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Abstract

Accurate prediction of boron coordination in multicomponent glasses is critical in glass
science and technology as it strongly affects the properties of borate and borosilicate glasses.
We have collected a dataset containing 657 glasses from literature with boron coordination
values and developed models using analytical functions based on the well accepted Dell,
Xiao and Bray model. Good prediction of boron coordination with a R? value higher than 0.8
was obtained. The large variation of boron coordination from experiments, originated from
sample preparations and characterizations, led to difficulties in obtaining models with better
prediction performance. Various machine learning (ML) algorithms were evaluated and
slightly better prediction performance was observed; however, interpretation of the ML
models is less straight forward. This study developed various models capable of providing
quantitative boron coordination predictions, providing insights into its structural roles in

multi-component glasses, and suggesting fruitful areas for future research.

Keywords: boron coordination, model prediction, multicomponent glasses, machine

learning, K-nearest neighbor, artificial neural network, Gaussian process regression
1. Introduction

Borosilicate glasses have a wide range of applications ranging from labware and
cookware, to electronic display devices, biomedical implants and nuclear waste disposals,
owing to their desirable physical and chemical properties. Accurate prediction of boron
coordination in these glasses is critical as many physical and chemical properties are directly
related to the coordination state of boron. The well-known boron anomaly in borate or
borosilicate glasses is such an example and maybe one of the first direct evidences of

structure-property correlations in glasses [1-4]. For most components, there is a unique
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coordination environment irrespective of glass composition. For example, Si and Zr in
glasses are mostly found to be 4 and 6 coordinated with oxygen, respectively [5]. However,
boron coordination can change between trigonal planar (*'B) and tetrahedral (‘'B),
depending on overall glass composition and the thermal history. In pure boron oxide glass,
boron coordination is 3. As alkali oxide is added to the glass matrix some *'B are converted
to /B with the alkali ions balancing the charge of the [BO4]” units. As the alkali
concentration continue to increase, the N = */B/(®'B+*IB) reaches a maximum and begins to
decrease with additional alkali ions. This coordination change of boron as a function of
composition is known as the origin of the “boron anomaly” phenomenon observed in these

glasses [1-4].

Yun and Bray [6] first proposed a model to calculate N4 based on two ratios: R =
Na;O/B>03 and K = Si02/B>0s from fitting nuclear magnetic resonance (NMR) results of
three-component NaxO-B»03-Si0> glasses. The calculation of the N4 values is divided into
three regions: 1) R < Ryax = K/16+0.5; 2) R > Rmax and K < 8; 3) R > Rmax and K > 8. A few
years later, this model was further refined for K < 8 and commonly known as the Dell and
Bray or Dell, Xiao and Bray model [7]. Built upon these results and models, Du and Stebbins
[8] proposed a modified ‘Dell and Bray’s model for boroaluminosilicate glasses by adding
Al>O3 in a modified R and K ratio, where R’ = Na>O/(B203+Al>03) and
K’ = Si02/(B203+Al1203). In this model, aluminum is assumed to play the same structural role

as 4-fold coordinated boron.

In addition to the empirical models mentioned above, several thermodynamic based
models have also been proposed. Araujo [9] proposed a statistical mechanical model to
calculate Ny in alkali aluminoborosilicate glasses. More recently, Smedskjaer et al. [2]
developed a two-state statistical mechanical model, which can describe the relationship
between the boron coordination change and the thermal history. This model accounts for the
enthalpy difference between conversion of *'B to B and non-bridging oxygen (NBO)
formation energy in silicate network when modifiers are added [2], which can capture the
boron coordination of studied soda-lime borosilicate glasses. However, this model does not
apply to compositions with high modifier content, and needs input of experimental glass

transition temperature (Tg) value [2].

