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Abstract: To improve the accuracy of machine learning in predicting the glass-forming ability, the atomic size
difference, mixing enthalpy and estimated viscosity at liquidus temperature were selected as features from the
perspectives of structure, thermodynamics and kinetics. Various algorithms including random forest (RF), extreme
gradient boosting (XGBoost), and multilayer perceptron (MLP), were employed to predict the maximum size of the
metallic glasses. Results show that the XGBoost models using the original and augmented datasets both exhibit superior
performance, with the latter achieving the highest determination coefficient of 0.9148 among all the models. For
predicting the maximum sizes of unseen Zr—Cu—Ni—Al—(Y) alloys, the XGBoost model trained on the augmented
dataset demonstrates the best agreement with the measured data, indicating excellent generalization ability. By model
interpretation, it is found that the kinetic factor correlates more with glass-forming ability compared with the
thermodynamic and structural factors.
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1 Introduction

The formation of metallic glasses has been
commonly attributed to the combined effects of
structure, thermodynamics, and kinetics. However,
the available design methods or criteria for
predicting glass-forming ability rarely take into
account all the influential factors as mentioned
above, making it difficult to predict the glass-
forming ability accurately.

In recent years, significant progress has been
made in the accelerated design of materials driven
by computation and big data, thanks to the
advanced concept of materials genome engineering.

Machine learning, as a crucial tool, has found
widespread applications in the composition design
and property prediction of metallic glasses, greatly
reducing the research and development cycle of
novel materials with high performance [1-5]. SUN
et al [6] analyzed the glass-forming ability of binary
alloys via machine learning using the support vector
machine (SVM) algorithm, and new binary alloys
with good predicted glass-forming ability were
suggested. LIU et al [7] studied the glass formation
utilizing a back propagation neural network (BPNN)
model based on a dataset of binary and ternary
alloys, and generalized it to the multicomponent
alloys with a high predictive accuracy of 83%.
XIONG et al [8] employed the random forest (RF)
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algorithm to predict the glass-forming ability, the
critical diameter, shear modulus and bulk modulus.
Mathematical expressions were obtained from
symbolic regression and three linear least-square
models. LU et al [9] predicted the soft magnetism
property and thermal stability of Fe-based metallic
glasses using the extreme gradient boosting
(XGBoost) model, which well predicted the
saturation flux density and onset crystallization
temperature with accuracy of 93.0% and 94.3%,
respectively. Recently, ZHANG et al [10] proposed
a fused strategy, developing the RF, k-nearest
neighbor (KNN), gradient boosted decision trees
(GBDT) and XGBoost models with the feature
vectors extracted by the trained convolutional
neural network (CNN) model. The fused models
exhibit higher prediction accuracy than the four
models mentioned above. For machine learning, the
appropriateness of the selected features directly
influences the predictive accuracy. In most studies
[11-13], resecarchers selected the physical or
thermodynamic properties of the alloys as input
features, including valence electron concentration,
electronegativity, liquidus temperature, and mixing
enthalpy, etc. Due to the large number of features,
feature selection is essential to obtain excellent
predictions. However, these features normally have
no strong and direct relation to glass formation,
making it challenging to further enhance the
predictive accuracy.

In fact, domain knowledge could facilitate the
selection of the features [14,15], which helps to
reduce the number of the features and the
complexity of the model, thus avoiding overfitting
and improving the generalization ability. Our
objective is to utilize domain knowledge to guide
the selection of features and predict the
glass-forming ability of metallic glasses accurately
via machine learning. We only selected three
features as input, namely, atomic size difference,
mixing enthalpy, and estimated viscosity at liquidus
temperature, representing the influence from
structure, thermodynamics and kinetics on glass
formation. Using such a minimal feature set in
machine learning to cover the influential factors
comprehensively has not been achieved previously.
Various models will be trained in this work and then
used to predict the maximum sizes of the Zr—Cu—
Ni—Al—(Y) alloys that are beyond the dataset for
verification of their performance.

