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The glass transition temperature (Tg) is a kinetic property of major importance for both fundamental and
applied glass science. In this study, we designed and trained an artificial neural network to induce a
model that can predict the Tg of multicomponent oxide glasses. To do this, we used a dataset containing
more than 55,000 inorganic glass compositions and their respective experimental values of Tg. These
compositions contain from 3 to 21 of the 45 chemical elements studied here. We implemented an
optimization procedure to find artificial neural network hyperparameter values that were able to induce
a model with high predictive performance. The resulting neural network model can correctly predict,
with 95% accuracy, the published Tg value within less than ±9% error, whereas 90% of the data are
predicted with a relative deviation lower than ±6%. This level of uncertainty is equivalent to the level
present in the original dataset and allows a very satisfactory description of the Tg for multicomponent
oxide glasses containing combinations of the 45 studied chemical elements. The prediction uncertainty
does not depend on the number of elements in the glass composition. However, it is larger for glasses
having very high Tg (above 1250 K). The most important aspect is the algorithm's ability to predict the Tg
of glasses that are not included in the experimental dataset used for training, thus showing a high
generalization ability. Besides, the procedure used here is general and can be easily extended to predict
several other properties as a function of the glass composition. This handy feature will most probably
help to develop new multicomponent glass compositions having remarkable properties.

© 2018 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.
1. Introduction

The glass transition temperature (Tg) is a defining parameter
that is related to a dramatic change in the thermo-mechanical
properties of non-crystalline materials [1]. It marks the tempera-
ture range below which the atoms of a supercooled liquid are
temporarily frozen (without crystallizing) upon cooling. “Glass
transition” is the second most cited keyword in the history of glass
science [2], and is the guiding parameter used in important pro-
cesses, such as annealing (to relieve spurious residual stresses that
might break the product), thermal tempering (to strengthen glass
products), ion-exchange (e.g. the Gorilla Glass® of smartphones),
and crystallization (to control spontaneous devitrification). It is
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difficult to overstate its importance within the scope of Physics,
Chemistry, and Materials Science and Technology [3].

Once glasses are continuous solutions of chemical elements,
without fixed stoichiometry and long-range structural order, the
possible number of vitreous compositions is gigantic. For instance,
with 1% combinations of the 80 “friendly” elements of the periodic
table, it is theoretically possible to synthesize 1052 compositions
[4]. However, the number of inorganic glasses produced, tested and
reported so far is “only” around 105 [5]. Therefore, there is a large
window of opportunity for searching novel compositions, which
can show very unusual and interesting properties.

Developing new glasses has been an empirical endeavor [6],
mainly guided by educated guesses and the “cook and look”
approach. This approach is expensive and time-consuming, less
than ideal to support new technological demands in a fast-paced
society. This fact has always been a major driving force to
enhance our capacity to predict key properties of glasses and other
materials with reasonable accuracy. Therefore, it is now timely to
move from the traditional trial-and-error, “get lucky” method, to a
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Table 1
Number of examples of each of the 45 studied chemical elements. The rightmost
column is the maximum amount of a given element that is present in any glass in
our dataset. The minimum amount is zero for all elements except oxygen, for which
it is 10%.

Element Compositions that contain the element Maximum amount (at%)

Cd 565 25.0
Yb 620 16.7
Cs 654 45.6
N 707 43.8
Mn 825 23.1
S 981 58.8
Ce 985 15.8
Er 999 16.1
I 1038 46.3
Mo 1328 22.0
Cl 1364 63.2
As 1379 39.9
Ga 1410 33.4
Cu 1711 40.6
Sn 1998 28.3
Ag 2203 47.8
Ta 2306 28.3
Y 2340 18.4
Gd 2587 17.9
Ge 2620 33.3
V 3190 28.3
Fe 3322 31.6
W 3998 23.1
F 4230 64.4
Sb 4335 47.0
Sr 4525 40.9
Te 4564 32.9
Nb 4665 26.3
Bi 5352 37.6
La 6036 31.0
Pb 6361 47.6
Zr 7051 20.2
Ti 7614 27.3
Mg 9155 48.5
Ba 11,049 24.4
K 12,000 49.7
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new era of predicting compositions that might lead to novel glasses
having noteworthy, exotic and yet useful combinations of
properties.

