hollow circle
represents the sample point as close as possible to two segmentation planes f(x) ± e
with bias e from the hyperplane. SVR is to minimize the total deviation of all sample
points from the hyperplane.
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s:t: leðf ðxiÞ � yiÞ ¼
0; jf ðxiÞ � yij < e;

jf ðxiÞ � yij � e; jf ðxiÞ � yij P e;

�
ð2Þ

where 1
2 k x2 k is used as a measurement of function flatness, C is

regularization constant, le is e-insensitive loss function and e is
the bias between f(x) and y.

By introducing slack variables ni and n�i to deal with the data
points which dissatisfy Eq. (2), Eqs. (1) and (2) are converted into
a primal problem Rðx; ni; n�i Þ:

minRðx; ni; n
�
i Þ ¼

1
2
jjxjj2 þ C

Xm
i¼1

ðni þ n�i Þ; ð3Þ

s:t: f ðxiÞ � yi 6 eþ ni; yi � f ðxiÞ 6 eþ n�i ; ni; n
�
i P 0; i ¼ 1;2; :::;m:

ð4Þ
In order to obtainx and b in f(x), Lagrangian multiplier ai and a�

i

are introduced and the dual problem of SVR can be described as:

Q ¼ 1
2

Xm
i;j¼1

ða�
i �aiÞða�j �ajÞKðxi;xÞþe

Xm
i¼1

ða�i þaiÞ�
Xm
i¼1

ða�j þaiÞ; ð5Þ

s:t:
Xm
i¼1

ða�i � aiÞ ¼ 0; 0 6 ai; a�i 6 C; ð6Þ

where K (xi, x) = u(xi)∙u(x) is a kernel function. The resulting regres-
sion function f(x) can be described as:

f ðxÞ ¼
Xm
i¼1

ða�i � aiÞKðxi; xÞ þ b: ð7Þ
2.4. FSTS-SVR method

2.4.1. Main idea and steps
The main idea of the FSTS-SVR method involves: (1) extracting

condition attributes closely related to Tg by PCC; (2) recognizing
the turning point via the structural analysis because the Tg of Gex-
Se1�x glass system exhibits the two-stage characteristic caused by
the structural variation; (3) using SVR to build model at each stage
separately because of the different variation tendencies of two
stages.

Given the original dataset S0 = {si|si = (Xi, yi), i 2 [1, n]}, where si
represents the ith sample, Xi = (x1, x2,. . ., xm) is the vector of m con-
dition attributes, yi is the decision attribute and n is the number of
samples, the detailed process of the FSTS-SVR method in Fig. 4 is
described as follows:

Stage 1: using PCC to extract condition attributes closely related
to decision attribute and then constructing sample data S = {s1,
s2, . . ., sn}.
Stage 2: recognizing the turning point of structural variation by
structural analysis and then getting the tth point as turning
point T.
Stage 3: depending on T, dividing the dataset S into two subsets,
S1 = {s1, . . ., st} and S2 = {st, . . ., sn}, which represent two stages
respectively.
Stage 4: using SVR to build models on S1 and S2 separately,
M1-SVR ? S1 and M2-SVR ? S2.
Stage 5: choosing the model which has the minimum error
compared with the experimental value at T and combining
the models of two stages.
Stage 6: predicting the unknown Tg through the composite
model. For each testing sample Xi, judging which stage it
belongs to and using the corresponding model M to predict,
ypredict =M(Xi).

2.4.2. Sample construction
The better a sample dataset constructed by feature selection is,

the higher the predictive accuracy of a machine learning method
can obtain. In Table 1, the correlations between condition attri-
butes (x, hri, v, K, V0, U0ex, and B) and decision attribute (Tg) of Gex-
Se1�x glass system have been investigated in previous works
[7,8,52]. Note that one or some condition attributes may have
low correlations with Tg. In order to improve the quality of sample
data and then to improve the predictive performance, the correla-
tion between each condition attribute and Tg is analyzed by PCC.
PCC is defined as:

q ¼
Pn

i¼1ðxi � x
�Þðyi � y

�ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðxi � x

�Þ
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðyi � y
�Þ

q ; ð8Þ

where x
�
and y

�
denote the mean values of x and y, respectively, and

the coefficient q ranges from –1 to 1. q > 0 and q < 0 mean that the
variables are positive and negative correlations, respectively. The
closer |q| is to 1, the higher correlation degree between variables is.