2 Methodology

2.1 Dataset

The compositions and maximum diameters of
456 bulk metallic glasses produced via copper mold
suction casting are collected from the literature [16],
and listed in Table S1 in the Supplementary
Material. This dataset is both diverse and
representative by including the majority of the
constituent elements of the metallic glass systems.
The maximum size, denoted as Dmax, ranges from 1
to 50 mm, excluding amorphous ribbons with a
thickness less than 1 mm. The distribution of
maximum casting diameters in the dataset is
illustrated in Fig. 1.
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Fig. 1 Distribution of maximum diameter (Dmax) in
dataset

Based on domain knowledge, glass formation
is primarily influenced by three mutually
independent factors, namely structural,
thermodynamic and kinetic factors [17—19]. We
attempted to extract three features, each representing
one influential factor, in order to enhance the
accuracy of the machine learning predictions.

EGAMI and WASEDA [20] proposed that the
ability to form amorphous alloys was related to
large atomic size difference. TAKEUCHI and
INOUE [21,22] calculated the mixing enthalpy and
mismatch entropy for ternary amorphous alloys,
finding that the values for most of these alloys fell
within a trapezoid region in the plot of mixing
enthalpy versus the mismatch entropy normalized
by the Boltzmann constant. Here, the mismatch
entropy is in proportional to the atomic size
difference [23]. Many researchers [24,25] have used
the atomic size difference (J) and mixing enthalpy
(Hmix) as features for machine learning, all of which
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have achieved good results. Therefore, they were
selected as structural and thermodynamic features
in this work and can be calculated using Egs. (1)
and (2).

o= /é;ci(l—r,ﬁ)2 (1)

n
where 7=Z c;r. , ¢i and r;are the atomic fraction
i=1
and atomic radius of the ith element, respectively,
and # is the number of alloying elements.

H_ . =4 Z AHI-J-CI-CJ- (2)
i=1,i<j

where n is the number of binary sub-systems, and
AHj; is the molar mixing enthalpy for binary liquid
alloys, which was adopted from literature [22].

Kinetically, high viscosity does not favor the
nucleation and growth of the crystalline phase, thus
leading to the formation of the amorphous state
more easily. Previous studies [26—28] have revealed
that the viscosity (1) at liquidus temperature closely
relates to the glass-forming ability, with most bulk
metallic glasses possessing a viscosity larger than
0.01 Pa-s. Therefore, this parameter is selected as
the kinetic feature for machine learning. For a
multi-component liquid, viscosity modeling was
reported in our previous work [28,29], described by
Egs. (3) and (4).

o'

n= eXp( 2 Tj 3)
where Q=RTInno+Q, no is the pre-exponential
factor, Q is the activation energy, R is the molar gas
constant, and 7 is the thermodynamic temperature.
Q' can be expressed as a function of composition in
the form of a Redlich—Kister polynomial as
follows:
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where x; is the mole fraction of the pure component
i; Q; adopts the value of Q' when describing the
viscosity of the pure component with Eq. (3); V0,
and ¢)Q;;; are binary and ternary interaction

parameters expressed as A+BT, where 4 and B need
to be optimized. v/, can be written as v, =
xs+(1—=x—x—xx)/3, and s’ equals 0, 1 and 2 when s
equals 7, j and £, respectively.

It should be noted that the second and third
terms in Eq. (4), concerning the effect of the
interaction between two or three components,
should be determined by fitting experimental data
on the viscosity of the binary and ternary alloys.
Since the experimental data are limited, obtaining
the interaction parameters is impossible. Therefore,
we decided to use Eq.(3) and the first term of
Eq. (4) to calculate the kinetic feature, omitting the
interaction terms, which have less influence on the
actual viscosity than the first term. They can
roughly estimate the viscosity of the alloy at
liquidus temperature, denoted as 7,.

2.2 Algorithm selection

Machine learning, as the core of artificial
intelligence, has given rise to many learning
algorithms after years of development, such as
decision tree, Bayesian algorithms, support
vector machines, random forests, artificial neural
networks, and deep learning. In this work, the
non-linear regression models including REF,
XGBoost, and multilayer perceptron (MLP) were
developed to predict the maximum diameter of
metallic glasses.