The quantitative-structure-property relationships (QSPR) analysis has evolved to be a
promising approach to find structure-property correlations in glasses by using well designed

structural descriptors [10]. The impacts of glass composition, atomic structure, and chemical

2



bonding environments are incorporated in the descriptor definition, which was used to predict
glass properties [11-16]. As B!B and B have significant effects on glass properties, the
inability to calculate N4 limits the ability to apply QSPR and related analyses to multi-
component alkali-borosilicate glasses. A new tool to estimate N4 of both borate and
borosilicate glasses is also necessary to calculate other structural parameters, including
fraction of tetrahedral species [17], non-bridging oxygen concentrations [17], topological
constraint theory [2], network connectivity [18]; each of which have been used for predicting
glass properties. Additionally, accurate calculation of N4 from glass compositions helps to
develop transferable empirical potential parameters (e.g., composition-dependent parameters
[19,20]) for studying glass structures using molecular dynamics (MD) simulations. However,
to the best of the authors knowledge, no one has yet developed a model to predict N4 values
in multicomponent glasses such as nuclear waste glasses. Therefore, to improve the ability to
predict properties of multicomponent glasses as a function of compositions, a more

systematic and accurate prediction of compositional effects on B coordination is needed.

The objective of this work is to estimate the effects of glass composition on the N4
values and develop various models to calculate N4 in multicomponent borate and borosilicate
glasses. In this paper, we fitted models with analytical functional forms including ones based
on Du and Stebbins’ (DS) model [8] and Bernstein equation [21,22]. In addition, machine
learning (ML) approaches were applied to show the ability of different ML algorithms to
predict N4 values in multicomponent glasses. Even though ML has been recently used in
predicting glass properties such as glass transition temperature [23], density [24], elastic
modulus [24,25] and dissolution [26-29], it has not been used in prediction of glass structural

properties to the best of our knowledge.

2. Methodology
2.1. Data collections

Data used in this paper were collected from the literature, and a compiled data table
with references can be found in supplementary materials. A dataset containing 657 borate and
borosilicate glasses was collected along with the sample preparation details (e.g., cooling rate,

pressure). Table 1 shows the component (mol%) ranges of the dataset.



Table 1. Component (mol%) ranges of the dataset.

Component Min Max Component  Min Max
ALO3 0.00 30.00 Zr0: 0.00 8.00
B203 1.25 100.00 BaO 0.00 50.40
CaO 0.00 50.00 Bi203 0.00 50.00
Fe203 0.00 9.94 Cs20 0.00 58.33
K20 0.00 60.00 HfO: 0.00 45.10
Li2O 0.00 60.00 La20s3 0.00 47.00
MgO 0.00 40.00 PbO 0.00 80.00
Na:0 0.00 69.97 SrO 0.00 12.50
P20s 0.00 36.00 Rb20 0.00 44.99
SiO: 0.00 87.30 Y203 0.00 43.00
ZnO 0.00 40.00

Minor components include Cr203 (<0.03 mol%), UO3 (<5 mol%), SO3 (<0.1
mol%) and TiO; (<2.5 mol%) are contained in a few glasses of the data
collected; however, these oxides were not considered during model fittings.

2.2. Models based on novel functional forms

Built upon the Dell, Bray and Xiao (DBX) model for sodium borosilicate glasses, Du
and Stebbins proposed a model of boron coordination change with composition for
boroaluminosilicate glasses based on NMR studies [8]. In the Du and Stebbins’ (DS) model
[8], Al was assumed to be 4-fold coordinated and has the same structural role as B and
requires a charge compensator to balance the charge on [AlO4] units. Although for some
compositions, especially those with high alumina content, Al can also be 5- and 6-
coordinated in a few glass systems [30-33]. The DS model was successfully used to predict
the N4 in four-component alkali/alkali earth aluminoborosilicate glasses in certain
composition regions (see [34,35] for examples). However, studies have observed that Ny
significantly decreases (from ~62% to ~13%) with Al>O3 replacing ~20 mol% B203 in alkali
boroaluminosilicate glasses [34,36], where the original DS model cannot capture this change
of N4 accurately. Additionally, alkali and alkaline earth may have different effects on N4
values [31,37-39], and it was found that higher modifier cation field strength promotes the
formation of NBO instead of tetrahedral boron [40]. When the original DS model was used to
calculate Ny of the whole dataset, it was found to poorly predict with an R? value of 0.204
without removing any outliers. R? value increases to 0.75 after removing 100 data with a
squared residual higher than 0.07. Therefore, we proposed to fit models with coefficients

added for different oxides when calculating R and K ratios.
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To enable calculations of boron N4 in multicomponent glasses, modified R and K ratios

are defined as follows (equation (1) and (2)) to add other components:

. NClZO +Zal~Ml-
" B,05; + Y b;NF;

(1)

Sio,

K =
B,0; + ¥, b;NF;

2)

where:
* q; are the coefficients of the i glass modifier. M; are the concentrations (mol%) of
the i glass modifier, including alkali metal oxides, alkaline earth metal oxides, ZnO,
PbO, Lay03, Y203 and BizOs.
b; are the coefficients of the i glass network former or intermediate (NF). NF; are the
concentrations (mol%) of the i NF, including Al,O3, P20s, Fe2Os3, TiO2, ZrO2 and
HfO,.