2.4.3. Turning point recognition and stage division
The internal structural variation rules decide the turning point,

leading to the variation of Tg. If the prior knowledge of internal
structural variation of glass system has been comprehended, its
turning point T can be determined and the sample data can be
divided into two subsets S1 = {s1,. . ., st} and S2 = {st,. . ., sn}, repre-
senting two stages. As mentioned in Section 2.1, since the 5th point
(x = 0.33) of GexSe1�x glass system has been determined as the
turning point, the sample data in Table 1 can be divided into
S1 = {s1,. . ., s5} and S2 = {s5,. . ., s9}.

2.4.4. Tg prediction model built for two stages
The prediction process of Tg using SVR at each stage is shown in

Fig. 5, in which Xi represents the vector of condition attributes of
subsets S1 or S2, and K(X, Xm) represents kernel function, where
m is number of kernel products. Models of S1 and S2 are built sep-
arately as Eqs. (9) and (10), which are derived from Eq. (7).

M1-SVRðXiÞ ¼
Xm
i¼1

ða�i � aiÞKðXi;XÞ þ b; Xi 2 S1; ð9Þ

M2-SVRðXiÞ ¼
Xm
i¼1

ða�i � aiÞKðXi;XÞ þ b; Xi 2 S2: ð10Þ



Fig. 4. (Color online) The main process of FSTS-SVR. The FSTS-SVR mainly consists of five key steps: Sample construction; Turning point recognition; Stage division; Model
building; and Model combination.

Fig. 5. (Color online) The Tg prediction process using SVR at each stage.
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2.4.5. Minimum error based model combination
Given that Tg at the turning point exhibits the two-stage charac-

teristic, the errors between the experimental value and two pre-
dicted values at the turning point obtained by M1-SVR and M2-SVR

are calculated. The model with the minimum error will be chosen,
and the composite model can be formulated as Eq. (11).

M ¼
M1-SVRðXiÞ; Xi 2 S1; i–t;

minEðM1-SVRðXiÞ;M2-SVRðXiÞÞ; i ¼ t;
M2-SVRðXiÞ; Xi 2 S2; i–t;

8><
>: ð11Þ

where M1-SVR and M2-SVR are the models built for two stages, and
minEðM1-SVRðXiÞ;M2-SVRðXiÞÞ represents the model whose predicted
value has the minimum error compared with the experimental
value.
2.5. Calculation procedure setup

In order to predict the Tg of GexSe1�x glass system and evaluate
the prediction effectiveness of stage division and feature selection,
besides FSTS-SVR, SVR, two-stage SVR (TS-SVR) and feature selec-
tion based SVR (FS-SVR) are also conducted. Moreover, detailed
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comparisons on Tg values are made among these methods, topolog-
ical method and experiment.

A library for support vector machines (LIBSVM) is adopted as
the SVR calculation program and implemented by MATLAB [61],
in which the RBF (Gaussian) function is used as the kernel function
and grid search is used to optimize hyper-parameters of the model,
C (Penalty parameter C of the error term) and gamma (Kernel coef-
ficient for the kernel function RBF). As shown in Fig. 6, since the
data volume is only 9, leaving-one-out cross-validation (LOOCV)
is adopted as the validation method in the model constructions
of SVR to partition the training dataset (a set of examples used to
fit the parameters of the model) and testing dataset (a set of exam-
ples used only to assess the performance of a fully specified
model). LOOCV can accurately evaluate the generalization perfor-
mance of the machine learning model and reduce the risk of over-
fitting, especially in the case of small sample sizes [62]. In each
iteration, eight samples are partitioned as the training data and
one sample independent of the training data is partitioned as the
testing data and a total of nine iterations are conducted respec-
tively. Especially, in the 5th iteration calculation of TS-SVR and
FSTS-SVR, s5 is incapable of being taken as the testing data because
the 5th point (x = 0.33) as s5 is the turning point. Thus the 5th iter-
ation calculation is unexecuted and other eight iteration calcula-
tions are performed. For the convenience of comparison,
although s5 can be used as testing data in SVR and FS-SVR, eight
iteration calculations are also considered. Moreover, owing to
glassy structural variation at the 5th point, the experimental Tg
of this point is taken as the initial point (xR = 0.33) in the topolog-
ical method for calculating values at other points [7]. The mean
predictive accuracy of testing results in each calculation can be
taken as the final result.

The RMSE and MAPE are used to evaluate predictive accuracy
and defined as:
Fig. 6. The schematic plot of LOOCV.

Table 2
Comparison between experimental and predicted results of Tg obtained using topological,

1st 2nd 3rd
X 0 0.1 0.2
Exp. Tg (K) 316 363 444

Predicted Tg (K) Topological 303.6 364.3 455
SVR 268.3 359.9 472
TS-SVR 335.6 373.4 475
FS-SVR 305.0 339.8 458
FSTS-SVR 324.0 385.7 468

Absolute prediction error (K) Topological 12.4 1.3 11.
SVR 47.7 3.1 28.
TS-SVR 19.6 10.4 31.
FS-SVR 11.0 23.2 14.
FSTS-SVR 8.0 22.7 24.

