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ABSTRACT: Fly ash, a byproduct of coal combustion, can be
used as supplementary cementitious material (SCM) to replace
ordinary portland cement (OPC) in concrete. This generates
revenue for coal power plant operators and also reduces the CO2
intensity of the binder fraction of a concrete (each ton of OPC
replaced by fly ash results in 0.9 ton of avoided CO2 emissions, if
the fly ash is considered to have no carbon footprint). However,
the use of fly ash in concrete has thus far been limited to
replacement levels less than 20 mass % due to uncertainties in their
performance as SCM. Although the ability of a fly ash to replace
cement in concrete is largely determined by the reactivity of its
amorphous phase, characterizing fly ashes’ amorphous phase is
complex and cost prohibitive, which has thus far prevented any
high-throughput screening of fly ashes to assess their suitability as SCMs. Here, we introduce a machine-learning-based methodology
that enables robust screening of reactive fly ashes based solely on fast, inexpensive bulk characterization (X-ray fluorescence: XRF),
by using the network topology of fly ashes’ amorphous phase as a structural proxy for their reactivity. On the basis of a data set of
more than 100 fly ashes, we train an artificial neural network (ANN) model that offers accurate predictions of the mass fraction of fly
ashes’ amorphous phase and the network topology thereof. This new method seeks to maximize the beneficial use of fly ashes
obtained from routine production, as well as to identify opportunities for the reclamation of ashes that are presently stored in
impoundments.
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■ INTRODUCTION

Concrete, a mixture of ordinary portland cement (OPC), sand,
stone, water, and chemical admixtures, is the most used
material in the world after water.1 Although concrete is a key
enabler to modern society, the production of OPC (the
binding phase of concrete) is responsible for nearly 10% of
global CO2 emissions.2 The carbon footprint of concrete can
be reduced by replacing OPC by supplementary cementitious
materials (SCMs).3 For reason of abundance, fly ash, a
byproduct of coal combustion, is the most used SCM in
concrete.4 Fly ash takes the form of a heterogeneous, partially
disordered aluminosilicate phase.5 As a rough estimation,
about 0.9 ton of CO2 can be eliminated for each ton of cement
being replaced by fly ash (if the fly ash is considered to have no
carbon footprint).6,7 In addition to reducing the carbon impact
of concrete, the beneficial use of fly ash as SCM in concrete
not only generates revenue for plant operators, but also
reduces the fraction of fly ash that is disposed of in landfills and
impoundments, which, in turn, reduces the risk of environ-
mental damage due to leakage of contaminants into ground-
water, release of contaminants into the air as dust, and failure
of surface impoundments.8 Furthermore, high-quality fly ashes

can benefit concrete products, for example, by resulting in
improved long-term strength, enhanced durability, and/or
refined flowability.4

However, as the number of coal-based power plants
decreases, especially in the U.S., so does the production of
fly ashes.9−11 As a result, there exists a growing interest in not
only increasing the fraction of freshly produced fly ash that can
be beneficially utilized in concrete, but also in isolating and
reclaiming fly ashes that had previously been deposited in
impoundments.3 In both cases, fly ash’s beneficial use is
complicated by its substantial compositional variability, which
results from variations in coal source, combustion protocols,
pollution control operations, etc.4 This is significant as the
composition of fly ashes greatly affects their performance as
SCM in concrete.4,12,13 Hence, there is an urgent need for new
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rapid screening methodologies that can efficiently discriminate
usable from nonusable fly ashes, both from fresh production
and from impoundment reclamation. To this end, the most
accepted classification method is specified in ASTM C618,14

which is based on relatively simple measurements, that is, X-
ray fluorescence (XRF), density measurement, and particle size
analysis. From this standard, fly ashes can be roughly divided as
“Class C” and “Class F” on the basis of their CaO content,
wherein Class C ashes contain more than 18% CaO by mass
and typically exhibit self-cementing properties. In contrast,
Class F ashes usually consist of a higher sum of SiO2, Al2O3,
and Fe2O3 and tend to offer little self-cementing value, if any.
However, many studies have emphasized that this specification
is largely oversimplified and often too conservative to precisely
screen fly ashes on the basis of their performance as SCM.15−18

It is therefore expected that a vast, largely untapped amount of
usable fly ashes is currently unnecessarily deposited in landfills
on account of being non-C618-compliant.
Rather than being solely dictated by its CaO content as per

C618, the ability of a fly ash to develop strength in concrete
depends on its “reactivity”. While the term “reactivity” is fairly
vague and can be associated with various metrics and
measurements,19,20 the dissolution rate of SCMs in high-pH
cementitious environments has been increasingly recognized as
a reliable quantification of reactivity.13,21−27 Specifically,
because its crystalline compounds are usually fairly inert, the
reactivity of a fly ash is usually determined by that of its
amorphous phase, which accounts for 50−90% of fly ashes by
mass.28−30 The amorphous phases found in fly ash are
compositionally and structurally similar to those of conven-
tional alkali/alkaline earth aluminosilicate glasses.13,21

Importantly, recent studies have demonstrated that the
dissolution rate of silicate glasses at high pH (as a proxy of the
reactivity) is governed by the topology of their atomic
network.21,35,36 The network topology of glasses can elegantly
be described by topological constraint theory (TCT), which
simplifies their complex, disordered atomic structure into
simpler mechanical trusses, where some nodes (the atoms) are
connected to each other by some topological constraints (the

chemical bonds).31,32 Following Maxwell’s stability criterion,33

glasses can be classified as flexible, stressed-rigid, and isostatic
when the number of topological constraints per atom
constraint nc is lower than, larger than, and equal to the
number of degrees of freedom per atom (i.e., 3), respectively.34