The random forest model is commonly used
for learning relationships,
demonstrating excellent performance. It is a
clustering algorithm based on decision trees, where
each decision tree samples and learns independently.
Subsequently, the trees vote to arrive at the final
result. This approach effectively addresses the
overfitting or underfitting problem associated with
a single weak learner and has been widely applied
in various fields. WARD et al [30] developed a
general-purpose machine-learning framework with
145 features capable of capturing diverse physical
or chemical properties. Using the random forest
algorithm, they predicted the glass-forming ability
of unassessed alloy systems, achieving an accuracy
of 80.2%. Subsequently, they incorporated
additional features to predict the glass-forming
ability, critical casting diameter, and supercooled
liquid range of amorphous alloys, yielding
favorable results [31].

nonlinear often
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The XGBoost algorithm is a relatively new
algorithm proposed by CHEN and GUESTRIN [32],
who significantly improved the speed and
efficiency of the decision tree algorithm. To date, it
has been widely used in machine learning,
generating impressive results. LI et al [33] collected
618 pieces of data and built different machine
learning models to predict the magnetic properties
of iron-based amorphous materials, using
supercooled liquid region, theoretical melting point,
theoretical density, mean atom radius, etc., as
features. The results showed that the XGBoost
model exhibited excellent predictive performance.
In another study, XIONG et al [16] established
several regression models to predict the maximum
diameters of metallic glasses, and suggested that the
performance of the XGBoost model was superior to
other models.

Multilayer perceptron consists of three parts,
namely input layer, hidden layer and output layer.
The input layer receives the feature variables with
different weights, which are then passed to the
hidden layer for nonlinear weighting of the data.
The final result is output from the output layer.
ZHANG et al [34] collected 1888 pieces of data and
built a convolutional neural network model for
training, successfully predicting the glass formation
ability of the alloys. The model exhibited
satisfactory performance across all the different
datasets used for testing. This demonstrates the
great potential of neural network models in
predicting the glass-forming ability.

2.3 Model training and evaluation

In this work, all the data were normalized and
divided into a training set and a testing set. 90% of
the total data were used for training model and
tuning its parameters, while the remaining 10% of
the data were reserved for testing. The data in the
testing set are solely used to evaluate the accuracy
and generalization of the model.

The values of the three input features, i.e., #,,
Hnix and 9, differ among each other by many orders
of magnitude. In order to eliminate the effect of
large difference, they were mapped to the range of
0—1 via normalization, typically using the formula
as follows:

X~ Xmin

X = Q)

Xmax ~ ¥min

where X is the normalized feature value, x is the
actual feature value, and Xmax and xmin are the
maximum and minimum values of the input feature,
respectively.

This normalization ensures that all features
contribute equally to the machine learning model.

The coefficient of determination (R?), Pearson
correlation coefficient (p) and root mean square
error (RMSE) are used as metrics to evaluate the
predictive performance of the model. They could be
calculated by Egs. (6)—(8).

RP=1-E— (6)

™)

RMSE= |2 (3, 3,) ®
i=1

where y; and , are the true and predicted values,

respectively; ¥ and J are the mean values of y;
and J,, respectively.

3 Result and discussion

3.1 Regression results

The predictive results from the RF model are
presented in Fig.2. The optimized RF model
achieves a coefficient of determination of 0.9012, a
Pearson correlation coefficient of 0.9634, and a root
mean square error of 1.9860 in the training set,
while they turn out to be 0.8914, 0.9464 and
1.8198, respectively, for the testing set. The figure
reveals that the model’s predictions are more
accurate when the maximum casting sizes are not
more than 10 mm, since data in this range appear
denser than those outside the range.

The predicted results from the XGBoost model
are shown in Fig.3. The coefficient of
determination and the Pearson correlation
coefficient of the training set reach 0.9662 and
0.9867, respectively, with a RMSE of 1.2313. For
the testing set, the first two values drop to 0.9115
and 0.9607, and the RMSE increases to 1.6012. In
comparison to the RF model, the XGBoost model
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demonstrates consistent performance across the
entire range of the maximum size for both the
training and testing sets, suggesting minimal impact
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from data imbalance.
Figure 4 shows the training and testing results
of the multilayer perceptron model. After tuning

Fig. 2 Predicted Dpax with RF model on training (a) and testing (b) data
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Fig. 3 Predicted Dpax with XGBoost model on training (a) and testing (b) data
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parameters, the coefficient of determination and the
Pearson correlation coefficient of the training set
achieve 0.8455 and 0.9195, respectively. The root
mean square error is 2.4545. For the testing set,
these metrics are 0.8694, 0.9352, and 2.1572,
respectively. The predictive performance is even not
good as that of the RF model.

