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1  |   INTRODUCTION

Nuclear waste glasses are exceptional examples of highly 
complex multicomponent glasses; for example, typical 
waste glasses have >40 chemical components, as shown in 
the appendix to Vienna et al.1 The high-level waste (HLW) 
glasses with high contents of Al2O3

2 and transition metals3,4 
are susceptible to devitrification. Wastes simultaneously 
rich in both Al2O3 and Na2O tend to precipitate nepheline 
(NaAlSiO4) during the slow cooling rates experienced in 
the center of the storage canister, that is, canister-centerline 
cooling (CCC) conditions,5,6 whereas reactions among tran-
sition metal cations, primarily Fe, Cr, and Ni, cause spinel 
(NiFe2O4) formation.2,3,7 While spinel crystallization may be 

problematic if it takes place inside the melter by reducing 
melter lifetime and performance,4 nepheline is detrimental 
to waste form product performance due to the potential for 
poor aqueous chemical durability of the residual glass com-
position.8,9 The overarching goal of waste form production is 
to immobilize the radionuclides and hazardous components 
from the environment for thousands to millions of years. The 
process of immobilizing radioactive tank waste will proceed 
more quickly, thereby reducing risk and cost, if the loading 
of waste is increased while maintaining adequate chemical 
durability.10-12 Maximizing the loading of high-Al2O3 wastes 
is possible with higher Al2O3 and lower SiO2 concentrations; 
however, this increases the tendency toward nepheline for-
mation. Adding more SiO2 prevents crystallization, ensuring 
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Abstract
High-level waste (HLW) glasses with high alumina content are prone to nepheline 
crystallization during the slow canister cooling that is experienced during large-
scale production. Because of its detrimental effects on glass durability, nepheline 
(NaAlSiO4) precipitation must be avoided; however, developing robust, predictive 
models for nepheline crystallization behavior in compositionally complex HLW 
glasses is difficult. Using overly conservative constraints to predict nepheline forma-
tion can limit the waste loading to lower than the achievable capacity. In this study, 
a robust data-driven model using five compositional features has been developed to 
predict nepheline formation. A new descriptor is introduced called the “difference 
based on correlation”, which has higher accuracy compared to previous descriptors 
and also has more balanced false positive and false negative rates. The analysis of the 
model and the data show an overlap, instead of a distinct compositional boundary, 
between glasses that form and do not form nepheline. As a result, the model's predic-
tive accuracy is not the same throughout the feature space and instead is dependent 
on the location of the glass composition in the dimensionally reduced feature space.
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long-term environmental stability, but at the price of lower-
ing the achievable waste loading.13,14

As a crystallization phenomenon, nepheline formation de-
pends on thermodynamic and kinetic factors.7,15-17 Technical 
efforts have focused on avoiding glass compositions that are 
prone to nepheline formation through the determination of 
the individual and collective effects of the initial glass com-
ponents on nepheline precipitation.

1.1  |  Compositional effect studies

Multi-component sodium aluminoborosilicate glasses are 
prone to nepheline precipitation and this tendency has been 
identified by a submixture rule that shows that nepheline 
forms if the Al2O3-Na2O-SiO2 submixture composition falls 
inside the nepheline primary phase field in the Al2O3-Na2O-
SiO2 ternary phase diagram.5,13 The effects of different el-
ements on nepheline precipitation are not the same. First, 
Al2O3 is the most effective for inducing nepheline formation, 
followed by Na2O and Li2O.5 The components Li2O, K2O, 
and Fe2O3 are equally effective. The least effective ones 
are CaO and SiO2; the effect of SiO2 is the opposite of oth-
ers; instead of promoting, it inhibits nepheline formation.5 
Both the presence of B2O3 and the absence of Li2O suppress 
nepheline precipitation.6,13,18,19 Also, B2O3 is more impactful 
than SiO2 at reducing the tendency for nepheline formation.20 
In nepheline-based glass-ceramic systems, boron stabilizes 
the residual glassy phase by increasing the tetrahedral boron 
(BO4) unit concentration; boron stays in the glass and does 
not enter typical aluminosilicate crystal structures in the nu-
clear waste glass systems.21-23 The effect of CaO on crys-
tallization depends on whether it substitutes for Na2O in the 
glass batch. If CaO replaces Na2O, it suppresses nepheline 
formation, but if CaO is added to the glass composition with-
out reducing the Na2O amount, it promotes nepheline forma-
tion.13,24,25 However, in the literature, contradicting reports 
are also present. Deshkar et al26 examined the impact of vary-
ing CaO for Na2O and SiO2 in very simplified glass systems. 
They did not observe that CaO inhibits nepheline formation 
when replacing Na2O, but instead reported that increasing the 
CaO/SiO2 ratio induces the formation of cubic carnegieite, a 
mineral with the same nominal composition as nepheline but 
a different structure.