Following the DBX and DS models, R4, (composition regions with maximum Ny)
and R (composition regions that Ny starts decreasing with increasing R) were refitted using

equation (3) and (4):

Rmax = CIK + CZ (3)

Rp =D;K+D, 4)

where:
* (; and C, are the fitted slope and constant for R,,,,, respectively.
* D, and D, are the fitted slope and constant for R, respectively.

N4 values were calculated using two different functional forms including one based on
DS model (referred to as modified DS model hereafter) shown in equation (5), and the other
one based on the Bernstein equation. [21] (referred to as modified Bernstein model hereafter)

shown in equation (6):

( R, R < Ry
N _ Rmax: Rmax < R < RD (5)
4= . (R—Rp)(B+K) RS R
max 122+K) b



R, R < Rpax

(6)

N, =
4 ax((b+R)x(c— )S;RZRmax

d+exK

where a, b, ¢, d and e are fitting parameters for Bernstein equation.

Functional-form models were fitted using Microsoft Excel™ Solver with a GRG

Nonlinear method to maximize R2.
2.3. Machine learning algorithms

Several ML algorithms including k-nearest neighbor (KNN), Gaussian process
regression (GPR), and artificial neural network (ANN) have been used in this work and

below is a brief summary of these techniques.

KNN is a classical and relatively simple method for pattern classification, which was

developed from the need to perform discriminant analysis [41]. KNN uses simple distances

such as Euclidean distance ( \/ Zle(xl- — y;)?) to measure the dissimilarities between samples

represented as vector inputs [42]. In KNN regression, the prediction can be calculated based

on the mean of its k-nearest neighbors [43].

GPR is an algorithm based on the Bayes’ theorem, which estimates and evaluates the
probability of a given outcome based on prior knowledge [27]. The process is updated
iteratively throughout the training process, and the outcome with the highest probability is
used as the final prediction [27]. GPR accommodates a wide class of nonlinear regression

functions, and addresses problems with multidimensional functional covariates [44].

ANN algorithm was inspired by the behavior of biological neurons, which contains
input, hidden, and output layers. These layers are made of artificial neurons that are
interconnected by artificial synapses [45]. The hidden layers include a given number of
neurons that take inputs from the input layer, apply mathematical functions and provide
outputs to the output layer [26]. Each neuron weights the received input values by its

associated synapse, where desired outputs are obtained by modifying these weights [45].

ANN and GPR models were fitted to the dataset using JMP™ version 14.0.0 (SAS
Institute, Cary, NC). KNN regression model was fitted to the dataset using Python
programming language with sklearn [43] and pandas [46] packages. 75% of the dataset was



randomly picked for training the ML models, and the remaining 25% of the dataset was used
for testing the prediction performance of the models. This splitting is commonly used, which

permits adequate optimizations of model parameters and predictions of model performance
[27].

3. Results
3.1. Data curation and source of discrepancy

It is known that glass sample preparation details (e.g., thermal history, pressure,
composition uncertainty) can significantly affect the boron coordination. For instance, it was
found that higher cooling rate (lower fictive temperature) results in lower boron N4 in sodium
borosilicate glass [47], E-glass [48], and aluminoborosilicate glasses [49,50], while annealing

samples increases N4 [36].