In the light of the imbalance in dataset as
previously mentioned, we conducted data
augmentation in order to further improve the
prediction precision of the model. Synthetic
minority oversampling technique (SMOTE) is
extensively used to solve the classification problem
for an imbalanced dataset [35,36]. SMOTE for
regression (SMOTER) [37] and synthetic minority
oversampling with Gaussian noise (SMOGN) [38]
have been developed to solve the regression
problem recently. They were implemented in the
work of XIONG and ZHANG [11], and helped to
improve the performance of regression model to
certain extent. In this work, the original data were
augmented with the SMOGN technique, which
produced an additional 155 pieces of data. The
distribution of the augmented data produced by
SMOGN was displayed in Fig. 5 along with the
original data. After augmentation, all the data were
normalized and divided into training set and testing
set, with a ratio of 9:1. Considering the exceptional
performance of the XGBoost model for the original
dataset, it was also employed for the augmented one,
getting a score of 0.631 in 10-fold cross-validation.
Figure 6 presents the predicted Dmax by XGBoost
model after data augmentation. Compared with its
previous performance shown in Fig. 3, one can
notice that a better fit is obtained for the training
dataset. A higher determination coefficient, a higher
Pearson correlation coefficient and a lower root
mean square error are achieved, with values of
0.9983, 0.9995 and 1.0101, respectively. For the
testing dataset, the determination coefficient is
0.9148, which is slightly higher than that before
augmentation. However, a similar Pearson
correlation coefficient and a high root mean square
are obtained, i.e. 0.9596 and 2.8024, respectively.
This is mainly caused by the large discrepancy of
very few data in the testing set especially the one
with a measured Dmax of Imm and a predicted one
of large than 10 mm, as shown in Fig. 6(b).
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Fig. 6 Predicted Dmax with XGBoost model on training (a)
and testing (b) data after data augmentation

Table 1 lists the calculated R?, p and RMSE
using three different algorithms. It is evident that
the XGBoost model using SMOGN data shows the
highest R?, demonstrating the best performance in
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predicting the glass-forming ability of metallic
glasses, followed by the XGBoost model using the
original data, the RF model and the MLP model.

Table 1 Determination coefficient (R?), Pearson
correlation coefficient (p) and root mean square error

(RMSE) of three algorithms

Algorithm Dataset R? p  RMSE
RF Training set 0.9012 0.9634 1.9860
Testing set  0.8914 0.9464 1.8198
Training set 0.9662 0.9867 1.2313

XGBoost
Testing set  0.9115 0.9607 1.6012
Training set  0.8455 0.9195 2.4545

MLP

Testing set  0.8694 0.9352 2.1572
XGBoost Training set  0.9983 0.9995 1.0101

0.9148

(SMOGN data) Testing set 0.9596 2.8024

3.2 Generalization capability of models

Using the models that have been trained, the
maximum diameters of a series of alloys were
predicted and compared with experimental results.

One Zr—Cu—Ni—Al alloy and six Zr—Cu—Ni—
Al-Y alloys were arc-melted, using raw materials
with a purity of 99.99 wt.% for all elements. The
arc melting process was conducted at least four
times in an argon atmosphere to achieve a
homogeneous composition. Each alloy was then
sectioned, with one piece used for melt quenching
to produce amorphous ribbons at a wheel rate of
40 m/s. The amorphous
through XRD, and DSC was employed to determine
characteristic temperatures, such as phase transition
temperature (7,), crystallization temperature (7%)
and liquidus temperature (77). Using the measured
liquidus temperature, #, was calculated. Along with
the other two calculated features, the maximum
diameter could be predicted. Other pieces of the
alloy were suction-cast into the copper mold to
produce rods with diameters near the predicted
values. Figure 7 displays the XRD patterns of the
rods prepared by suction casting. As seen in
Fig. 7(a), both Zrs>CusiNisAl;Ys and Zras 7CuagNio-
Al123Y¢ alloys possess a maximum diameter of
4 mm, as the crystalline peaks emerge for samples
with a diameter of 5 mm. The maximum diameters
of Zrs»CuxsNigAliY> and ZrsoCuz7NigAlioY's alloys

state was confirmed

achieve 5 mm, showing negligible crystalline peaks.