As summarized in Figure 1a, several studies have
demonstrated that the dissolution rate of a wide verity of
oxide glasses (including aluminosilicate) is inversely correlated
to nc,

36−44 which establishes nc as a simple, yet powerful
structural metric that offers a convenient proxy for reactivity.
In that regard, nc has recently been shown to properly capture
the reactivity of fly ashes at high-pH in a similar fashion. For
example, Oey et al. demonstrated the existence of such a
correlation using a group of commercial fly ashes (see Figure
1b).21 It is generally observed that fly ashes featuring a flexible
amorphous phase (nc < 3, i.e., under-constrained) are notably
more reactive than those presenting a stressed-rigid amorphous
phase (nc > 3, i.e., over-constrained).21,42,43

However, the enumeration of the topological constraints
acting in the amorphous phase of fly ashes (i.e., to compute nc)
requires accurate knowledge of the composition and structure
of the noncrystalline phase.13,21 Although this information can
be accessed via advanced characterization methods, such as
quantitative X-ray diffraction (QXRD) and scanning electron
microscopy with energy dispersive X-ray spectroscopy (SEM-
EDS),12,13,45−47 the complexity and cost associated with these
techniques are not compatible with any systematic, rapid, high-
throughput screening of fly ashes.
Nonetheless, previous studies have suggested that the

composition of the amorphous phase in a fly ash is correlated
(but not identical) to those of the bulk fly ash (i.e., as averaged
over all of the crystalline and noncrystalline phases).4,48

However, the physical and chemical nature of the mapping
between the properties of the bulk fly ash and those of its
amorphous phase remains unclear and is likely a complex
manifestation of the features of the parent coal, the
combustion thereof, as well as the thermal history of the fly
ash.4 Such linkages (if any) can be revealed by machine
learning algorithms, which excel at uncovering hidden patterns

Figure 1. Correlation between the dissolution rate (D) and the number of constraints per atom (nc) in (a) glass samples ranging over a wide variety
of compositional families, that is, phosphate (Na−P), silicophosphate (Na−SiP), borophosphate (Ca−BP), borosilicate (NaCa−BSi), and
aluminoborosilicate (Ba−AlBSi) glasses (solution pH at around 7),38 and aluminosilicate (CaNa−AlSi, Na−AlSi) and borosilicate (X−BSi) glass
(solution pH at around 10);36,37,42−44 and (b) a selection of commercial (covering both Class C and Class F, pH 13) and synthetic (homogeneous
glasses with compositions similar to those of fly ashes, pH 10) fly ash samples.21,42 For a consistent comparison across the different glasses, the
dissolution rate results are normalized in terms of dissolved O2 (e.g., the dissolution of 1 mol of SiO2 results in 1 mol of dissolved O2). The dashed
lines in both plots are exponential fits of the form D = D0·exp(−E0·nc/RT), where D0 is the dissolution attempt frequency in the absence of any
constraint (nc = 0), E0 is the energy that is needed to break a unit constraint, R is the perfect gas constant, and T is the temperature.
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within data sets.49 Over the past decade, advances in machine
learning have unveiled new possibilities for predicting material
properties as a function of structural or compositional
fingerprints,50 including for silicate glasses.51 In that regard,
some recent studies have applied machine learning to predict
the influence of fly ash on the compressive strength and
durability of concrete,52−55 but little attention has been paid to
explore the possibility of using machine learning to character-
ize the composition and structure of fly ashes.
In this work, we propose a topology-informed machine

learning approach to screen reactive fly ashes solely on the
basis of their bulk chemical composition, that is, which can
quickly and easily be measured by XRF. The XRF analysis that
serves as input to the methodology developed herein can be
conducted on-site, in real-time, and in a cost-efficient manner.
A machine learning model then maps the bulk XRF
composition of a fly ash to (i) the mass fraction of its
amorphous phase and (ii) the network topology thereof (as
captured by nc, i.e., a proxy for fly ashes’ reactivity). This
machine learning model is trained and tested on the basis of a
curated data set comprising more than 100 fly ashes with
varying compositions and reactivities. As illustrated in Figure 2,

this approach enables the rapid screening of fly ashes, because

the most optimal usage of fly ashes can be meaningfully

determined on the basis of their predicted reactivity. Our

approach combines recent advances in cutting-edge artificial

intelligence (AI) methods and glass science knowledge to

support the sustainable management of industrial waste, which

showcases a novel pathway to develop green engineering.

■ METHODOLOGY
The Fly Ash Data Set. Data are vital because they are the

“textbook” from which a machine learning model learns. The fly ash
data set used herein (detailed in section S9) is collected from 15
publications, and it is comprised of 107 fly ash samples covering a
large variety of fly ash compositions from diversified sources and
regions. We solely extract from the sourced literature the fly ash
samples for which both the mass fraction of the amorphous phase and
the composition thereof (in terms of the fraction of the major oxides)
are reported. Although the fraction of the amorphous phase can be
measured via different methods (e.g., with QXRD and SEM-EDX),
we do not observe any systematic deviations across the literature, so
that we expect that this inconsistency does not notably affect the
training of the model. A brief summary of the characteristics of the fly
ash samples used in this study, together with all relevant references,
can be found in section S1 of the Supporting Information.