Acmite/aegirine (NaFe2SiO6) and nepheline form a solid 
solution,27 therefore Fe may promote the formation of nephe-
line.28 A study focusing on the effects of Fe-Al substitution 
shows that the effects of Fe additions on the solubility depends 
on the degree of this substitution.27 Adding small amounts of 
Fe increases the nepheline formation tendency since Fe can 
be doped into Al sites in the nepheline structure. The substi-
tution of Fe2O3 for Al2O3 or Na2O in the initial glass compo-
sition lowers the onset temperature of crystallization, which 

is attributed to the prenucleation of iron oxide, creating a 
lower energy pathway for crystallization.26 However, the ex-
cessive substitution of Fe for Al suppresses the formation of 
nepheline because there is insufficient Al.27 Although Fe2O3 
changes the mechanism and kinetics, its effect is relatively 
insignificant when high levels of boron are present, such as 
in aluminoborosilicate glasses.26

1.2  |  Thermochemical, liquidus, and kinetic 
modeling approaches

Crystallization in nuclear waste glasses has been investigated 
by thermochemical means through the development of liqui-
dus and/or crystallization models based on binary, ternary, 
or pseudoternary phase equilibria.17,29 These thermochemical 
representation models mostly use an associate species30-32 in 
which waste glass melts are represented by ideal solutions 
of simple 1-, 2-, and 3-component metal oxide melts.33 
Although there also exist quasichemical models,34-36 the as-
sociate species model is more widely preferred due to its ease 
of application.31,32

The Na2O-Al2O3-B2O3-SiO2 system has been studied with 
the associated species model and it has been shown that the 
addition of SiO2 and B2O3 can eliminate nepheline formation 
even within the nepheline primary phase field by decreasing 
the activity of Na2O in the melt phase.31 Also, the liquidus 
temperatures have been calculated, and lowering the nephe-
line formation temperature is identified as a potential means 
to avoid nepheline crystallization.31 Similar studies have been 
conducted for Na2O-Al2O3-SiO2 and Na2O-B2O3-SiO2 sys-
tems.30 These confirm the effect of B2O3 on the activity of 
Na2O and also show that the addition of SiO2 increases the 
activity of B2O3 in the cases where SiO2 does not substitute 
for B2O3 in the glass melt; however, for situations where SiO2 
substitutes for B2O3, the addition of SiO2 decreases the activ-
ity.30 Another study on the Na2O-Al2O3-B2O3-SiO2 system 
showed that the liquidus temperatures vary irregularly with 
composition, although both Al2O3 and SiO2 increase the liq-
uidus temperature.32

In addition to these, a pseudobinary phase diagram be-
tween a transition metal ferrite spinel and nepheline has been 
defined using a quasicrystalline approach.2,7 In this method, 
spinel and nepheline precursors are defined, and their inter-
actions examined. The thermodynamical octahedral site pref-
erences are found to govern the exchange equilibria between 
the quasicrystalline species in the melt and the crystalline 
species at the liquidus.

There also have been experimental studies in which the 
liquidus temperatures of different glasses have been measured 
and an empirical model has been fit to interpolate the liqui-
dus temperatures of intermediate compositions.37 Although 
the fits are generally non-linear, strong linear trends between 
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      |  4915SARGIN et al.

component concentrations and liquidus temperatures have 
been observed for the nepheline phase field.6 It is found that 
Al2O3, B2O3, Na2O, and SiO2 are the main components af-
fecting the liquidus temperature; a relationship between the 
Raman band corresponding to Aliv-O-Si units and liquidus 
temperature was identified.6

Above the liquidus, structural elements of nepheline can 
exist,38 allowing nepheline to precipitate rapidly when the tem-
perature dips below the liquidus. The crystal growth, or disso-
lution, is controlled by diffusion and can be expressed using a 
modified Kolmogorov-Mehl-Johnson-Avrami Equation15

From the comparison of kinetic and equilibrium coefficients 
of nepheline and spinel crystallization in HLW, it is known 
that the concentration of nepheline can be more than ten times 
higher than spinel, although their temperature dependencies are 
similar.15 Their concentrations increase gradually as tempera-
ture decreases; however, the nepheline crystal growth is more 
sensitive to temperature change.15 Also, at certain temperatures, 
nepheline concentrations can reach equilibrium values in one 
minute.15 It is concluded that “…nepheline precipitation is ex-
tremely rapid at least in some glasses, thus leaving little room 
for its control by fast cooling.”15

1.3  |  Constraint model approaches

A comprehensive approach to managing HLW glass involv-
ing all-encompassing models to predict regions within the 
compositional space where nepheline crystallization occurs 
has yet to be identified. To date five different models have 
been proposed.