Within this context, some tools are availabledranging from
theoretical to purely empiricald based on concepts from scientific
domains such as the density functional theory, molecular dynamics
simulations, the topological constraint theory, evolutionary algo-
rithms, and big data analysis [6]. However, current theoretical tools
are still limited to the simplest materials, with typically less than
five different components due to their high computational demand.
In this setting, machine learning in general [7e9] and artificial
neural networks (ANNs), in particular, have been successfully used
to identify patterns in large datasets [10].

When dealing with highly complex compositions, having more
than five components, one has to resort to an empirical model. This
study investigates the use of ANNs, which have been successfully
employed to identify objects and facial expressions in pictures
[10,11], recognize speech [12], discover new drugs [13,14] and play
board games [15] and video games [16] at a level similar or superior
to humans. More specifically, in Materials Science, ANNs have been
used with moderate success to predict kinetic and mechanical
properties of polymers [17e22], the glass forming ability of metallic
alloys [23e25], and extract structural information from X-ray
diffraction data [26], for example.

In the realm of oxide glasses, by far the most important family of
commercial glasses, only two published studies have tested the
applicability of ANNs to predict a property, chemical durability: the
work of Brauer et al. on the solubility of phosphate glasses [27], and
the recent work of Krishnan et al. on the solubility of silicate glasses
[28]. However, the numbers of examples used in these two studies
were quite small (31 and 299, respectively), which is not recom-
mended [29] for building ANNmodels due to a strong possibility of
overfitting. Nevertheless, both reported that the used ANNs
reasonably predicted the chemical solubility of the investigated
glasses, with R2 values of 0.9996 and 0.982, respectively.

Two other related references [30,31] dealt with estimates of the
liquidus temperature of oxide mixtures, Tliq. Although this is not a
glass property per se, the knowledge of Tliq is critical for optimum
glass melting operations to avoid undesirable, uncontrolled devit-
rification. Dreyfus & Dreyfus [30] tested four different datasets
separated per composition system, each containing from 155 to 893
oxides. The tested systems contained 4 to 6 different chemical el-
ements. The ANN used was able to predict the Tliq with a standard
error of 20 K. Mauro et al. [31] studied 851 silicate glasses con-
taining up to 9 different chemical elements. Their best ANN was
able to predict the Tliq with an R2 of 0.947, a high predictive per-
formance for this particular application.

In this study, for the first time, we report a very successful
application of ANNs to predict the glass transition temperature of
multicomponent oxide glasses with a similar degree of accuracy as
the original dataset used for training. The fingerprint used to pre-
dict the glass transition temperature was the composition of the
glasses (in at%), for which we studied the influence of 45 different
chemical elements using a dataset of 55,150 examples. More in-
formation on the data collection is available in the supplementary
material (references [32e39] are cited only in the supplementary
material).
Ca 13,397 30.8
Zn 13,862 32.1
Li 14,326 58.4
P 14,493 28.1
Al 19,104 36.7
Na 19,731 56.7
B 25,186 40.1
Si 27,819 33.2
O 55,150 74.5
2. Data collection

We collected Tg data from the SciGlass 7.12 database, which in
turnwere gathered from academic literature and patents published
up to May 2014 [5]. We imposed the following composition con-
straints in our query:
� An atomic fraction of at least 10% of oxygen must be present.
This constraint was adopted to limit our dataset to the scope of
this research, oxide glasses, by far the most abundant and
commercially important;

� Each other chemical element must be present in at least 1% of
the entries in the dataset. We wanted each atom in the analysis
to have a minimum representation during the supervised
training and validation;

� We only considered compositions that are made of at least two
different chemical elements plus oxygen. Single oxides (such as
SiO2, B2O3, GeO2, TeO2, and others) are susceptible to consider-
able uncertainties because unavoidable (and unaccounted) im-
purities usually have a powerful impact on their Tg, which could
jeopardize our analysis.

After applying these constraints, we obtained a dataset with
55,150 examples. Table 1 shows the chemical elements present in
the studied compositions (45 in total), their maximum atomic
percentage in any composition, and the number of compositions
that contain this element. The most important oxide glass-forming
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ions are included: silicon, boron, phosphorous, tellurium, germa-
nium, arsenic, and antimony.

Fig. 1a and Fig. 1b complement the characterization of our
dataset by showing the frequency of Tg values and the frequency of
the number of different chemical elements per composition,
respectively. The majority of the studied glasses have a Tg near
750 K, but the values span a range of 1150 K (from near 300 K to
approximately 1450 K). Most oxide glasses are made with 4
different elements (including oxygen). Only about 10% of the
compositions of the dataset contain 11 or more different elements.