Because we aim to develop a fly ash screening platform that solely
relies on easily measurable features, the model inputs are selected
from the parameters specified by ASTM C618.14 Inputs are
comprised of the bulk mass fraction (obtained by XRF) of the six
major oxides that are systematically measured and reported in all of
the sourced publications: (1) CaO, (2) Al2O3, (3) SiO2, (4) Fe2O3,
(5) MgO, and (6) Na2O + 0.658K2O (i.e., total alkali content). As a
reference, the statistical distributions of the six adopted features are
summarized in Table 1. On average, the input oxides considered
herein sum to 94%. All of the 107 samples are compliant with the
ASTM C618 requirement; that is, the sum of the SiO2, Al2O3, and
Fe2O3 fractions exceeds 50%.

14 Importantly, it can be seen from Table
1 that the input features cover a wide compositional envelope that
ranges over both Class C and Class F fly ashes.5 In contrast, other
minor components such as loss on ignition (LOI), SO3, and fineness
are omitted because (i) they are not systematically measured and
reported throughout all of the publications considered herein and/or
(ii) they do not notably affect the rigidity of the atomic network of the
amorphous phase of fly ashes. To quantify the influence of excluding
minor oxides on the accuracy of our model, we retrained our model
while accounting for these minor components (i.e., SO3 and LOI),
where the missing values were imputed on the basis of the average of
their five nearest neighbors (see section S6 of Supporting
Information). We observe a consistent decrease in the model
accuracy when accounting for these minor components. This is
possibly caused by the increased dimensionality of the input features
(which requires a large volume of samples to train the model) and/or
the fact that some of the data points presenting missing values do not
have close neighbors, which makes it difficult to meaningfully use data
imputation techniques.

Regarding the model outputs (i.e., the target properties that the
models are trained to predict), we consider three major parameters
that influence fly ash reactivity: (i) the mass fraction of the
amorphous phase in the fly ash, (ii) the chemical composition
thereof, and (iii) the number of topological constraints per atom (nc,
hereafter, number of constraints) within the amorphous phase. The
first two outputs (fraction of the amorphous phase and composition

Figure 2. A schematic of the proposed machine-learning-based
screening approach. Easily measurable fly ash properties are mapped
to key performance metrics to inform decision-making regarding
which end usage should be preferred.

Table 1. Variations of the Six Selected Input Features for the 107 Fly Ash Samples Sourced from the Literature

chemical composition from XRF (mass %)

distribution statistics Al2O3 CaO Fe2O3 SiO2 MgO Na2O + 0.658K2O

percentile 0th 0.1 0.1 0.1 27.1 0.2 0.0
20th 18.2 1.8 4.5 41.5 0.9 1.1
40th 20.7 4.7 5.7 48.5 1.5 1.5
60th 25.0 9.9 6.4 53.9 2.3 1.9
80th 28.3 20.2 7.9 56.6 4.1 2.5
100th 35.6 38.9 16.0 97.0 10.8 8.7

median 23.0 8.3 6.0 51.3 2.0 1.7
mean 22.6 10.2 6.2 50.4 2.5 2.0
standard deviation 6.5 9.3 2.7 12.2 1.9 1.3
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thereof) are directly reported in the literature. In contrast, the third
output (number of constraints) is derived via a common constraint
enumeration on the basis of the knowledge of the composition of the
amorphous phase.34 To estimate nc for each fly ash sample, we
simplify the amorphous phases by solely focusing on the most
common and dominant oxides (i.e., CaO, SiO2, and Al2O3), while
filtering out less common and minor oxides that have a smaller
influence on nc.

21 This simplification is necessary to ensure
consistency between all of the fly ash samples in the data set. Herein,
the number of topological constraints per atom is calculated on the
basis of the following formula:

n
x y

x y
11 12
3 2 2c =

− +
− + (1)

where x and y are the CaO and Al2O3 molar fractions in the
amorphous phase, respectively. More details about the constraints
enumeration are available in section S2 of the Supporting
Information. The full data set is also provided in section S9.
To further illustrate the compositional variety of the 107 fly ash

samples present in the data set, each of them is mapped onto the
CaO−Al2O3−SiO2 (CAS) ternary diagrams in Figure 3. For
illustration purposes, all compositions are here normalized such that
the sum of the CaO, Al2O3, and SiO2 oxides fractions equals 100%.
Figure 3a shows the bulk XRF composition of the fly ashes in the data
(i.e., the inputs of the present analysis). Note that these compositions
are here expressed in mass fractions, because such metrics are
commonly used in ASTM C618. We note that the fly ashes
considered herein range over both the Class F and the Class C
families, albeit with excess in Class F representation. For comparison,
Figure 3b shows the composition of the amorphous phase within the
same fly ashes (i.e., one of the outputs of the present analysis). Note
that these compositions are here expressed in molar fractions, because
the knowledge of the molar fractions of each oxide is a prerequisite to
calculating the number of topological constraints per atom (see eq 1).
Overall, although we observe some level of correlation between bulk
and amorphous phase compositions, no direct, obvious trans-
formation/correlation rule exists.
Neural Network Model Developed in This Study. Herein, we

adopt the neural network approach to predict fly ash reactivity.
Indeed, on account of its flexibility, this machine learning method is
expected to offer an ideal path to map the XRF composition of fly
ashes to properties of their amorphous phase, because this
relationship is ill-defined and its nature (and analytical formulation,
if any) is currently unknown. For the reader’s reference, we detail the
key concepts of neural networks (and of the training and evaluation
thereof) in section S3 of the Supporting Information.
The accuracy of a neural network depends on various factors, such

as the volume of the data set, number of the input variables,
complexity of the learning task, etc. In general, a neural network that
is not complex enough cannot properly interpolate the true

correlation between inputs and output. In turn, complex neural
networks (e.g., comprised of many neurons and/or layers) tend to
require a high volume of data to be properly trained (higher than the
amount of data needed to train a simpler model). Here, on the one
hand, a single layer of hidden neurons is unlikely to accurately capture
the complex relationship between the bulk XRF composition of the fly
ash and the properties of the amorphous phase. On the other hand,
the data set used herein is relatively small, but only presents a few
input features. As a tentative rule of thumb, a neural network model
should be roughly comprised of (i) a first hidden layer with a number
of neurons that is 1−2 times larger than the number of inputs and (ii)
subsequent hidden layer(s) with progressively decreasing numbers of
neurons.56 On the basis of this rationale, we adopt a two-layer neural
network using the multilayer perceptron regressor in scikit-learn.49