The first is called nepheline discriminator (ND) and is 
based on the principle that nepheline does not form outside 
its primary phase field in the Na2O-Al2O3-SiO2 submixture 
system.5 The ND is defined as the normalized SiO2 concen-
tration in the submixture system making the ND constraint 
that if gSiO2

(

gSiO2
+gAl2O2

+gNa2O

) ≥0.62, no nepheline is expected.5 

Although this constraint successfully determines the glasses 
that will precipitate nepheline, there are many glasses with 
ND values <0.62 that do not form nepheline.13 In this sense, 
the ND is overly conservative. Another downside of the ND 
is that it does not take into account the known effects of the 
many other components detailed above. As a result, a less 
conservative and a more comprehensive method for predict-
ing nepheline precipitation is needed.

As a remedy, McCloy et al13 proposed the use of optical ba-
sicity (OB) along with ND. The rationale behind the introduc-
tion of OB is that the basicity of the cations allows the prediction 

of their effects on aluminosilicate precipitation. Melts with 
OB  <  0.575 are expected to have a lower tendency toward 
nepheline formation. Here, ND and OB are used together in a 
quadrant system based on threshold values. The OB is success-
ful in explaining the effects of acidic oxides B2O3, SiO2, and 
P2O5. Although OB has improved the shortcomings of ND, it 
is still conservative towards high-alumina wastes in glass.14,18

A neural network model was developed to incorporate the 
complex nonlinear interactions between components using 
629 glasses.1 The architecture of the neural network was a 
single layer with three nodes, of which the activation func-
tion was chosen as a hyperbolic tangent. The model predicted 
nepheline formation with a probability threshold of 0.27. The 
misclassification rate of the model was 8%. Although the 
model provides valuable insights about the effects of B2O3 
and Li2O, due to the “black box” nature of the neural net-
work, physical interpretation of the components’ effects and 
determination of uncertainties are difficult.

More recent models for predicting nepheline formation 
are based on a submixture model (SM)20 that is an extended 
version of ND that includes the effects of the alkali and alka-
line-earth oxides, B2O3, P2O5, and Fe2O3. A pseudoternary 
phase diagram is used with the alkali and alkaline earth ox-
ides as the first component, Al2O3 + Fe2O3 as the second, and 
SiO2 + B2O3 + P2O5 as the third. Two different approaches 
have been used. In the first, a polynomial curve, discrimi-
nating between the presence and absence of nepheline, was 
calculated after the glass compositions were projected on the 
pseudoternary system.20 In the second, instead of a polyno-
mial curve,20 a logistic regression model was used to predict 
nepheline formation and instead of submixtures, dimension-
ally reduced components are used.39 Both models were tested 
on the same dataset of 747 glass dataset. The polynomial had 
a misclassification rate of 8.3%, and the logistic regression 
model a misclassification rate of 8.2%. The predictive meth-
ods reviewed here are summarized in Table 1.

In this study, we use an extended version of the glass 
dataset from SM studies20,39 and develop a nonparametric, 
predictive model for nepheline formation. We discover the 
existence of an “overlapping” region, that is, a region of 
composition space where samples with similar compositions 
exhibited different crystallization behavior, that limits the 
accuracy of the model. Most of the glasses misclassified by 
our model are in this overlapping region. We also propose a 
dimensionality reduction method to quantify the accuracy of 
the model's predictions as a function of composition.

2  |   DATA AND METHOD

The data used in this study were also used for the submixture 
model developed by Vienna et al.20 Of the 747 glass compo-
sitions taken from the literature, 90 of them were specifically 

(1)C

Ce

=1−exp
[(

−
t

�

)n]

.
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4916  |      SARGIN et al.

designed to examine the two- and three-component ef-
fects found in high-alumina HLW glasses. All glasses were 
simulated HLW compositions and were treated by several 
different CCC patterns. The details of the data are given else-
where.20,40,41 In addition to these, two glass matrices (NP5-
01 through NP5-27 plus BL3 and NP6-01 through NP6-20) 
were used as validation sets. Both of these sets of glass com-
positions were designed by a space-filling design and details 
of the design, glass, and heat treatment conditions are given 
in references.40-42

2.1  |  Informatics approach

Data analysis and classification studies have been conducted 
using the Scikit-learn package.43 The data were first exam-
ined to understand if the content of a specific oxide was 

different in the nepheline-forming glasses than others. The 
analysis was visualized by the component concentration box 
plots as demonstrated in Figure 1. Box plots for all the com-
ponents are given in Figure S1. Here, NP = 0 corresponds 
to the amount of the oxide distribution in the glasses that do 
not form nepheline, and NP = 1 shows glasses that do form 
nepheline. The upper and lower limit of the box shows the 
25th and 75th percentiles, while the whiskers show the 95th 
and 5th percentiles, the horizontal line is the median, and dia-
mond symbols are outliers, which are defined as those points 
outside the 5th and 95th percentiles.