Before they were fed to the ANNs, the values of Tg in the dataset
were normalized by dividing them by the maximum Tg. This pro-
cedure is a common normalization practice for regression
problems.
3. Designing the artificial neural networks

Detailed information about artificial neural networks, how they
are built, trained, validated and used are available in various pub-
lications [10,16,40,41]. Briefly, these networks are made of artificial
neurons that are interconnected by artificial synapses. These neu-
rons receive numerical input data (either the raw data or data from
other neurons) and apply a mathematical function whose output
can either be the final network result (Tg, in our case) or be used as
input for other neurons. The input values received by each neuron
are weighted by an associated synapse. An ANN is usually trained
bymodifying theseweights in order to improve the ANN prediction
of the desired, correct output (in this case, to improve the predic-
tion of the Tg values). The glossary in the supplementary material
defines some relevant terms.

There are many types of ANNs and some are used for regression
problems, as is the case of the network investigated in this article.
After several experiments, we settled with the multilayer percep-
tron ANN [42,43], MLP, with two hidden layers, trained with the
back-propagation learning algorithm. From now on, when
mentioning ANNs, we mean MLP networks. One of the main chal-
lenges of using MLP is to avoid overfitting, which occurs when the
network presents low generalization ability. We used two methods
to reduce the occurrence of overfitting:

� we included a dropout routine [44] for the hidden layers. In this
method, for each epoch of the training process, each neuron has
a chance (dropout percentage) to be inactivated, not being
Fig. 1. Frequency of (a) Tg and (b) number of chemical elements in th
updated and not propagating information during the epoch.
Thus, the MLP network must be noise-robust;

� we used an early stop routine, instead of a fixed number of
epochs, to train the MLP networks. In this case, the training is
stopped when a certain degree of overfitting is identified, which
is controlled by a hyperparameter called patience. This hyper-
parameter represents the number of epochs without improve-
ment after which the training will stop. The improvement of the
network predictive performance is measured by assessing how
it performs in a validation set.

Machine learning algorithms have two types of variables that
affect the performance of the induced model: parameters and
hyperparameters. Parameters are model variables whose values can
change during the model training. The synapse weights are ex-
amples of parameters of an artificial neural network. On the other
hand, hyperparameters, also named free parameters, are variables
whose values must be determined before training and do not
change during training. The number and distribution of neurons of
an ANN are examples of hyperparameters.

A typical ANN design challenge is to find a good set of hyper-
parameter values. It is possible to arbitrarily choose the hyper-
parameter values and check if they induce a model with high
predictive accuracy. However, it is difficult to assess how optimized
these hyperparameters are by only analyzing the trained network.
In other words, the network itself cannot assess if its topology is
optimized or if there is still room for improvement. In this frame-
work, some combinations of hyperparameter values need to be
identified and tested to search for the most suitable ANN topology.

Some hyperparameters for the investigated application are the
number of neurons in the first and second hidden layers; the dropout
percentage for the first and second hidden layers; the batch size; and
the patience. We used optimization routines to search for a good
combination of these hyperparameter values. Other hyper-
parameters of the ANN were set following a combination of con-
ventional practices from the literature together with results from
previous tests. For instance, we used the rectifier linear unit (ReLU)
as the activation function for the hidden layers, and a linear acti-
vation function for the output layer. We also used the Huber loss
function [45] because it is robust against outliers. We used the
Adam (AdaptiveMoment Estimation) gradient descent optimization
algorithm [46] to adjust the network parameters during training.

Table 2 shows the search space for tuning the hyperparameters.
e glasses of the studied dataset. The y-axis is in logarithm scale.



Fig. 2. Predicted Tg by the trained network versus reported values for the test dataset
containing 5515 oxide glasses. The straight line is the identity where the prediction is
equal to the reported value. The inset is the distribution of the relative deviation f.

Table 2
Lower and upper search space limits used during hyperparameter optimization and
the best setting found.

Hyperparameter Lower search
space limit

Upper search
space limit

Best
topology

1st hidden layer
Nº of neurons 60 500 350
Dropout (%) 0 25 6

2nd hidden layer
Nº of neurons 50 500 500
Dropout (%) 0 50 11

Batch (2n) n¼ 5 n¼ 10 n¼ 7
Patience 7 15 15
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The lower and upper values for the search space were obtained
after various experiments. It is interesting to note that the ANNwas
allowed to have a zero dropout percentage, which means that no
dropout routine would be present. Ultimately, choosing to use the
dropout routine was left to the hyperparameter optimization al-
gorithm. In the end, the best hyperparameter set had some degree
of dropout.