The XRD patterns of Zrss7CuxsNigAl23Y2 and
Zr467CuzsNioAli123Y4 alloys presented in Fig. 7(b)
both show an amorphous state in the rods with a
diameter of 12mm. The former still remains
amorphous basically when the diameter increases to
15 mm, while crystalline phases precipitate in the
latter when it reaches 14 mm. Thus, the maximum
diameter for the former is 15 mm, and for the latter,
it is about 12 mm. Regarding the Zrso7CusNigAl;2.3
alloy, the reported critical diameter is 14 mm [39].
However, small crystalline peaks emerged on top of
the characteristic diffuse peak of the amorphous
phase in the sample with a diameter of 12 mm
prepared in this work. The difference in the
maximum diameter should be attributed to the
difference in the cooling rate during the
experiments, resulting from differences in the
suction casting equipment or the experimental
parameters. Regardless, the maximum diameter of
this alloy was considered to be around 12 mm for
the present study.

(a)
Zryy 7CungNigAl, 3Y ¢ (5 mm)

Mw Zr44 7CupeNigAly, 3 Y s (4 mm)

Zr4,CuyNisAl;Y s (4 mm)
JNM R L
M‘/“d\w Zr42cu“Ni5Al7Y5“'(5mm)

Zr50Cuy;NigAly (Y 5 (5 mm)

Zrs,CuygNigAl; Y, (5 mm)

20 30 40 50 60 70 80
20/(°)

7146 7CuygNigAl 5 3 Y, (14 mm)

Zr467CupgNigAl 3, (12 mm)

/4/\\_‘ Zr45,CugNigAly, 5Y, (15 mm)

w- Zr57CupgNigAl, 1Y, (12 mm)
Zrsy7CusgNigAl 12 mm
Jk\\ 50.7 uzf; 9 12.35 )

! 1
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Fig. 7 XRD patterns of Zr—Cu—Ni—Al—(Y) alloy rods
with different casting diameters
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Table 2 Measured and predicted Diax of Zr—Cu—Ni—Al—(Y) bulk metallic glasses

Allo?/' Measured Dow/mm Predicted Dyax/mm
composition RF XGB MLP XGB (SMOGN data)
Z14,Cus1NisAl7Y's 4 13 9 11 6
Zr5:CusNisAlioY2 5 5 6 6 5
Zrs0Cuz7NisAlioY's 5 6 5 3 4
Zrs0.7Cu2sNigAl 23 ~12 8 11 13 10
Zr487Cu2sNigAl123Y 2 15 12 17 17 14
Zr467Cu2sNigAl123Y4 12 9 13
Z1447CusNioAl123Y 6 4 6 6 5 5

Table 2 presents the measured and predicted
Diax  of the Zr—Cu—Ni—Al—(Y) bulk metallic
glasses. A comparison reveals that a smaller
difference between  predicted and
experimental values for the XGBoost model
compared to the other two models before data
augmentation, indicating its superior predictive
ability. After augmentation, the XGBoost model
shows even better prediction performance. This
aligns with the earlier observation that it achieves
high scores in both the training and testing sets. The
superior performance may be attributed to the
following advantages of the XGBoost model. It
performs second-order Taylor expansion on the loss
function, which allows the model to approach the
real loss function more precisely. Besides, the
adoption of the could avoid
overfitting and improve the generalization ability of
the model. For the RF and MLP models, a large
difference exists between the predicted and
measured Dmax value of ZrsyCusiNisAl;Ys alloy, 9
and 7 mm, respectively. These discrepancies may
be attributed to the imbalance in the distribution of
the data, which makes the model pay more attention
to the samples in the dense region rather than those
in the rare region during training, thus influencing
the accuracy of the prediction. As can be seen from
the prediction performance on training and testing
data in Fig. 2 and Fig. 4, both the RF and MLP
models tend to overestimate the maximum sizes of
bulk metallic glasses when the measured data are
smaller than 5 mm. Thus, it is understandable that
they overestimate the Dmwx value of the
Zr$CusNisAl;Y s alloy.

exists

regularization

3.3 Model interpretation
The SHapley Additive exPlanation (SHAP), an

approach based on the game theory, was employed
to interpret the machine learning models used in
this study. The SHAP value is utilized to represent
the influence of each feature on a predicted result.
The mean absolute value for a feature, considering
the entire dataset, can be deemed as its impact on
the target property.