It was observed that there were three different relation-
ships between nepheline formation and oxide content. The 
first relationship involved a strong association between the 
nepheline formation and the amount of the oxide, meaning 
there was a significant difference between the median of the 
distribution in the two different classes (NP = 0 and NP = 1) 

T A B L E  1   Summary of previous classification schemes. The misclassification rate is given for the dataset with 747 glasses from Ref. [20]

Classification scheme Misclassification rate Limitations Reference

Nepheline discriminator (ND) 36.1% Overly conservative
Does not consider the well-known effects of many of the 
components

[5]

Nepheline discriminator + optical 
basicity (ND + OB)

27.7% Although recovered ND’s over conservatism, still 
conservative

[13]

Artificial neural network (ANN) 8.0% High accuracy difference between train and test set
The quantification of uncertainties is difficult.

[1,20]

Submixture model with the polynomial 
fit (SM)

8.3% Higher fractions of false negative than desired [20]

Non-linear regression and dimensionally 
reduced components (NLR-DRC)

8.6% According to the chosen threshold, either false positive 
or false negative rate is higher than acceptable values.

[39]

F I G U R E  1   Different types of 
relationships between the target variable 
and the mass fractions, g, of the oxide in 
the glass including (A) strong positive 
association, (B) strong negative association, 
(C) implicit relationship, and (D) no 
distinguishable relationship. Box plots 
for all the components are given in 
Figure S1 [Color figure can be viewed at 
wileyonlinelibrary.com]
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of glasses. The association was considered strong if the dif-
ference between medians was higher than 5%. The oxides 
showing this behavior were as follows: Al2O3, B2O3, BaO, 
Cr2O3, CdO, F, K2O, La2O3, MgO, MnO, Na2O, NiO, P2O5, 
PbO, SiO2, TiO2, ZnO, and ZrO2. This relationship was either 
positive, indicating the oxide enhanced nepheline formation, 
as shown in Figure 1A for Al2O3, or negative, meaning the 
oxide hindered nepheline formation, as shown in Figure 1B 
for SiO2.

A second relationship involved the oxides in which the 
median values did not demonstrate a strong association, but 
an implicit differentiation was inferred from the distribution 
width. A wider distribution indicates that the amount of oxide 
does not have a definite effect; in contrast, a narrower distribu-
tion implies that the amount of the oxide has a lower variation 
among the glasses in the same class. As shown in Figure 1C, 
the distribution of Ce2O3 in glasses that do not form nephe-
line was narrower than that of the ones that formed nepheline, 
suggesting that this oxide may have a suppressing effect. To 
characterize this association, the range of oxides after outli-
ers were taken out was calculated for the oxides that have a 
median difference of <5%. If the range difference between 
nepheline forming and not forming glasses was higher than 
10%, they were assumed to be in this group. The oxides that 
demonstrated this relationship were as follows: CaO, Ce2O3, 
CeO2, Fe2O3, Li2O, MoO3, Nd2O3, PdO, SO3, SrO.

The third possible relationship consisted of inconclusive 
oxides, due to their only being added in minimal amounts for 
a very limited number of glasses. An example is shown in 
Figure 1D.

After observing these relationships, a new descriptor was 
created that is the mass fraction difference between oxides 
that have positive associations with nepheline formation and 
those with negative associations. Different combinations of 
the parameters were tried to find the best. Details of the se-
lection of this new descriptor are given in the discussion. This 
term is referred to as the “difference based on correlation” 
(DC) descriptor.

 The criterion for nepheline presence is DC ≥ 0.26.
Nepheline formation from HLW glass depends heav-

ily on the thermal processing, although it is not yet known 
whether the different CCC cycles used in the studies impact 
the results. Therefore, heat-treatment-related features were 
included. Eight different parameters were extracted by dig-
itizing the CCC profiles given in table 2 in Ref. [1] and ci-
tations therein: the duration in minutes residing between the 
temperature ranges ΔT = 1200-1050°C, ΔT = 1050-980°C, 

ΔT  =  980-930°C, ΔT  =  930-875°C, ΔT  =  875-825°C, 
ΔT = 825-775°C, and ΔT = 775-725°C; the cooling rate in 
range defined by (highest-725)/time(°C/min.), and overall 
cooling rate (highest-lowest)/time(°C/min.).