Table 2 shows that the search space was far too ample to allow
for an extensive grid search. Instead, the optimization algorithm
progressed through the search space guided by a Tree-structured
Parzen Estimator (TPE) algorithm [47,48]. The objective of the
optimization algorithmwas tominimize themean validation loss in
a stratified 10-fold cross-validation test, for which we used 8 folds
for training, 1 fold for validation, and 1 fold for testing.

The learning algorithm stopped after 500 sets of the hyper-
parameter values were tested. From these, we selected the 30 sets
that yielded the lowest mean loss. For each one of these selected
sets, we computed the mean validation loss of a repeated stratified
10-fold cross-validation test (5 repetitions). Thus, we aimed to
minimize any bias arising because of the random selection of data
during the cross-validation.

Finally, we selected the topology with the hyperparameter
values that yielded the lowest mean validation loss in the previous
test. We trained a network with the selected topology, shown in
Table 2, using (randomly chosen) 80% of all the data for training,
10% for validation and 10% for testing.
Fig. 3. Cumulative frequency of the relative neighborhood deviation (RND). The
dashed black line shows that 95% of the data have an RND of 6% or less.
4. Testing the induced artificial neural network

The generalization capability of the induced ANN is shown in
Fig. 2, with the predicted Tg versus the experimental Tg of the test
dataset (containing 5515 examples). The R2 of the prediction is
0.998. The network predicted 95% of the data with a relative de-
viation f lower than ±9%, whereas 90% of the data were predicted
with a f lower than ±6%. This is a very relevant result since the
scattering in the reported Tg in our dataset is of the same order.

To estimate the scatter of our dataset, we computed the relative
neighborhood deviation (RND) for all the studied examples. Two
examples are considered to be in the same neighborhood if the
Euclidean distance of their composition vectors (in at%) is less than
or equal to 1%. The reasoning for this is that it is not expected that Tg
changes significantly for compositions in the same neighborhood. If
�Tg is the set of all Tg values of compositions in a given neighbor-
hood, then their RND is defined as:

RND ¼ 100
max

�
�Tg

�
�min

�
�Tg

�

max
�
�Tg

�
þmin

�
�Tg

� : (1)
Fig. 3 shows the cumulative frequency of the RNDdwhich is a
measurement of the intrinsic data scatterdof all possible neigh-
borhoods in our dataset. It should be mentioned that 95% of the
data showed an RND of 6% or less. Therefore, it would not be
possible to predict the data in this dataset with a better accuracy
without overfitting or removing some data.

Another way of visualizing the generalization capability of the
trained network is by looking at the residuals of the predicted Tg of
the test set, shown in Fig. 4. For high values of Tg (above 1250 K), the
prediction error is larger than expected, with a median residual of
about 50 K, whereas all other ranges of Tg have a median residual
not larger than 20 K. This occurrence is probably due to a combi-
nation of a small number of compositions (examples) having high
values of Tg (only 86 examples with Tg above 1250 K in the dataset)
combined with the usual high uncertainty associated to high-
temperature measurement.

Another relevant information yielded by Fig. 4 is a subtle trend
to underestimate the Tg value for compositions whose reported Tg is
above 900 K. It is, however, essential to keep in mind that the



Fig. 4. Notched boxplot of the residuals of the test set predicted by the trained
network as a function of the reported Tg. Each box spans a temperature range of 100 K
in experimental Tg. The boxes are bound by the first and third quartiles (Q1 and Q3)
and have caps that comprehend 90% of the data. The notch is the 95% confidence in-
terval of the median considering 5000 bootstrap samples. Only one composition in this
set had a reported Tg above 1350 K.
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primary use of this particular ANNmodel is to help us predict the Tg
of potentially exciting new glass compositions having desired
properties. Therefore, the primary aim of its application is tomake a
fast estimate of the expected value of Tg (for any given composition)
to guide actual experiments.

According to Fig. 2, the induced ANN model poorly describes
some data points. We firmly believe this has to do with particu-
larities of the glass transition temperature and its measurement,
which sometimes lead to large errors and is likely the main reason
for the intrinsic scatter in our dataset. It is also well known that the
glass transition temperature of a given composition, being a kinetic
Fig. 5. Experimental Tg data and prediction bands for (a) sodium silicate and (b) sodium b
interpretation of the references to color in this figure, the reader is referred to the Web ve
property, depends on the time of the experiment. Thus, the rate at
which temperature and pressure changes will affect the resulting
glass transition temperature.