Figure 8 displays the mean absolute SHAP
values of three features with the RF, MLP and two
XGBoost models. One can notice that the estimated
viscosity at the liquid temperature () has the
highest impact on predicting Dmax, followed by the
enthalpy of mixing (Hmix), and then the atomic size
difference (). This indicates that the kinetic factor
has the most influence on glass formation, followed
by the thermodynamic and structural factor. The
mean SHAP values for all three features are larger
than 1 mm.

3.0 BN RF
B XGB
E 25 BN MLP
< I XGB (SMOGN data)
=
S 20
-
Z1s
Z!
g 1.0
p=
0.5

’71 Hmix 0 ,7| I_Imix 0 ;7| I_Imix 0 ’71 Hmix 0

Fig. 8 Mean absolute SHAP values of three features with
four models

Figure 9 presents the SHAP values for each
datum in the dataset using the XGBoost model,
providing insights into the impact of each feature.



3832 Hong BO, et al/Trans. Nonferrous Met. Soc. China 35(2025) 3824—-3835

2@ . : .
20 Co |
€ 161 P :
g6 N . .
ERS .
S gt Y e
% : : : (Y .. ° °
% i ; | o0 " ®
' l
—4r v l
g L13 mPa+s<z7<16 mPa-s i 7>26 mPa-s
0 10 20 30 40 50
n/(mPa-s)
12 H(b) ey
107 L
8t e
2ol tern
E 4r % ® e E ’.’ o
§ 2L @ 0. e
= of e Mgl
an) Or ° e °9° $
%) ¢ °
Sl . ¥
| * S ®
4 SRS
-6k -31 kJ/mol<H,;<-26 kJ/mol
-50 —40 -30 -20 -10 0
H,; /(kJ-mol™")
12 o) 5 .
10 o«
‘| |
g Y ;
E O :
g o,
: 2 B .*. [
E‘ O0r o ©® o o m
Y b CW Ry o
° ° : : oo o
-4 . o O ® °
-6} 9.6%<0<10.2%

4 6 8§ 10 12 14 16 18 20

/%
Fig. 9 SHAP values of each datum of estimated viscosity
at liquidus temperature 7, (a), enthalpy of mixing Hmix (b),

and atomic size difference 0 (c¢) with XGBoost model

The SHAP values of #, vary differently with the
increase in the feature value compared to those of
Hnix and 6. There are two ranges of positive SHAP
values corresponding to #, of 13—16 mPa-s and
larger than 26 mPa-s. In Fig. 9 (b), the SHAP values
are predominantly positive when Hmix falls from
=31 to —26 kJ/mol, agreeing well with the range
reported by XIONG and ZHANG [11]. The range

for J to obtain a positive SHAP value is extremely
small, i.e., 9.6%—10.2%. The SHAP values for each
datum using the XGBoost model after data
augmentation are demonstrated in Fig. 10. It can be
noted that distribution of the data is basically the
same as that before augmentation, and so are the
ranges for 7, Hmix and ¢ with positive SHAP values.
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XGBoost model after data augmentation
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4 Conclusions

(1) Three features representing influences from
structure, thermodynamics, and kinetics are selected,
namely, atomic size difference, mixing enthalpy and
estimated viscosity at liquidus temperature. Though
with only three features, the RF, XGBoost, and
MLP models can be trained to predict the maximum
sizes of the metallic glasses with high accuracy.

(2) Using the original dataset, the XGBoost
model possesses superior performance, achieving
the highest determination coefficient of 0.9662 for
the training set and 0.9115 for the testing set,
followed by the RF model and then the MLP model.

(3) With the augmented dataset, the XGBoost
model achieves the highest determination
coefficient of 0.9983 for the training set and 0.9148
for the testing set. It also demonstrates the best
performance when predicting the maximum sizes of
the Zr—Cu—Ni—Al and Zr—Cu—Ni—Al-Y metallic
glasses that are beyond the dataset, which indicates
good generalization ability.

(4) Mean SHAP values of the three features for
all the models are larger than 1 mm. Viscosity at
liquidus temperature has the most significant
impact on predicting Dmax, followed by enthalpy of
mixing, and then atomic size difference. This
suggests that the kinetic factor has the greatest
influence on glass formation, followed by the
thermodynamic and structural factors.

(5) SHAP values of each datum reveal that it is
favorable for glass formation when #, falls in the
range of 13—16 mPa's or larger than 26 mPa:s,
Hpix in the range of —31 to —26 kJ/mol, and ¢
between 9.6% and 10.2%.
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