3  |   DATA ANALYSIS

The addition of heat-treatment-related parameters resulted 
in 60 attributes; the first step of the classification study was 
feature selection by recursive feature elimination (RFE). This 
feature selection method was preferred because it uses mod-
els that allow the contributions of features to be observed, 
allowing scientific understanding. The classification algo-
rithms evaluated were support vector machines, random for-
ests, decision trees, and decision trees with adaptive boosting 
(AdaBoost). Among these, the most successful was decision 
trees with AdaBoost. AdaBoost combines multiple weaker 
learners, which are decision trees with a single split, called 
decision stumps, and turns them into a single strong learner. 
To make a strong learner out of weak ones, AdaBoost assigns 
more weight to the samples that are difficult to classify and 
less weight to the ones already easily predicted. The accu-
racy, that is, the ratio of true predictions to all predictions, 
was used as the quality metric and five features were identi-
fied: CaO, Na2O, DC, ND, and OB. Other quality metrics 
also were tested including the precision, the ratio of true posi-
tives to sum of true positives and false positives, the recall, 
the ratio of true positives to sum of true positives and false 
negatives, and finally the F1 score, the harmonic mean of 
precision and recall. Although using different quality met-
rics identified different features, the overall performance of 
the model did not improve, which was the goal of this ac-
tivity. The software written for this study is included in the 
Supplementary Materials.

To ensure that every sample in the dataset had the chance of 
appearing in both training and test sets, five-fold cross-valida-
tion was used while determining the parameters of the model. 
During cross-validation, care was taken to ensure that the same 
relative amount of nepheline-forming and non-nepheline-form-
ing glasses were used in the splits. Random sampling could not 
be used because there was a class imbalance in the dataset; only 
28% of the 747 samples were nepheline-forming glasses.

The stability of the model was verified using 1000 train-
ing-test sets, again sampled to have the correct amount of 
nepheline-forming and non-nepheline-forming glasses. The 
model was trained and then tested over 1000 different subsets 
of the original dataset, and the results are given in Figure 2. 
The maximum accuracy, precision, and recall were 0.957, 
0.977, and 0.981, respectively, the minimum values were 
0.850, 0.686, and 0.692, and the mean values were 0.913, 
0.837, and 0.856. We are reporting the precision and recall 
values along with accuracy because they provide insight into 

(2)

DC= (gAl2O3
+gCr2O3

+gP2O5
+gK2O

+gNa2O+gLi2O+gTiO2
)− (gB2O3

+gCe2O3

+gLa2O3
+gNd2O3

+gCeO2
+gSO3

+gMoO3

+gCdO+gPdO+gNiO+gSrO+gZrO2
)
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the model beyond its predictive power. The precision shows 
the relative conservatism of the model; as it increases, the 
model becomes less conservative, meaning that compositions 
with higher loading are less likely to be eliminated. The pre-
cision was 0.43 for the ND model and 0.50 for the ND + OB 
one, making the new model, with precision of 0.70 signifi-
cantly less conservative than either of these. The recall shows 
the relative capacity for discriminating between the classes; 
as it increases the number of false negatives decreases im-
proving the overall capability of the model.

Although it is not possible to simultaneously increase the 
precision and recall, the model developed here provided a 
compromise between the two. The numbers of false negative 
and false positive identifications averaged over 1000 differ-
ent test sets, were 7.500 and 8.803, respectively, in the 187 
glasses. This distribution suggests that the model was not 
equally successful throughout all of the feature space. The 
most frequently misclassified glasses in the 1000 different 
test sets were identified to determine the regions where the 
model was less accurate. Of the 747 glasses, only 71 were 
misclassified as false negatives and 72 as false positives. The 
ones that were misclassified greater than 50% of the time 
were identified, and it was found that there were 28 false neg-
atives and 35 false positives.

Since only a small percentage of the samples were fre-
quently misclassified, the leave-one-out (LOO) method was 
used to determine the extent that these particular samples fit 
outside the predictive capacity of the model. In this method, 
one data point at a time forms a test set, and the rest of the 
dataset is used for training.

The resulting accuracy was 0.921, precision was 0.852, 
and recall was 0.865, with 31 false positives and 28 false 
negatives. The 59 misclassified glasses were compared to 
those previously identified, and it was found that all 35 of 
the false positives agreed and 24 of the 28 false negatives 
agreed.

The values of the misidentified glasses were compared 
to the full dataset to determine if there were specific feature 
ranges where misclassification occurred; Figure  3 demon-
strates that this was indeed the case. Unfortunately, those 
ranges also coincided with the highest populated range in all 
the datasets; therefore, the misclassification could not be ex-
plained simply by individual features.