Moreover, the changes associated with the glass transition
happen within a range of temperatures. This means that the same
experimental data can yield different values of Tg if one researcher
chooses the onset and another chooses the mid- or endpoint of the
transition; hence researchers may disagree on the value of Tg when
analyzing the same data (if, of course, no standard way of mea-
surement is agreed beforehand). This lack of standardization alone
can amount to several degrees. Tg also depends on the frozen non-
crystalline structure of the glass, whichmeans that a glass annealed
at a low-temperaturewill have a different Tg than a fast-cooled fiber
or thin film of the same composition. Additionally, Tg can be
measured by various techniques, such as dilatometry, differential
scanning calorimetry, and dynamic mechanical analysis, among
others. Each of these techniques has its particularities (different
heat transfer efficiency, heat conduction, temperature measure-
ment apparatus, sensor type and placement, etc.) that may affect
the result of the experiment. Finally, certain impurities, such as
OH�, have an enormous impact onTg and are rarely accounted for in
the chemical composition of glasses.

All these variables are natural sources of deviation in the pub-
lished Tg data. On top of that, it is almost inevitable that in more
than 55,000 reported Tg values, some are merely erroneous data.
Some (hopefully a small fraction) are typos from the authors or the
people that fed the database, whereas others deviate from the real
value because of inaccurate analysis, incorrect chemical composi-
tions, mistakes during sample handling, uncalibrated equipment,
etc. Therefore, a fraction of the data significantly deviates from the
mean value of Tg (for any given composition) due to one or more of
the mentioned peculiarities. This readily explains why 5% of the
whole dataset is poorly described by the best induced ANN model.
Fortunately, these data with significant deviations from the mean
did not pollute our analysis because they were few and because we
used a robust loss function.

We also assessed the predictive power of the induced ANN
model by closely studying part of the experimental data. For
instance, Fig. 5a shows the data for all compositions having only
sodium, silicon, and oxygen. It can be observed that the typical data
scatter is very large. In this same plot, we set the transparency of
orate glasses. The orange line is the prediction of Tg by a topological model [50]. (For
rsion of this article.)



Fig. 6. Mean and standard deviation of the relative prediction error in Tg versus the
number of chemical elements in the composition. For each given number of chemical
elements, 50 different examples were randomly drawn from the test set.

Table 3
Test of the Tg prediction capability of the induced network for glass compositions
containing only two chemical elements showing the mean and standard deviation,
minimum, and maximum reported values of Tg, as well as the prediction from the
trained model. All values are in Kelvin.

Composition Tg (mean and std) Min. Tg Max. Tg Predicted Tg

SiO2 1440 (60) 1293 1495 1210
B2O3 540 (20) 483 580 534
GeO2 800 (30) 743 883 753
V2O5 484 (3) 482 492 497
TeO2 580 (40) 498 658 573
P2O5 610 (50) 536 673 609
Sb2O3 550 (50) 500 618 547
As2O3 441 (7) 433 453 438
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the scatted points in such away that is possible to check the regions
that are denser on data points. The predictions of the induced ANN
model are reasonably close to these denser areas. Fig. 5b shows a
similar plot for compositions having only sodium, boron, and
Table 4
Test of the Tg predicting capability of the induced network for 15 glass compositions tha

Composition Reported Tg

Ag14.3V14.3Te9.5O61.9 474
Pb9.7Ti1.7Te16.9B10O61.7 563a

Mo11.4W2.9Te14.3O71.4 589
Bi11.1Mo10.3Te10.3O68.3 610
Cu7.3Na17.1P17.1O58.5 623
Bi14.3Ti2.4Te7.1B14.3O61.9 683
Ga9.7Zn4.9P18.9O66.5 762
Ba4.7Cu0.3K5.2Zn3.1B30.5O56.2 775
Cu12.8Ti3.8P17.9O65.5 777
Ca2.9Fe2.1Mg4.2Na0.4P16.8B8.4O65.2 839
Ca5.1Fe0.1K8.1Mg3.9Mn0.3Na1.2All0.4P1.4Si19.8O59.7 866
Ca15.8Na2.6Nb2.6P15.8O63.2 885
Li1.9Mg0.3Zn0.4Zr0.5Ti0.5Al10.2P3.7B2.7Si15.8O64 890
Ca1.9Mg2.5Sr1.9Al6.9B5Si19.2O62.6 940
La7.3Al16.6P6.7Si5.7O63.7 1118

a Value obtained from Fig. 7 of ref. [52].
oxygen. In particular, the well-known boron anomaly [3,49] was
successfully captured and described by the network. In this plot, we
also compare our prediction with those from a topological model
proposed by Mauro and co-authors [50]. The agreement between
them is reasonably good up to 20% of atomic fraction of sodium.