*Exp. = Experimental.
RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðyi � y0iÞ2
n

s
; ð12Þ
MAPE¼ 1
n

Xn

i¼1

yi � y0i
yi

����
����; ð13Þ

where yi and y0i represent the ith experimental and predicted values,
respectively. The lower the RMSE and MAPE are, the higher predic-
tive accuracy can obtain.
3. Results and discussion

3.1. Tg of GexSe1�x glass system predicted using SVR and TS-SVR

Table 2 shows the Tg values of GexSe1�x glass system predicted
using the SVR and TS-SVR methods based on the dataset of seven
condition attributes without feature selection. For the convenience
of comparison, results obtained by the topological method [7,13]
are also listed. And Fig. 7 shows the composition dependence of
Tg of GexSe1�x glass system obtained using experimental and five
prediction methods. It is seen from Table 2 and Fig. 7 that Tg values
predicted using topological method fit the experimental data effec-
tively when x � 0.33 with an average absolute prediction error of
9.1 K, but poorly when x > 0.33 with an average absolute prediction
error of 101.2 K. By contrast, results obtained using SVR are in bet-
ter agreement with the experimental data at the whole stage. The
maximum and minimum absolute prediction errors are 47.7 and
3.1 K, respectively. Notably, when x > 0.33, absolute prediction
errors using SVR reduce by almost a magnitude with an average
absolute prediction error of 14.3 K, which could be caused by the
inherent limitation of structural variation assumption in the topo-
logical method [7]. Note that the absolute prediction errors at
some points (x = 0, 0.2 and 0.4) using SVR are still somewhat large.
On the other hand, although the absolute prediction errors using
TS-SVR further reduce when x > 0.33, they are comparatively large
when x < 0.33 (especially x = 0.2) compared with that using SVR.
Therefore, it is difficult to compare the predictive accuracies of five
methods exactly and clearly by analyzing the errors at various
composition values.

Instead, we can evaluate the overall predictive accuracies of five
methods by analyzing RMSE andMAPE as shown in Fig. 8. The RMSE
and MAPE of Tg obtained using SVR are reduced by 66.81%
(|RMSESVR � RMSEtopological|/RMSEtopological � 100%) and 54.82%
(|MAPESVR �MAPEtopological|/MAPEtopological � 100%) respectively
relative to these of Tg obtained using the topological method. More
importantly, TS-SVR exhibits a higher predictive accuracy, in which
RMSE and MAPE can reach 13.98 K and 3.12% respectively.
SVR, TS-SVR, FS-SVR and FSTS-SVR methods for the testing data.

4th 5th 6th 7th 8th 9th
0.25 0.33 0.36 0.38 0.4 0.42
509 683 673 646 615 594

.3 520.4 683 599.1 548.6 506.0 469.4

.4 519.5 683 657.6 654.4 640.5 601.7

.4 488.2 683 661.6 645.7 623.3 603.7

.4 531.0 683 650.5 649.9 637.1 609.1

.0 507.7 683 661.4 645.7 623.6 602.5

3 11.4 0 73.9 97.4 109.0 124.6
4 10.5 0 15.4 8.4 25.5 7.7
4 20.8 0 11.4 0.3 8.3 9.7
4 22.0 0 22.5 3.9 22.1 15.1
0 1.3 0 11.6 0.3 8.6 8.5



Fig. 7. (Color online) Composition dependence of Tg in the GexSe1�x glass system
obtained using experimental, topological, SVR, TS-SVR, FS-SVR, and FSTS-SVR
methods.

Fig. 8. (Color online) RMSE and MAPE results of Tg obtained using five methods for
the testing data.
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Above all, compared with the topological method, machine
learning methods are found to achieve higher predictive accuracy
for the Tg values of GexSe1�x glass system. Moreover, the consider-
ation of stage division further increases the predictive accuracy. In
the next subsection, FSTS-SVR is introduced to model and analyze
the Tg values of GexSe1�x glass system to validate the effect of fea-
ture selection.
Table 3
The correlation coefficients between condition attributes and Tg.

x hri v

1st 0.884 0.889 �0.821
2nd 0.909 0.913 �0.873
3rd 0.927 0.930 �0.890
4th 0.927 0.930 �0.890
6th 0.932 0.935 �0.893
7th 0.921 0.924 �0.880
8th 0.930 0.933 �0.893
9th 0.951 0.954 �0.916
3.2. Tg of GexSe1�x glass system predicted using FS-SVR and FSTS-SVR