These results suggest that, at least for a select range of 
the feature set, the classes overlap within this range; that 
is, glasses with very similar features belong to opposing 
classifications. Dimensionality reduction, in the form of 
principal component (PC) analysis, was applied to verify 
this hypothesis and identify the regions of feature space 
where it existed. Figure 4A shows the first two PC results, 
reduced from the five features identified above, CaO, Na2O, 
DC, ND, and OB. Most of the misidentified glasses resided 
on or near the hypersurface between the glass compositions 
that formed nepheline and those that did not. Several false 
positives did not form nepheline although they were in the 
nepheline-forming region. To determine if the existence 
of overlapping classes is unique to the selected feature set, 
dimensionality reduction was also applied to the dataset 
containing all features. As shown in Figure  4B, when all 
features were used, it was almost impossible to differentiate 
class regions. The PC analysis of the selected feature sub-
space has the potential to be more useful for distinguishing 
between classes than analysis using the entire feature space. 
Also, this observation validates the five features selected to 
represent the data.

The principal component space was divided into four 
zones to determine the ranges in PC space where the over-
lapping occurs. The zones were characterized in terms of 
percentage of nepheline forming glasses (%NPG), model ac-
curacy, percentage of false negatives, and percentage of false 
negatives in that zone. These are given in Table  2. Using 
these zones allows for estimating the variation of accuracy 
as a function of composition. The software used for dimen-
sionality reduction and determination of zones is provided in 
Supplementary Materials.

We have applied the model to examine the Pacific Northwest 
National Laboratory Phase 5 (NP5-) and Phase 6 (NP6-) glass 
compositions. These glass compositions were selected based on 
previous models40,41 to be in the compositional region with the 
most uncertainty and, in agreement with expectations, most of 
these samples fell within the overlapping regions in PC space, 
Zone 2 and Zone 3, as expressed in Table 3. The commonly mis-
classified glasses were not included in the training set because 

F I G U R E  2   Distribution of accuracy, precision, and recall 
of the 1000 different test sets [Color figure can be viewed at 
wileyonlinelibrary.com]
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they decreased the accuracy of the predictions. The accuracy of 
the model for these samples was 80% with five false negatives 
and five false positives among 48 samples, of which 35% pre-
cipitated nepheline. All of the misclassified glasses were in PC 
Zone 2 and Zone 3.

4  |   DISCUSSION

An important outcome of this study is the introduction 
of the new single descriptor DC that can be used alone 
for prediction of nepheline formation. To compose this 

F I G U R E  3   Distribution of the selected features allowing comparison between misclassified and full dataset for the five features used in the 
classification model [Color figure can be viewed at wileyonlinelibrary.com]

F I G U R E  4   Visualization of the 
data in principal component space that is 
dimensionally reduced from (A) selected 
feature space and (B) all 60 features [Color 
figure can be viewed at wileyonlinelibrary.
com]
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parameter, we tried different combinations of the strongly 
and implicitly associated oxides. In an extreme case, all 
the oxides with strong and implicit association from the 
dataset were included in the parameter. This trial resulted 
in an accuracy of 0.795 with 76 false negatives and 76 
false positives. Another extreme approach involved only 
using only the oxides known to dominate the waste stream: 
Al2O3, Na2O, P2O5, B2O3, SiO2, and Fe2O3. This approach 
resulted in an accuracy of 0.798 with 50 false positives and 
101 false negatives. The large difference between number 
of false negatives and false positives shows that this pa-
rameter suffers from class imbalance. The highest accu-
racy, with a well-balanced false negative and false positive 
rate, is provided by the combination presented as DC in 
Equation (2) above.

Although the absence of some oxides can be associated 
with the fact that their amounts are very small, it is surprising 
that the oxides with known effects such as SiO2, Fe2O3, and 
CaO, decrease the accuracy of this descriptor. This surpris-
ing effect is probably purely data-driven and due to the fact 
that DC is a linear sum. For CaO and Fe2O3, their effects 
cannot be clearly deduced from the distribution plots. There 
are other oxides with similar trends that do not decrease the 
accuracy of DC, indicating that the effect of CaO and Fe2O3 
are dependent on the amounts of other oxides. This agrees 
with the findings in the literature. On the other hand, the de-
crease in accuracy with the addition of SiO2 is related to its 
relatively higher values in the glass batches. From an entirely 
mathematical point of view, when the amount of SiO2 is used 
in the linear sum, it may be masking the more subtle effects 
provided by the less prevalent oxides.

Table 4 shows a comparison of three different descriptors: 
ND, ND + OB, and DC in the form of a confusion matrix, 
which visualizes the performance of a classifier in terms of 
the number of true positives (TP), true negatives (TN), false 
positives (FP), and false negatives (FN). The columns are the 
actual classes and rows are the predicted classes. The ND es-
timates all nepheline formers correctly and any misidentified 
glass is a false positive. This outcome demonstrates the con-
servative nature of ND. A similar situation also is observed for 
ND + OB; most of the misidentified glasses are false positives.