Table 2 shows an example of different preparation methods and thermal history on
boron N3 of a sodium borosilicate glass. N4 obtained by NMR for a 25B>03-25Na>O-50S10>
glass can range between 58% to 85% depending on the thermal history. Even when studies
used the same air-quenching methods, there is a 6% difference on N4 obtained. In a study by
Martens et al. [51], samples with the same compositions were prepared several times
independently in order to check the quality of the sample and results. The difference of the N4
for samples (quenched on a copper mould cooled with water) with the same composition can
be up to 25 absolute% (e.g., N4 obtained was 30% or 55% for a 22.2Na>0-26.0B203-51.8
SiO2 glass in mol%) [51]. On the other hand, higher pressure leads to a higher boron Ny, as
found in calcium aluminoborosilicate glasses [31] and sodium borosilicate glass [47]. It was
also demonstrated that heavy ion irradiation can depolymerize the borosilicate glass network
and results in a lower boron coordination number [52]. Additionally, sample form has an
impact on boron N4 determined by X-ray absorption fine structure, where using glass powder

samples yields a higher N4 as compared to using glass coupons [53].

In order to better understand the discrepancy in the collected dataset, mean squared pure
error (MSPE) and relative standard deviation (%RSD) were calculated for 57 replicate sets
with a total of 133 glasses. Sum of squares due to pure error (SSPE) is considered as a best
attainable measurement error since it represents error among replicate glasses. MSPE,
degrees of freedom for pure error (DFPE) and SSPE can be calculated using the following

equations:



VISPE — SSPE
~ DFPE )

DFPE = Z(nrepsetj - 1)
i 3

SSPE = Z Z(}’i,rep setj — Yrep sel:j)2 )
j i

where Ny.¢), ser j 1 the number of glasses in replicate set j, Y; rep set j 18 the experimental Ny
value for glass i in replicate set j, and Yyep sec j 18 the average experimental N4 in replicate set
J-

For the collected dataset, MSPE and SSPE are 0.006 and 0.485, respectively. %RSD for
each replicate set was calculated by dividing standard deviation of glasses in the replicate set
by their average. The average %RSD of all the replicate sets was found out to be 14.3%,
where it can go up to 69% in the most extreme case. The pooled standard deviation (a

weighted average of standard deviations) is 4.5 absolute%. The results show the challenges to

predict boron coordination in silicate glasses.

Table 2. Reported boron Ny values from "'B NMR for 25B,03-25Na:0-50S8i0; with different thermal

history (cooling rate and annealing) from literature.

Ref N4 (%) Cooling rate Annealing

[36] 85 Slow cooled (10 °C/min) No

[6] 58 Air-quenched No

[54] 60 Air-quenched No

[55] 64 Air-quenched No

[56] 67 Water-quenched Annealed at T, for 3 h
[51] 70 and 73 Water-quenched No




3.2. Models using functional forms

Firstly, the coefficient for each oxide (defined in equation (1) and (2)) was fitted to
obtain highest coefficient of determination (R?), and then the coefficients were simplified to
ease the future calculations. R? slightly decreased (less than 0.05) after simplifying the
coefficients. In general, the coefficient of a modifier is found to be the inverse of its valence.
For instance, the coefficients for Li,O, CaO and La,Os3 are 1, 1/2 and 1/3, respectively. The
coefficients for P,Os, Fe2O3, TiO2, HfO2, Cr203, UO3 and SO3 are simplified to 0, where the
fitted coefficients of these oxides are less than 0.5. Coefficients for Al,O3 and ZrO, are 4 and
3, respectively. A series of different scaling factors between component concentrations and
their coefficients were attempted without success including cation field strength (values can
be found in supplementary materials), optical basicity coefficient [57], and single bond

energy [58].

Table 3 lists the fitting parameters of the modified DS models and modified Bernstein
models based on the definitions of equation (1) and (2) for the whole dataset (borosilicate and
borate glasses) and sub-dataset (only borosilicate glasses). Data with a squared residual,
(predicted N, — measured N,)?, higher than 0.07 were removed as outliers. R, RMSE
(root mean square error), data size (before removing outliers) and number of outliers removed
for each functional-form model are listed in Table 3. For the modified Bernstein equation, it
was found that correlations exist between the fitting parameters, which are indicated in the
parenthesis. In addition, a beta function was unsuccessfully attempted to describe the effects

of R and K on Nu.

Table 3. Fitting parameters, R’, RMSE, data size and number of outliners removed of the modified DS
models and modified Bernstein models for the whole dataset (borosilicate and borate glasses) and

only borosilicate glasses.