Another assessment of the predictive performance of the pro-
posed network was carried out by randomly sampling composi-
tions from the test set having different number of chemical
elements. We randomly sampled 50 different compositions for
glasses made from 3 to 13 different chemical elements. Fig. 6
summarizes the experimental results, i.e., the average predicted
Tg and the respective standard deviation as a function of the
number of chemical elements in the glass. No trend is visible in
these results. The reasoning for this test was to check if the un-
certainty increased with the complexity of the glass composition.
Fortunately, this was not the case; the prediction error inTg does not
depend on the number of elements in the glass! This result is very
significant for the development of new multicomponent glasses
composed of a large number of chemical elements.

Another assessment of themodel was howwell it predicts the Tg
of glass compositions made with two chemical elements that were
not used to build our dataset (the single oxides mentioned in
Section 2). We hypothesized that the trained network would be
able to extrapolate the behavior of complex glasses to a reasonable
value of Tg for single oxide glass-formers. Table 3 shows that this
was indeed the case for most of these compositions, with the
notable exception of silica (SiO2), for which the predicted Tg was
lower than expected. This result, however, is in agreement with
what we observed with glasses having Tg values above 1250 K: the
network tends to underestimate the glass transition temperature in
these cases.

As a final test, we randomly sampled 15 glass compositions
published in a specialized journal on glasses (Journal of Non-
Crystalline Solids) between 2016 and 2018, which were not part
of the original dataset. With these compositions, we hoped to
evaluate how the induced ANN behaves in actual and recent glass
development applications. Table 4 shows the results from this test.
These 15 compositions were manufactured from 28 chemical ele-
ments; each composition contains from 4 to 10 different species
and shows a wide range of Tg, from 474 to 1118 K.

The results are appealing. The overall relative deviation, f, is
very reasonable and corroborates the use of our ANN for the main
objective of this work: assisting the search and development of
new glass compositions. The average level of uncertainty is low and
much more preferable than the classical “cook and look” approach.

The induced ANN model, as of now, is an empirical model. We
t were not included in the original dataset. Tg in Kelvin and f in %.

Predicted Tg f Ref.

475 �0.2 [51]
613 �8.9 [52]
626 �6.2 [53]
619 �1.4 [54]
612 1.8 [55]
695 �1.7 [56]
716 6.1 [57]
757 2.4 [58]
811 �4.3 [59]
836 0.3 [60]
904 �4.4 [61]
836 5.5 [62]
951 �6.9 [63]
984 �4.7 [64]
1062 5.0 [65]
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are studying methods to extract information from its internal pa-
rameters that could be used to build simpler and easily interpret-
able models, such as decision trees [66] or physical models
(Occam's razor [67]).

To summarize our analysis, our induced ANN was able to
reasonably predict the Tg for all combinations of the 45 elements
used here, and will very likely help researchers to develop new
glass compositions. Finally, the procedure developed in this study
can be easily extended to build new networks to predict other
properties of glasses.

5. Final remarks

This study comprehended a very substantial portion of all the
available Tg data for oxide glasses. For such, we collected approxi-
mately 55,000 reported glass compositions and their respective
values of glass transition temperatures for the network training and
testing. These compositions contain from 3 to 21 different chemical
elements, from a total of 45 that were studied. We then designed,
implemented, trained, and evaluated an artificial neural network
that can predict the Tg of oxide glasses within a very reasonable
uncertainty, which is akin to the intrinsic scatter of the original
dataset. The prediction uncertainty is larger for glasses with very
high Tg (above 1250 K), fortunately, however, it does not depend on
the number of elements in the glass composition. To the best of our
knowledge, this is the first time a refined technique for ANN
hyperparameter optimization has been used to predict the Tg of
multicomponent glasses.

Besides, the research protocol developed here can be readily
adapted to predict several other glass properties. This feature may
lead to new insights and applications of ANNs helping to select and
develop new glasses having noteworthy properties for advanced
applications. This predictive algorithmwill be soon available to the
community as a web application.
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