As mentioned in Sections 2.1 and 2.2, x can be directly used for
the composition control, and hri linearly depends on x and coordi-
nation of each element via the equation hri = 2 + 2x in the binary
GexSe1�x glass system, so that hri can be considered as a redundant
attribute. The high correlation also exists among K, V0 and U0ex

since U0ex can be calculated from the first Grüneisen rule with V0

and K. Meanwhile, Table 3 exhibits the correlation coefficients q
between each condition attribute and Tg of GexSe1�x glass system
calculated by Eq. (8). It is seen that x, hri, K, U0ex and B have positive
correlations with Tg while m and V0 have negative correlations with
Tg in all eight iteration calculations. Hereinto, V0 has the minimum
|q|, which means that V0 has the weakest correlation with Tg. This
is consistent with the fact that the Tg directly relates to the net link
energy, while V0 depends on compaction and volume of atoms in
each composition [7,63]. Consequently, the poor correlation
between the net link energy and compaction or volume of atom
results in the unclear relationship between Tg and V0. Therefore,
considering the redundancy among condition attributes and the
correlation between condition attributes and Tg, hri and V0 are both
removed from the dataset in Section 2.2, and a new sample dataset
containing five condition attributes (x, v, K, U0ex and B) is con-
structed for calculation.

In Table 2, the Tg values of GexSe1�x glass system on the dataset
of five condition attributes predicted using the FS-SVR and FSTS-
SVR methods are also listed. And Fig. 7 shows the composition
dependence of Tg of GexSe1�x glass system obtained using experi-
mental, SVR, FS-SVR, TS-SVR and FSTS-SVR methods. As shown in
Table 2, absolute prediction errors using FS-SVR are smaller and
larger at four points (x = 0, 0.2, 0.38 and 0.4) and four other points
(x = 0.1, 0.25, 0.36 and 0.42) respectively compared with that using
SVR. On the other side, when x < 0.33, the average absolute predic-
tion error using FSTS-SVR is lower by 26.2 K than that using TS-
SVR; when x > 0.33, absolute prediction errors using FSTS-SVR
and TS-SVR are close to each other, and the average value of the
corresponding differences is within 0.7 K, which is acceptable or
can be ignored. Note that the larger dataset is expected to result
in the higher predictive accuracy of FSTS-SVR.

Fig. 8 shows RMSE andMAPE values obtained using SVR, FS-SVR,
TS-SVR and FSTS-SVR methods for the testing data. As for the aver-
aged predictive accuracy shown in Fig. 8, the RMSE and MAPEob-
tained using FS-SVR are reduced by 8.41% and 17.51% relative to
that obtained using SVR, while the RMSE and MAPE obtained using
FSTS-SVR are reduced by 23.89% and 23.7% relative to that
obtained using TS-SVR, respectively. It is clearly seen that the con-
sideration of the feature selection (FS-SVR, FSTS-SVR) causes
higher predictive accuracy. Furthermore, given the stage division,
FSTS-SVR gives the highest predictive accuracy among all methods,
suggesting that compared with seven condition attributes (x, hri, v,
K, V0, U0ex and B), five condition attributes (x, v, K, U0ex and B)
enable their relationship with Tg to be more accurately established.
K V0 U0ex B

0.603 �0.205 0.655 0.952
0.644 �0.444 0.678 0.948
0.689 �0.514 0.720 0.963
0.707 �0.502 0.740 0.961
0.727 �0.593 0.748 0.961
0.684 �0.492 0.715 0.955
0.701 �0.460 0.736 0.958
0.785 �0.542 0.805 0.965
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4. Conclusion

Relative to the topological method, single-stage SVR can predict
the Tg of GexSe1�x glass system well with RMSE and MAPE reduced
by 66.81% and 54.82%, respectively. Furthermore, when the struc-
tural variation at x = 0.33 is considered, the corresponding TS-SVR
method exhibits a higher predictive accuracy than single-stage SVR
with RMSE and MAPE reducing from 18.31 to 13.98 K and 4.17% to
3.12%, respectively. More importantly, once PCC is used for sample
dataset construction, the resultant FSTS-SVR method can further
explore the inherent relationship between Tg and condition attri-
butes of GexSe1�x glass system. By comparing the RMSE and MAPE
obtained using among the topological, SVR, FS-SVR, TS-SVR and
FSTS-SVR methods, FSTS-SVR with feature selection and stage divi-
sion is found to achieve the highest predictive accuracy. Notably
when x > 0.33, the predictive accuracy almost has been improved
up to a magnitude. Consequently, our proposed FSTS-SVR method
is expected to be more suitable for predicting the Tg of other glass
systems with the multi-stage characteristic.
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