Furthermore, the number of neurons in the two layers is adjusted to
maximize the model accuracy. Eventually, we adopt 10 and 3 neurons
in the first and second hidden layers, respectively. We use the
Rectified Linear Unit (ReLU) as activation function. We adopt the
Limited-memory Broyden−Fletcher−Goldfarb−Shanno (L-BFGS)
algorithm as optimizer, because it has been shown to efficiently
handle small data sets.57 The model accuracy is evaluated on the basis
of the coefficient of determination (R2) and the mean absolute
percentage error (MAPE). The remaining model settings are fixed on
the basis of default values in scikit-learn.

Here, two hyperparameters are tuned for model optimization. The
first one is the number of training epochs (i.e., the total number of
rounds of training, that is, the number of times the model is exposed
to the entire training set to update the parameters within each
neuron). The second is an L2 regularization term, alpha,58 which
needs to be adjusted to prevent the model from under- or over-fitting
the data set. The hyperparameter tuning process is carried out in a
two-step fashion. First, the effect of various numbers of epochs (up to
2000) is investigated while fixing the regularization parameter alpha as
its default value (i.e., 0.0001). After the optimal number of epochs is
determined, different alpha values ranging between 0.00001 and 10
are compared. During this step, the model is expected to transit from
the under-fitting (at high alpha) to over-fitting (at low alpha) regimes,
in between which an optimal point can be found, that is, wherein the
accuracy of the validation set is maximized.

Here, 85% of the fly ash data set (i.e., 91 out of the 107 samples) is
selected for the training phase. These 91 samples are further divided
into 85% (77 samples) for training the model under different
hyperparameters (i.e., training set) and 15% (16 samples) for
evaluating the corresponding model accuracy (i.e., validation set).
To obtain a more statistically meaningful assessment of the model
performance, each model (with given hyperparameter settings) is
evaluated on the basis of 10 repetition trials, wherein the training and
validation split is updated in each trial.

Because of the limited data set size, we find that, when the
validation/test set is sampled randomly, there is a chance that its data
distribution does not echo that of the training set (e.g., the extraction

Figure 3. Ternary plot illustrating (a) the bulk XRF composition (in terms of mass fractions) and (b) the composition of the amorphous phase (in
terms of molar fraction) of the fly ashes considered in this study. All compositions are expressed and normalized within the CaO−Al2O3−SiO2
ternary system. Each data point is colored on the basis of the associated number of topological constraints per atom.
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can be concentrated at one end of the entire data distribution). As a
result, the model training may be statistically biased, so that the model
optimization would be inefficient. To address this problem, we further
implement stratified sampling to boost the model training.50 To
ensure more statistically representative sampling, this approach first
divides the entire data set into several subsets and then extracts
samples randomly from each subset by proportion. In addition, we
conduct a SHapley Additive exPlanations (SHAP) analysis to evaluate
the influence of each input feature to the model prediction.59 More
details regarding stratified sampling and the SHAP analysis are
provided in sections S4 and S7 of the Supporting Information,
respectively.

■ RESULTS
Prediction of the Mass Fraction of the Amorphous

Phase in Fly Ashes. The optimization of the model
hyperparameters/architecture is presented in section S5 of
the Supporting Information. Once optimized, the developed
models are then trained with stratification (see section S4 of
the Supporting Information) and subsequently used to, first,
predict the mass fraction of the amorphous phase within the fly
ashes (see Figure 4). As suggested by the even distribution of

the data points along the line of equality y = x, we find that the
neural network exhibits a fairly good accuracy in predicting the
amorphous content of unknown fly ashes. On the basis of the
R2 and MAPE metrics, the model is found to achieve a slightly
higher accuracy on the training set than on the test set.
However, no distinct systematic bias can be observed on either
set. To our knowledge, this is the first time that a model
accurately predicts the mass fraction of the amorphous phase
of fly ashes while solely relying on easily measurable features
(i.e., bulk XRF composition). Such accuracy (i.e., MAPE =
10%) is considered to be satisfactory considering that our
model does not explicitly consider details of the fly ash
quenching process (e.g., processing temperature, cooling rate,
etc.), which may affect the degree of crystallinity of the ashes.4

