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Abstract 

Supplementary cementitious materials (SCMs) are an efficient way to both mitigate ASR and reduce the 
carbon footprint of concrete. Identifying possible new materials and assessing their suitability regarding 
ASR have become major issues, since the amount of traditional SCMs such as fly ash is declining. 
Accelerated mortar bar test has been widely used to test different materials with various replacement 
levels, and a substantial amount of data is available in the literature. This study explores the possibility 
of using artificial neural networks to analyse this large dataset. Attention is drawn on the relationship 
between the chemical composition of the binder and the reduction in expansion brought by the addition 
of SCMs, compared to the reference mixes with cement only.  Using a baseline case with only the CaO 
and SiO2 contents of the binder as inputs, one can see that the individual addition of other compounds 
(Al2O3, Fe2O3, MgO, SO3 and Na2Oeq) does improve the neural network performance. Combining them 
altogether improves the performance even further, although the assumption of independence of inputs 
may no longer be valid. After training, the artificial neural network is able to predict with a relatively good 
accuracy the SCM effect: the reduction in expansion is successfully predicted within ± 20 percentage 
points for more than 90 % of the dataset. However, uncertainties remain on the quantitative effect of 
each oxide, which could be investigated further by performing other types of regression on the same 
dataset. Besides, increasing the dataset size to fully exploit the potential of artificial neural networks and 
investigating methods to shed light on the input-output relationship are also promising leads to 
strengthen the analysis. 

Keywords: accelerated mortar bar test, alkali-silica reaction, artificial neural network, supplementary 
cementitious materials. 

1. INTRODUCTION 

Supplementary cementitious materials (SCMs) play an important role in reducing the influence of 
concrete on global warming. Amongst all concrete constituents, cement has by far the largest CO2 
contribution, typically around 70 % [1]. Traditional SCMs such as fly ash, silica fume or GGBF slag 
provide good examples of circularity, by upcycling industrial by-products. As a twofold effect, they can 
both reduce the carbon footprint of concrete by substituting part of the cement and improve concrete 
durability. However, these materials come from industries emitting large amounts of CO2, which are also 
at the core of environmental challenges. In Denmark, coal-fired power plants are currently phased out, 
which will make fly ash no longer available locally in the coming years. It is therefore necessary to find 
alternatives and assess their suitability. 
Alkali-silica reaction (ASR) is one of the major concrete deterioration mechanisms that has been studied 
for more than 70 years. ASR is a chemical reaction taking place in the pore solution of concrete between 
alkali hydroxides (OH-, Na+ and K+) and amorphous silica from aggregates dissolved at high pH [2]. The 
alkalis mostly come from cementitious materials, but some aggregates can also bring a significant 
contribution [3].  Traditional SCMs have proven to be an efficient way to mitigate deleterious ASR, and 
some extensive research have been carried out to document their effect [4]. One of the biggest 
challenges with ASR is the slow speed of reaction, as it can take some decades before seeing any sign 
of damage in field structures. Accelerated tests are therefore necessary to evaluate the ASR risk within 
a reasonable amount of time prior to construction. Two main accelerated tests have been used so far: 
the accelerated mortar bar test, AMBT (ASTM C1260/C1567, CAN/CSA A23.2-25A/28A, RILEM AAR-
2), and the concrete prism test, CPT (ASTM C1293, CAN/CSA A23.2–14A, RILEM AAR-3). Although 
these tests were initially developed for assessing aggregate reactivity, they have also been used to 
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evaluate the effect of SCMs on the ASR expansion. While the literature provides numerous test results 
for both AMBT and CPT with traditional SCMs, new SCMs have mostly been tested only with AMBT so 
far. 
New SCMs, such as calcined clays, biomass ashes, sewage sludge ashes or waste construction 
materials (glass, brick) may have a higher alkali content than traditional materials. Their diversity is also 
reflected by a wide range of chemical compositions. A few studies have focused on the relationship 
between the chemical composition of fly ashes and the expansion of mortar bars containing these 
materials in the AMBT [5, 6]. Attempts were made to correlate a chemical index, derived from the 
chemical composition, to the normalized expansion at 14 days by means of a non-linear regression 
analysis. This approach was subsequently applied to other types of SCMs [7, 8]. 
Regression analysis refers to problems where it is intended to make a qualitative prediction of a variable, 
which is dependent of independent inputs [9]. One traditional way of performing regression analysis is 
to find the mathematical function that represents the relationship between the inputs and the output the 
best. This can take the form of curve fitting, where the general form of the function is known but some 
fitting parameters have to be adjusted. However, nowadays machine learning offers new possibilities to 
analyse large datasets, almost without any assumption on the input-output relationship. Artificial neural 
network (ANN) is one type of modelling in machine learning and can be used for both classification and 
regression problems [10]. ANNs perform usually quite well for making predictions, and they also have 
the advantage of being easy to use once the model has been set, by changing the number of inputs for 
instance. 
The objective of the present work is to investigate how the chemical composition of SCMs influences 
the expansion of mortar bars in the AMBT, even if the AMBT is considered as a rapid screening test that 
does not itself reliably predict the performance of concrete. This is done by performing regression on a 
large dataset with ANNs, which aims to find out what the generic relationship is and move from 
experimental measurements towards empirical generalization. 