By contrast, DC has a ratio of false negatives to false 
positives of 0.8. The difference in the number of false neg-
atives for ND, ND + OB, and DC demonstrates that DC is 
a less-conservative discriminator, while at the same time, 
its accuracy for this dataset (84%) is higher than ND and 
ND + OB. We present DC, not as a standalone model, but 
instead we present it as the first attempt to develop a da-
ta-driven single descriptor. There is room for improvement, 
and because it is a linear sum of oxide contents in the glass 
melt, this task may be relatively easy. One approach to en-
hance DC may involve the addition of linear scaling coef-
ficients to each term in the expansion. The value of these 
coefficients could be adjusted via regression until DC is op-
timized for the particular glass data.

Incorporating the new DC parameter and applying the 
feature elimination algorithm allows the development of 
a model, with an overall accuracy of 92.1%, comprised of 
only five features that are successful over a substantial com-
positional region. Most of the misprediction stemmed from 
the subregion of feature space that is the hypersurface be-
tween the regions of glasses forming or not-forming nephe-
line. The PC analysis allows accurate identification of this 
intersection region. The zone boundaries are selected so that 
nepheline-forming glasses primarily occupy Zone 1. Zone 2 
is mainly nepheline-forming glasses and false positives with 
only one false negative. This zone is the overlapping region 
on the nepheline forming side. Zone 3 is the overlapping re-
gion on the non-nepheline-forming side. All false negatives, 
except a single one in Zone 2, are in Zone 3. Although there 
are some false positives, their number is relatively low in 
comparison to the false negatives. Finally, Zone 4 only has 
non-nepheline-forming glasses. The difference in the num-
ber of false positives and false negatives between the four 
zones explain the higher variation of the precision and recall 
in comparison to accuracy, as shown in Figure 2.

Among the glasses in Zone 1, only two do not form 
nepheline, and these are the only misclassified ones. The 
presence of these two glasses may be explained by the pres-
ence of other crystals than nepheline.24 The accuracy of Zone 
4 is 100%. In Zone 2 the risk of predicting a false positive is 
greater a false negative, and a reverse is true for Zone 3.

The distribution of values of all compositional and heat 
treatment-related features in all zones are examined for both 
true and false predictions; no significant difference is ob-
served. Within each zone, the distribution of values for each 
feature is nearly the same.

No evidence yet exists to explain the overlapping re-
gions. Potential hypotheses for its existence fall into two 
categories, physics based and data based. Physics-based 
hypotheses focus on the sensitivity of some glasses to 
small changes in composition, cooling rate, homogeniza-
tion, and other processing factors. These variations may be 
within the limits of experimental precision but still lead 

T A B L E  2   Zones in the DC space, percentage of nepheline 
forming glasses, percentage of true predictions, percentage of false 
negatives, and percentage of free negatives

Zone# %NPG
%True 
prediction

% False 
positive

% False 
negative

1 96% 96% 4% 0%

2 74.8% 83.5% 15.7% 0.8%

3 20.8% 90.1% 2.9% 7.0%

4 0% 100% 0% 0%
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to significantly different results. This hypothesis requires 
the free energy for nucleation to be relatively small, within 
the fluctuations in the overlapping region. To resolve this 
issue, more complex features involving interactions may be 
required. Although the CCC features are not prevalent in 
the current classification model, their interaction with com-
positional parameters may be important in the overlapping 
regions, Zones 2 and 3. The reason such interactions are 
not selected by the feature elimination methods used here 
may be their being low importance for the data in Zones 1 
and 4. To address this, classification models including only 
the overlapping region must be developed. The data-based 
hypotheses focus on sampling within the overlap region 
and the possible absence of sufficient number of examples. 
Increasing the number of samples may facilitate the devel-
opment of better features to allow distinction between the 
competing classes.

Two different feature importances, plotted in Figure  5, 
are considered to understand the decision of the model. The 
feature importances of tree-based models are the percentage 
of the samples for which the selected feature plays a major 
role in the decision. For AdaBoost, the feature importance 
is a weighted average of the samples where the selected fea-
tures play a major role. The feature importance is a weighted 
average for the AdaBoost because AdaBoost gives higher 
weight to the difficult-to-predict samples. This is shown in 
Figure 5A. We can say that for the samples in Zone 2 and 
Zone 3 the decision is driven most frequently by the amount 
of Na2O followed by DC, ND, OB, and CaO. The overall fea-
ture importances are presented by permutation importances. 
Permutation feature importances are calculated by assign-
ing a constant value for the selected features of all samples 
and then measuring the accuracy of the model. This analysis 
shows the largest decrease in accuracy is a result of the elim-
ination of ND, and the smallest is a result of the elimination 
of CaO.