Prediction of the Reactivity of the Fly Ashes. Next, we
focus on predicting the number of constraints per atom in the
amorphous phase of the fly ashes. This reduced-dimensionality
metric captures the rigidity of the atomic network31,35 and,
thereby, can be used to predict the reactivity of fly ashes;
flexible (nc < 3) and stressed-rigid (nc > 3) phases tend to
exhibit high and low reactivity, respectively.21,42,60 To this end,
we use the same six input features as the model presented in
the previous subsection. During our initial exploration, we
attempted to use the amorphous content predicted by the
model presented in the previous subsection as an additional
input for the model predicting nc. However, that approach did
not yield any notable improvement in accuracy and, therefore,
is not considered in the following.
In the following, we conduct and compare two distinct

approaches (indirect and direct prediction) that both
ultimately aim to predict nc. On the one hand, in the case of
the indirect prediction approach, we train three distinct neural
networks that are specifically used to predict the CaO, Al2O3,
and SiO2 molar fractions in the fly ash amorphous phase.
These predicted molar fractions are then subsequently used as
inputs to analytically calculate the number of constraints per
atom following eq 1. On the other hand, the second approach
simply considers nc as the direct output of the neural network.
This comparison is intended to assess whether the neural
network can autonomously learn the relationship between
composition and network rigidity captured by eq 1.
We first consider the indirect method. Figure 5 illustrates the

accuracy of the three distinct models that aim to independently

predict the CaO, Al2O3, and SiO2 molar fractions in the fly ash
amorphous phase. Overall, we find that these models exhibit a
satisfactory accuracy, for both the training and the test sets.
Among the three oxides, the fact that Al2O3 is associated with a
lower accuracy might be on account of the smaller variation of
this feature in the fly ash data set (see Table 1). Importantly,
the model predicting the CaO molar fraction exhibits the
highest accuracy, which is notable considering the key

Figure 4. Predicted versus measured amorphous content (mass %) of
the fly ashes considered herein. The training set used herein
comprises 85% of the whole fly ash data set (as merged from the
training and validation sets previously used in the training/validation
phase), while the remaining 15% of the data set is used as the test set
(which is kept fully hidden from the model during the training phase).
The y = x dashed line indicates perfect agreement.

Figure 5. Predicted versus measured CaO, Al2O3, and SiO2 molar
fractions within the fly ashes’ amorphous phase. The training set
comprises 85% of the whole fly ash data set (blue symbols), while the
remaining 15% of the data is used as the test set (orange symbols).
The y = x dashed line indicates perfect agreement.
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importance of this oxide in discriminating reactive from
nonreactive fly ashes.30 Figure 6a then illustrates the ability of
this indirect approach to offer a realistic prediction of the
number of constraints per atom nc. Overall, we find that this
indirect method exhibits a robust prediction across the whole
range of nc values between 2.4 (flexible) and 3.6 (stressed-
rigid). This approach achieves a MAPE of 2.7% and an R2 of
0.85 on the test set. As such, we find that this model is more
accurate than that predicting the amorphous content (see
Figure 4). This is not surprising because the number of
constraints per atom is a quantity that is averaged over the
entire amorphous phase, while, experimentally, the mass
fraction of the amorphous phase is indirectly obtained by
subtracting the total mass by the individual masses of each
crystalline phase,12 thereby resulting in larger measurement
uncertainties.
Next, we focus on the direct prediction method. Figure 6b

illustrates the ability of the direct approach to predict the
number of constraints per atom nc. Interestingly, we observe
that the direct model exhibits an accuracy that is higher than
that of the indirect approach. This is somewhat surprising
because the models trained within the indirect approach are
exposed to more information (i.e., the molar composition of
the amorphous phase) than the model used in the direct
approach, because each fly ash sample is associated with three
distinct molar concentrations (CaO, Al2O3, and SiO2), but
only one number of constraints per atom nc. As such, it appears
that the indirect approach does not positively leverage this
increased amount of information. The fact that the direct
method offers an improved accuracy might be due to the fact

that the indirect approach is negatively affected by the
accumulation of prediction errors associated with each of the
individual molar fractions. Overall, by reducing the dimension-
ality of the output, the direct model offers an improved
accuracy and manages to successfully (i) map bulk XRF
composition to amorphous phase composition and (ii) further
convert the amorphous phase composition to its number of
constraints per atom within a single model.

Screening of Reactive versus Nonreactive Fly Ashes.
On the basis of the direct model presented in the previous
subsection, we now assess the ability of our approach to
robustly screen reactive from nonreactive fly ashes. To this
end, to quantify the performance of our model, we categorize
the fly ash samples contained in the present data set into two
classes on the basis of their ground-truth state of atomic
rigidity, which captures the propensity to be (i) highly reactive
(nc < 3) and (ii) poorly reactive (nc > 3).
To establish a baseline, we first assess the ability of the

ASTM C618 approach to properly classify the fly ashes present
in the data set on the basis of whether they are classified as
Class C (CaO mass fraction larger than 18%) or as Class F
(CaO mass fraction lower than 18%), wherein Class C fly
ashes are predicted to be reactive on the basis of ASTM
C618.14 We consider the intersection over union (IoU) metric
to assess the classification accuracy (see Table 2). Notably, we
find that the empirical estimation performed by ASTM C618
classifies reactive fly ashes with only a 71% accuracy. The error
is associated with the fact that eight reactive fly ash samples (8
out of 30) are predicted to be poorly reactive on the basis of
their fairly low CaO mass fraction, but are actually reactive on

Figure 6. Predicted versus measured number of topological constraints per atom (nc) in the amorphous phase of the fly ashes considered herein,
wherein nc is obtained by (a) indirect prediction, that is, wherein nc is calculated on the basis of the composition of the amorphous phase predicted
by the artificial neural network model presented in Figure 5, and (b) direct prediction of a single artificial neural network model (wherein nc is the
output neuron). In both approaches, the models are trained on the basis of 85% of the whole data set and subsequently tested with the remaining
15%. The y = x dashed line indicates perfect agreement.