Modified
Modified DS Modified
Modified DS Bernstein
Coefficient/ model Coefficient/ Bernstein
model model
parameters (whole parameters model
(borosilicate) (whole
dataset) (borosilicate)
dataset)
Rax 0.019K+0.590  0.022K+0.580 Rax 0.06K+0.43 0.06K+0.43
Rp 0.502K+0.096  0.459K+0.256 a 0.25 0.71




0.29 0.40
1.30 1.03
3.78 5.47 (5.63/c)
1.00 (d/3.78) 1.19 (1.16xc)
R? 0.816 0.825 0.830 0.836
RMSE 0.0883 0.0887 0.0836 0.0854
Data size 657 451 657 451
Number of 11 11 19 17

outliers removed

Figure 1 shows the measured versus predicted N4 plot using the modified DS model for

the whole dataset and the sub-dataset. R? of the modified DS model for the whole and subset

data are 0.816 and 0.825, respectively. Figure 2 shows the measured versus predicted N4 plot

using modified Bernstein models for the whole dataset and the subset with only borosilicate

glasses. R? of the modified Bernstein model for the whole and subset data are 0.830 and

0.836, respectively. Figure 3 shows the N4 obtained from the modified DS and Bernstein

models of the whole dataset in comparison with experimental values as a function of R at

different K values. As shown in Figure 3, both models provide relatively good predictions

when R < and >> Riax. Modified Bernstein model provides better predictions around Rmax

compared to modified DS model.
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Figure 1. Measured versus predicted Ny plot using modified DS models for (a) the whole dataset and

(b) the sub-dataset with only borosilicate glasses.
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Figure 2. Measured versus predicted N4 plot using modified Bernstein models for (a) the whole

dataset and (b) the subset with only borosilicate glasses.
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Figure 3. N4 obtained from the modified DS model (a) and the modified Bernstein model (b) (solid
lines) of the whole dataset in comparison with experimental values (dots) as a function of R at

different K values.

3.3. Models from machine learning approaches

When fitting KNN models, uniform weights and standard Euclidean metric with
varying the number of nearest neighbors were used. Figure 4 (a) shows the R? of training and
testing as a function of the number of neighbors used during the model fitting. When three
nearest neighbors are used, it provides the highest R? (0.814) for the testing dataset and a
relatively high R? (0.923) for the training dataset. RMSE for the training and testing dataset
are 0.058 and 0.090, respectively. Figure 4 (b) shows the measured vs. predicted N4 using
KNN regression (number of neighbors is 3). No data were removed as outliers, mostly
because of that the outliers are dependent on the separation of training and testing dataset.
However, this might also result in over fitting the model to the outliers. In this KNN model,
all data in the training set have a squared residual less than 0.07 and three glasses in the

testing set have a squared residual higher than 0.07 (up to 0.081).

12



1.0
a 1.0
@ W --®-- Training () *
LS --e - Testing 02
u o= o e
094 ‘.\. ....................................................... 0.8 o
- s o ag
. 0.7 .
il G u] @% Y]
& Z 06 .« & y
03_,,,,,",,’»,,,,,,,, ,,,,.\,'\,-,, b ’ﬂg - oc®
o Y * ! b a) "f
i N .\‘ o 054 « P .
. w 2 sl .o o8
® . ‘lﬁ.\ D‘: 04 * [u]
et e N gy L
01 e "u 0.3 EE'.?‘ o,
L}
[ N 3 *
e 024 . oo
1\1 » *
Ml e 0.19% o KNN (iraining) R? = 0.923
00 + KNN (testing) R® = 0.814
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
0 2 4 6 8 10 12 14 16 18 20 00 01 02 03 04 05 06 07 08 09 10
Number of neighbors Measured N,

Figure 4. (a) R’ of training and testing as a function of the number of neighbors. (b) Measured versus
predicted Ny plot using K-nearest neighbor (number of neighbors is 3) for the whole dataset. 75% of
data in the whole dataset was used for training model parameters and the rest of 25% was using for

testing model performance.