The previous models, ANN,1 SM,20 NLR-DRC,39 and 
this model all have very similar accuracies, around 92%. The 
model presented here is more balanced in terms of rate of 
false negatives, 28 out of 212 or 13.2%, and false positives, 
35 out of 535 or 6.5%, and both of these rates are within ac-
ceptable limits.20,39 On the other hand, the SM model has a 
false negative rate that is higher than the desirable.20 For the 

T A B L E  3   Glass ID, PC zone, nepheline formation, and model 
prediction of the test set

Glass ID PC zone Nepheline formation Prediction

NP5-01 3 No True

NP5-02 3 No True

NP5-03 4 No True

NP5-04 3 No True

NP5-05 2 Yes False negative

NP5-06 4 No True

NP5-07 3 No True

NP5-08 2 No False positive

NP5-09 3 No False positive

NP5-10 2 No False positive

NP5-11 3 Yes True

NP5-12 3 No True

NP5-13 3 Yes True

NP5-14 3 No True

NP5-15 3 No True

NP5-16 1 Yes True

NP5-17 4 No True

NP5-18 3 No True

NP5-19 3 Yes True

NP5-20 3 No True

NP5-21 2 Yes True

NP5-22 3 No True

NP5-23 3 Yes True

NP5-24 3 Yes True

NP5-25 1 Yes True

NP5-26 3 No True

NP5-27 3 Yes True

BL3 2 Yes True

NP6-01 3 No True

NP6-02 3 No True

NP6-03 2 No True

NP6-04 3 Yes False negative

NP6-05 3 No True

NP6-06 2 No True

NP6-07 3 Yes False negative

NP6-08 3 Yes False negative

NP6-09 2 No False positive

NP6-10 3 Yes True

NP6-11 3 No False positive

NP6-12 3 No True

NP6-13 3 No True

NP6-14 3 No True

NP6-15 3 No True

(Continues)

Glass ID PC zone Nepheline formation Prediction

NP6-16 3 No True

NP6-17 3 No True

NP6-18 3 No True

NP6-19 3 Yes False negative

NP6-20 3 Yes True

T A B L E  3   (Continued)
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NLR-DRC model, depending on the threshold value used, 
either false positive or false negative rates are too high.39 
The maximum Al2O3 concentration allowed prior to predict-
ing nepheline formation by our model is 32 wt.%, whereas 
the maximum Al2O3 concentration allowed when the deci-
sion is based on ANN model is 28.24 wt.%, which was the 
highest allowed until the present study.20 Also, the model 
presented here provides an analysis of model reliability and 
false prediction character; that is, if there is a wrong pre-
diction, which kind, false negative or false positive, is the 
greater probability, based on the sample's position in the fea-
ture space.

The similarity between the accuracy of the previous 
models and this model suggests that the predictive power 
of previous models is also limited by the existence of the 
overlap region. Test samples (NP5- and NP6-) show that the 
overlapping regions include the glasses with high alumina 
content. Without further analysis of the overlapping region, 
it will not be possible to develop a model with uniformly 
high accuracy across the entire design space. In particular, 
the regions of most significant interest, samples with alu-
mina content that can take high loading of waste products, 
remain uncertain.

5  |   SUMMARY AND 
CONCLUSIONS

A new data-driven descriptor for the prediction of nephe-
line formation in HLW glass is introduced, which is a linear 

combination of the oxide compositions. Using this and four 
additional composition-derived features, a robust data-
driven model, with 92.1% accuracy, is developed to predict 
nepheline formation. The most important feature for dif-
ferentiating between glasses that form nepheline and those 
that do not in the “overlapping regions” (Zone 2 and Zone 
3) is the Na2O content, whereas for the overall dataset, ND 
and DC are the most important features. Additionally, the 
accuracy of the model depends on the location within the 
reduced feature space. Examination of the reduced feature 
space provides insight on the accuracy and uncertainty of 
the model; it is determined that there exists an intersec-
tion between the classes of glasses that did or did not form 
nepheline. Additional work is required to understand the 
existence of this overlap region, but several hypotheses 
have been identified.
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F I G U R E  5   Feature importances as 
obtained from (A) boosted decision trees, 
(B) permutation importances method

Predicted class

Actual class

Positive Negative

Positive ND ND + OB DC ND ND + OB DC

206 192 161 273 206 67

Negative ND ND + OB DC ND ND + OB DC

0 14 53 268 335 473

T A B L E  4   Confusion matrix for ND, 
ND + OB, and DC. The upper left quadrant 
is TP, and proceeding clockwise the 
quadrants are FP, TN, and FN
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