Table 2. Confusion Matrix and Intersection over Union (IoU) Classification Accuracy Offered by Our Neural-Network-Based
Classification Model Aiming to Screen Reactive from Nonreactive Fly Ashesa

ASTM C618 estimationb neural network predictionc

confusion matrix
highly reactive
(Class C)

poorly reactive
(Class F)

IoU
accuracy

highly reactive
(nc < 3)

poorly reactive
(nc > 3)

IoU
accuracy

true result highly reactive 22 8 71% train: 24.6 train: 1.6 train: 92%
test: 5.6 test: 0.4 test: 90%

poorly reactive 1 76 89% train: 0.4 train: 61.4 train: 97%
test: 0.2 test: 13.0 test: 96%

aThe accuracy of our model is compared to that offered by the conventional ASTM C618 standard.14 bIn ASTM C618, reactive fly ashes (Class C)
have >18% CaO by mass in the bulk material. cThe results are averaged from five independent trials.
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account of the relative contents of higher Al2O3 and lower SiO2
(more results regarding this are presented in the next
subsection). These results highlight some potential limitations
of ASTM C618, which are associated with its incomplete and
largely empirical description of fly ash reactivity. More
specifically, these results suggest a tendency for ASTM C618
to underestimate the reactivity of fly ashes because it predicts a
non-negligible portion of reactive fly ashes to be nonreactive,
while, in turn, it exhibits a very low propensity to misclassify
nonreactive fly ashes as reactive.
We then assess the classification accuracy offered by the

direct model presented in Figure 6b, wherein fly ash samples
are directly classified as reactive or nonreactive on the basis of
the nc value predicted by the neural network model. Here, for
statistical purposes, the accuracy of our model is determined
on the basis of the average of five different models trained
based on distinct training-test splits. Remarkably, we find that
our direct neural network-based classification approach offers a
notably improved classification accuracy as compared to
ASTM C618. In detail, our model successfully classifies
reactive fly ashes that exhibit low atomic rigidity with an
accuracy of 92% and 90% on the training and test sets,
respectively, and, in turn, classifies nonreactive fly ashes that
exhibit high atomic rigidity with even higher accuracy of 97%
and 96% on the training and test sets, respectively. These
results indicate that, despite the limited size of the present data
set, our machine learning model can discriminate reactive
versus nonreactive fly ashes. Indeed, our approach exhibits
higher precision than ASTM C618 as our approach exhibits a
lower chance of misclassifying nonreactive fly ashes as reactive.
Such precision is important to ensure that nonreactive fly ashes
are properly utilized, because replacing cement by nonreactive
fly ashes would otherwise hinder the performance of the
concrete that is produced. More importantly, our approach
features a higher recall when identifying reactive fly ashes,
where the IoU accuracy is increased by about one-third (from
71% to 90%) as compared to ASTM C618. This highlights the
fact that, on account of its increased accuracy, our approach is
less conservative than ASTM C618 in classifying reactive fly
ashes. This is important as it implies that a notable amount of
reactive fly ashes that are presently estimated as being
noncompliant based on ASTM C618 is actually reactive and
could in fact be beneficially used to replace cement in concrete.
As such, on account of its increased precision and recall, our
machine learning approach establishes a promising option to

screen as-produced fresh fly ashes in the plant, but also reclaim
fly ashes that are presently stored in impoundments and that
have previously been judged as noncompliant by ASTM C618,
thereby creating value for these fly ashes that would otherwise
be associated with an impoundment management cost.

Interpretation of the Artificial Neural Network
Model. As an attempt to interpret the trained neural network
model (which is known to be a “black box” in mapping inputs
to output), we first conduct a SHAP analysis on the direct
model (see Figure 6b) that predicts the number of constraints
per atom nc in the amorphous phase of the fly ashes. The
SHAP analysis is a technique that is used to interpret the
trends that have been learned by a trained machine learning
model, based on quantifying the marginal contribution of the
model inputs to the model prediction.61 Here, it allows us to
infer the importance of the individual input features (i.e., the
XRF bulk compositions) in influencing the output number of
constraints per atom. Importantly, unlike simpler correlation
analysis, SHAP takes into account the interaction between
variables (wherein a given variable may be weakly influential
on its own, but highly influential when combined with another
feature). Figure 7a provides a summary of the feature-specific
distribution of the Shapley values (i.e., the marginal
contribution to nc, which is either positive or negative). In
this plot, the y-axis refers to each input feature (as ranked in
order of decreasing importance from top to bottom). The x-
axis then refers to the Shapley value, which indicates how
much is the model output (nc) influenced by the feature;
wherein the horizontal point dispersion indicates the range of
feature impact, the vertical width represents the distribution of
the data points in the original data set, and the color refers to
the value of the input feature. As such, this analysis offers a
direct access to the impact of each feature and to how this
impact depends on the actual value of the feature. For example,
Figure 7a indicates that, while, overall, the CaO XRF content
negatively impacts the number of constraints, this effect is
more pronounced at high CaO content. In contrast, high SiO2
XRF content positively impacts the number of constraints.
On the basis of the summary plot of the SHAP analysis

(Figure 7a), we further compute the overall feature importance
(see Figure 7b), wherein the feature importance is obtained by
first calculating the sum of the absolute marginal contribution
of the individual features in all of the samples (so as to quantify
the total impact), and then normalizing the total impact of
each feature with that of the most influential one (in this study,