ANN fitting was performed with the whole dataset. The number of nodes was varied
from 2 through 5 using a TanH activation function (hyperbolic tangent function, which is a
sigmoid function) with one hidden layer. A 3-node model was found to give the best results
(R?est closest to R%yain). Figure 5 shows the measured versus predicted N4 plot using ANN.
However, the results highly depend on the random seed number, where the R? values vary
between ~0.6 to ~0.85. The results of ANN model shown in Figure 5 were obtained using a
random seed of 14. No data were removed as outliers, while seven data have a squared

residual higher than 0.07.
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Figure 5. Measured versus predicted Ny plot using artificial neural network for the whole dataset. 75%
of data in the whole dataset was used for training model parameters and the rest of 25% was using

for testing model performance.

Figure 6 shows the measured versus predicted N4 plot using Gaussian process
regression, where the model parameters were fitted via maximum likelihood. The final GPR
model has a Gaussian process mean (p) of 7.7902, variance (¢*) of 3820 and a Nugget
parameter of 0.01. This model provides the highest R? (0.926 for training and 0.911 for
testing) in this study. RMSE of the GPR model for the training and testing dataset are 0.057
and 0.062, respectively. No data were removed as outliers, while only one glass have a
squared residual higher than 0.07. In addition, supporting vector machine (SVM) and random
forest regression using the sklearn package [43] were tested, where R? values are less than

0.5 for both regression methods hence the results were not reported in this paper.
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Figure 6. Measured versus predicted N4 plot using Gaussian process regression for the whole dataset.

4. Discussion

For the first time, models have been developed to predict N4 of multi-component borate

and borosilicate glasses with over 600 experimental compositions using analytical functions

and machine learning approaches. These models range in RMSE from 0.06 to 0.09 and R?

from 0.81 to 0.93, as shown in Table 4. Modified Bernstein models provide a slightly higher

R? compared to modified DS models; on the other hand, GPR model shows the best model

performance among all the ML models tested.

Table 4. Summary of the R* and RMSE of functional form and ML models.

Models R? RMSE
Modified DS
(whole dataset) Ll LS
Modified DS
(borosilicate) 0.825 0.0887
Modified
Bernstein 0.830 0.0836
(whole dataset)
Modified
Bernstein 0.836 0.0854
(borosilicate)
KNN (training) 0.923 0.0579
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KNN (testing) 0.814 0.0898

GPR (training) 0.926 0.0568
GPR (testing) 0.911 0.0620
ANN (training) 0.815 0.0900
ANN (testing) 0.835 0.0829

Models using functional forms can be extrapolated to a wide range of compositions and
give a reasonable estimation of the N4; however, many assumptions were made during fitting
such as structural role of glass components. For example, FeoO3 was assumed to be glass
network former during the model fitting; whereas, the structural role of Fe ions depends on its
charge state and coordination in glasses and redox ratio of iron oxide was not always reported
in the studies [59]. Likewise, other components may take on multiple different structural
roles across the breadth of compositions tested (e.g., Al** may be found in 4, 5, or 6
coordination [30-33]). Also, alkali which are treated the same in this model have previously
been shown to effect Ny differently [31,37-39]. Cooling rates of the data are different from
study to study and even within studies. Previous studies showed higher N4 for more slowly
cooled glasses [47-50]. An attempt to correct for this cooling rate effect was made. Models
were fit with after separating data by air-quenched or water-quenched glasses; however, this
caused a slight decrease in R? value, indicating that the difference caused by thermal history
is within experimental uncertainty (e.g., from NMR characterization). It was thought that the
composition region may be too large to develop a single model covering the entire space.
Therefore, models were fitted using only borosilicate glasses and removing the borate-based
glasses. The resulting models have a slightly higher R? in comparison with using the whole
dataset. However, not sufficiently higher (e.g., 0.836 vs. 0.830 for the modified Bernstein
model) to reduce the ability to predict over broader composition regions with a single model.
The large discrepancy (e.g., average %RSD is about 14%) in the dataset caused by
experimental uncertainty (discussed in section 3.1) makes it challenging to obtain models
with very high R? values. A more consistent measurement protocol or standard for boron N4
measurements would greatly benefit further development of theoretical calculations of N4

from compositions.

In addition, boxplots and scatterplots were generated to study the composition ranges
with different prediction performances, as well as the outliers removed for the four functional

form models. The boxplots and scatterplots can be found in supplementary materials. After
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comparing composition ranges of all data and removed outliers (squared residuals higher than
0.07) in each model, it was found that glasses with high AI>O3 and Si0O», and low B>0O3 are
slightly more likely to be outliers in the models fitted using the whole dataset. This trend was
not observed for models fitted using sub-dataset (borosilicate glasses only subset). No
significant composition difference was observed when comparing between data with squared

residual less than 0.02 and data with square residual higher than 0.02 (less than 0.07).