Figure 7. (a) Summary of the SHAP analysis showing the impact of the six input features (XRF bulk compositions) on the number of constraints
per atom nc predicted by the direct neural network model presented in Figure 6b and (b) normalized influence of the different input features.
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the CaO content). Generally speaking, these results match
with expected trends: (i) network-forming elements (e.g., Si)
tend to enhance the connectivity of the atomic network,
thereby increasing the number of constraints per atom, while,
in contrast, (ii) network-modifying elements (e.g., Ca, Mg,
alkali) tend to depolymerize the silicate network, which, in
turn, tend to decrease the number of constraints per atom.28 In
detail, the fact that CaO is by far the most influential feature
concurs with the widely accepted fly ash Class C/F
classification defined in ASTM C618.14 Despite having a
lower average concentration, MgO is found to be the second
most influential feature. This echoes the fact that Ca and Mg
alkaline earth create fairly similar low-energy ionic bonds with
oxygen atoms and have a similar depolymerizing effect on the
atomic network of silicate glasses. Thus, the presence of CaO
and MgO in the amorphous phase of fly ashes tends to
enhance their reactivity by lowering nc. We find that SiO2 ranks
as the third most influential feature and, in contrast to CaO
and MgO, tends to increase the number of constraints per
atom (and, thereby, decrease fly ash reactivity). This is a
consequence of the fact that Si is the base element forming the
atomic backbone of the amorphous phase of fly ashes. As a
network former, Si atoms create strong, directional ionocova-
lent bonds with oxygen neighbors, which tends to increase the
number of both bond-stretching and bond-bending constraints
in the network. Similarly, the fact that Fe2O3 tends to increase
the number of constraints is in agreement with the fact that Fe
is also usually considered as a network-forming species.28 The
role of Al2O3 is generally less clear, because, when combined
with Si atoms, Al atoms are considered to be network formers
in Al-poor peralkaline silicate glasses, but eventually exhibit a
network-modifying role in Al-rich peraluminous silicate
glasses.28,48,60,62 The ambivalent role of Al2O3 likely explains
its relatively low ranking in Figure 7b. However, the results in
Figure 7 indeed suggest that the presence of Al2O3 in the fly
ashes considered herein tends to mildly increase their
reactivity. Finally, we find that the total alkali content presents
the lowest influence on nc. Note that, however, this observation
does not imply that the total alkali content does not influence
the reactivity of fly ash. Rather, it only implies that this feature
is less influential than the other features investigated herein.
As a final attempt to interpret the predictions offered by the

direct model aiming to predict the number of constraints per
atom (presented in Figure 6b), we explore the prediction
offered by this model over the entire calcium aluminosilicate
(CAS) ternary system. To this end, we first define a typical
reference fly ash XRF bulk composition, which is given by the
XRF composition of the fly ash sample that is associated with
the median nc value over the whole fly ash data set. This yields
the following reference composition: CaO (10.2%), Al2O3
(22.6%), SiO2 (50.4%), MgO (2.5%), Fe2O3 (6.2%), and
total alkali (2.0%). Starting from this reference composition,
we then systematically vary the relative CaO, Al2O3, and SiO2
XRF mass fractions by increments of 0.1%. This approach
allows us to ensure that the targeted input XRF compositions
are representative of real fly ashes comprised in our data set.
Figure 8 shows a ternary map illustrating the number of

constraints per atom that is predicted over the entire CAS
ternary compositional domain, wherein fly ashes are described
in terms of their normalized relative mass fractions of CaO,
Al2O3, and SiO2. Figure 8 also shows the actual fly ash samples
as superimposed points (i.e., the same ones as presented in
Figure 3a). It is worth noting that the actual and virtual fly

ashes compositions indicated on this map may not have exactly
the same XRF compositions (due to differences in MgO,
Fe2O3, and total alkali content between the actual samples and
the assumed inputs). We first observe that the model offers a
smooth evolution of nc over the entire compositional domain
(see Figure 8), which a posteriori confirms that the model is
not over-fitted. Further, on the basis of this ternary map, we
observe that, as expected, the fly ash reactivity is strongly
affected by the CaO mass fraction, which manifests itself by the
fact that the gradient of nc is largely orthogonal to the direction
of the CaO axis.
This analysis is then used to determine the boundary that

separates reactive from nonreactive fly ashes within the CaO−
Al2O3−SiO2 (CAS) system (i.e., the hyperplane associated
with nc = 3, see Figure 8), which is then compared to the
threshold offered by ASTM C618. After renormalizing the fly
ash compositions within the CAS system, we find that the 18%
of XRF content of CaO (i.e., the threshold designated by
ASTM C618) is associated with a higher CaO content of about
27% within the CAS ternary system, on average. Details on this
conversion are provided in section S8 of the Supporting
Information. As this normalized threshold broadly holds for
Figure 8, we observe that several fly ash samples are classified
as reactive by the neural network model, but nevertheless
predicted as nonreactive by ASTM C618. Note that the nc
boundary shown in Figure 8 represents only one projection of
the nc = 3 hyperplane (which varies as a function of the
fractions of MgO, Fe2O3, and total alkali content). The
contrast between the two approaches observed herein does not
conflict with Table 2. Indeed, a large compositional domain of
fly ashes can be reactive (nc < 3) while presenting a CaO mass
fraction that is lower than the 18% (as prescribed from ASTM
C618), especially upon increasing Al2O3 mass fraction. This
illustrates once again that ASTM C618 may present a
propensity to underestimate fly ashes’ reactivity. Note that
one should be careful when interpreting the predictions of the

Figure 8. Ternary plot illustrating the number of topological
constraints per atom (nc) predicted by the artificial neural network
model presented in Figure 6b as a function of the fly ash bulk XRF
composition (mass fractions). The compositions of the real fly ashes
present in the data set (and associated nc values) are added for
comparison. All compositions are expressed and normalized within
the CaO−Al2O3−SiO2 (CAS) ternary system. The dashed blue line
indicates the classification boundary between highly reactive (nc < 3)
and poorly reactive (nc > 3) fly ashes. The dashed red line indicates
the equivalent ASTM classification boundary for reactive fly ashes
(mass fraction of CaO exceeds 18% in the bulk material; here, the
boundary is converted so as reflect the renormalization of the fly ash
composition within the CAS ternary by fitting the present fly ash data
set; see section S8 of the Supporting Information).
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neural network model when it is extrapolated (i.e., when the
model is interrogated for XRF compositions that are far from
the compositions of the actual fly ash samples on which the
model was trained). Nevertheless, this ternary map generally
echoes with the expected compositional dependence of nc in
CAS glasses.37 In addition, this map offers useful insights on
the best possible route to remediate fly ashes, that is, to adjust
the composition of initially nonreactive fly ashes to make them
reactive.

■ DISCUSSION
The results herein demonstrate that, while using the
knowledge of the bulk XRF composition of the fly ashes as
the sole inputs, our neural network model is able to
successfully predict the mass fraction of the amorphous
phase, the composition thereof, and the number of constraints
per atom therein (i.e., a proxy for reactivity). Despite the
limited number of data points for training, our models are able
to achieve a good accuracy on both the training and the test
sets, which suggests that the size of the present data set is large
enough to support the establishment of our screening models.
Indeed, the performance of these models is fairly surprising as
these relationships are somewhat mathematically ill-defined in
the first place. This is because, although one can analytically
calculate the average bulk composition of a fly ash on the basis
of the knowledge of the composition and mass fraction of each
individual phase (amorphous or crystalline), the inverse
problem (i.e., predicting the fraction and composition of the
individual phases on the basis of the knowledge of the average)
does not have a unique solution. In other words, mathemati-
cally speaking, two fly ashes with similar bulk compositions can
nevertheless exhibit differing compositions of their amorphous
phase, because variations in the composition of the amorphous
phase can be compensated by variations in the fractions of the
other crystalline phases.
Nevertheless, the fact that the present model can

successfully map XRF bulk composition to the fraction,
composition, and rigidity of the amorphous phase suggests
that some implicit correlations do indeed exist between these
features within fly ashes, although the origin and nature of such
correlations might not be readily capturable by intuition. In
that regard, previous studies have offered some possible
explanations for this kind of correlation.4,48,63 Most likely, fly
ashes with fairly similar XRF bulk compositions tend to exhibit
comparable degrees of crystallinity (i.e., similar amorphous
phase fraction), irrespective of other second-order conditions
that are not explicitly captured as features within our data set.
This is a consequence of the fact that, at a constant cooling
rate, the glass-forming ability of a melt (i.e., its relative
propensity to form a glass or a crystal upon cooling) strongly
depends on the composition of the melt.64,65 Further, although
there might not exist a direct causal relationship between the
average bulk XRF composition and that of the amorphous
phase, these two features may be two distinct consequences of
the same causes, that is, the origin of the coal, combustion
quality, cooling protocol, etc. More generally, the mapping
accuracy that is achieved by the model presented herein is a
manifestation of the fact that when describing a phenomenon
based on multiple features (i.e., in multiple dimensions),
groups of observations that are close to each other along some
selected dimensions also tend to be at the vicinity of each other
along other dimensions.66,67 This is a clear advantage of
machine learning approaches, which are able to decipher

nonintuitive patterns and relationships within data sets that
would otherwise remain invisible on the basis of conventional
approaches.

■ CONCLUSIONS
In this Article, we present a machine-learning-aided platform
that enables the rapid, accurate, and high-throughput screening
of fly ashes by predicting a structure-based proxy for their
reactivity solely on the basis of bulk chemical composition.
This approach has the potential to maximize the beneficial
utilization of fly ashes generated by coal power plants to
replace cement in concrete, thereby generating value for what
otherwise remains a costly waste (based on landfill manage-
ment costs). To this end, we trained a series of neural network
models based on a new data set of fly ashes sourced from the
literature. On the basis of the sole knowledge of easily
measurable XRF compositions, our models offer accurate
predictions of the fraction of the amorphous phase in fly ashes
and the composition/rigidity thereof, which play a key role in
governing the reactivity of fly ashes. Importantly, our approach
offers a notable improved ability to discriminate reactive from
nonreactive fly ashes as compared to the conventional ASTM
C618 criterion. Specifically, thanks to its increased precision
and recall, our model is significantly less conservative, yet more
accurate than ASTM C618 in identifying reactive fly ashes that
exhibit low atomic rigidity, which, in turn, can result in
additional value for power plant operators. In addition, this
approach also opens new opportunities in screening fly ashes
that are presently stored in impoundments, so as to reclaim
ashes that had previously been unfairly classified as non-
compliant by ASTM C618.
Overall, the findings presented in this study are significant in

three major respects. First, the neural network models
developed herein offer accurate predictions of the potential
of a fly ash to replace cement in concrete based on a simple
XRF measurement, which can be conducted in real-time and
on-site. This is key to enable the rapid, high-throughput
screening of fly ashes, so as to maximize their beneficial use.
Second, given the large range of compositions of the fly ash
samples comprised in the data set, the overall approach
presented herein has the potential to promote the recycling of
other SCMs and industrial aluminosilicate byproducts. This
would require one to accumulate additional data points,
identify a relevant definition or proxy for “reactivity” for the
material of interest, and retrain the models introduced herein.
Last, this study demonstrates that machine learning techniques
can not only unlock novel perspectives for deciphering
previously invisible correlations between material compositions
and properties/functionalities, but also they advance our
understanding of material behaviors that are governed by
complex physical and chemical laws that are presently not fully
clear.
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