Machine learning studies show promising results and potentials for future improvement
of the N4 models. Even though KNN regression is one of the simplest algorithms in ML, it
provides good prediction performance, which was also observed when predicting T, [23] and
glass dissolution [29]. It should be noted that KNN model performance can be different if
different values of random state were selected during the separation of dataset into training
and testing using sklearn. Random state of 40 was used in this study and the results are
presented in section 3.3. From a test of 1000 random values, R? varies between ~0.7 to ~0.9.
In addition, another approach that hyperparameters (e.g., number of neighbors and weights)
of KNN models were tuned using GridSearchCV from sklearn with 5-fold cross-validation
on training dataset was conducted; however, R? of testing dataset still varies between ~0.7 to
~0.9 with 1000 random state values. ANN provides promising results as well, while the
results also highly depend on the random seed number and JMP version/installation used,
where the R? values change between ~0.6 to ~0.85 with the same model configuration
regardless of using 5-fold cross-validation or just one set of training/testing. Future works on
study stability and reproducibility of ML models are thus needed. GPR provides the highest
R? among all the models tested in this work; however, it is more computing time consuming
than the other ML approaches. Some other ML algorithms such as SVM and random forest
regression didn’t seem to be able to fit the N4 data with meaningful R? values. The SVM
model (default parameters in sklearn) failed to predict N4 in this study. This might be because
no hyperplanes can be found to separate data, suggesting that the data are not linear
separable. It was found that KNN and SVM work well if the data points are heterogeneously
distributed, while for homogenous data adding a kernel into the SVM might improve the
model performance [60]. Future tests with different kernels (e.g., polynomial and Gaussian)
are needed. For random forest regression, further toning of hyperparameters (e.g., number of
trees, maximum depth of the tree, minimum number of samples, etc.) would also be needed

to evaluate the ability of random forest regression to predict Nj.
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Overall, ML algorithms can be applied to multicomponent glasses without knowing the
structural role of each glass component. However, these models do not provide physical
interpretation of the fitting or any insights of the relationships between compositions and Na.
Many ML algorithms such as ANN and SVM have been referred to as black-box models,
resulting in difficulties interpreting results [23,61]. Even though ANN and SVM are often
considered as reliable models, they provide less accurate predictions for data with highly
nonlinear features [27]. They are also prone to over fitting which is difficult to quantify. The
models with structural based functional forms (modified DS models, and modified Bernstein
function) provide similar level of fitting but allow for evaluation of impacts of new and

untested/fitted glass components based on some understanding of their structural roles.
S. Conclusions

In this study, various models to predict boron N4 for multicomponent glasses from
compositions were developed and evaluated using a dataset with 657 borate and borosilicate
glasses collected from literature. Models using functional forms such as Du and Stebbins (DS)
models and the Bernstein function were fitted using a modified definition of the R and K
values with additional fitting coefficient to each of the glass components. Even though
several assumptions (e.g., structural role of glass components) have been made during model
fitting, these models provide a relatively robust prediction of N4 with a R? value higher than
0.830. Interestingly, models fitted using only borosilicate glasses have similar but a slightly
higher R? value (increased by ~0.1) as compared to those using the whole dataset.
Furthermore, different ML algorithms (e.g., k-nearest neighbor, artificial neural network and
Gaussian process regression) to find correlation of boron N4 and composition relations were
evaluated. A R? value as high as 0.91 was obtained for the model using the Gaussian process
regression. ML algorithms have the advantage of a slightly better prediction performance as
compared to the models using functional forms; however, the relationships between
composition and Ny are less straight forward. More sophisticated ML approaches may
improve fitting and provide insights of the composition effect. However, the large variance of
experimental data originated from sample preparations and characterizations leads to
difficulties in obtaining models with significantly better prediction performance than those
models reported here. A more consistent experimental dataset with consistent N4
measurement protocols would greatly benefit further development of the theoretical models

to predict boron N4 values in multicomponent oxide glasses.
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