2. ARTIFICAL NEURAL NETWORKS 

Machine learning has now become a well-known tool for analysing large datasets. Machine learning is 
typically divided into three categories: unsupervised learning, supervised learning and reinforced 
learning. Amongst these three, supervised learning is probably the most comparable to the usual 
learning process of the human brain [10]. This can be seen as an iterative process, based on the 
“learning from mistakes” principle. Given a problem, some inputs and the current knowledge, an attempt 
is made to solve the problem, and an answer is generated. Then, the answer is compared to the solution. 
If a difference is noticed, the way of processing the inputs is modified, and a new answer is proposed. 
This process continues until the difference between the answer and the solution is judged as acceptable. 
In machine learning, the artificial neural network (ANN) approach is one of the tools that allow supervised 
learning. The following gives an overall description and introduction to how they operate, as well as the 
basis for the model developed later in this paper. 

2.1 Structure of an ANN 

The ANNs mimic the structure of the human brain. An ANN is made of three distinct parts: the input 
layer, the hidden layer(s) and the output layer. They can be identified as the dendrites, the synapses 
and the axon in a biological neuron [11]. In the ANN, each neuron is connected to all neurons of the 
subsequent layer, and a weight 𝑤𝑖𝑗 is associated to each connection. This structure can be seen in 
Figure 2.1. 
The role of an artificial neuron is to classify inputs. A single input value is calculated by summing up all 
the weighted inputs connected to the neuron. Then, this value passes through a so-called activation 
function. In its simplest form, i.e. the step function, the activation function returns 0 if the input value is 
below a threshold limit, 1 otherwise. However, the step function is not appropriate for ANNs, because 
of the non-continuous gradient. For this reason, the sigmoid is often preferred as the default activation 
function [12]. To facilitate the classification process, an offset value can be added to the input value of 
the activation function. Such offset is called a bias, denoted as 𝑏𝑗. Biases are essentially giving one 
more degree of freedom in order to make the classification more accurate [11]. 
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Figure 2.1: Structure of an artificial neural network, with a single hidden layer 

Once data have gone through all hidden neurons, they reach the output layer. This process is referred 
to as forward propagation [11]. The calculated output is then compared to the real output, by means of 
a loss function. The minimization of the loss function is done through a process called backpropagation. 
Different methods exist, but the Levenberg-Marquardt algorithm has proven to be quite efficient for non-
linear functions. In short, it consists of a combination between the steepest descent (stable but slow) 
and the Gauss-Newton (unstable but fast) algorithms, by means of an adaptive combination coefficient 
𝜇. The term adaptive refers to the fact that 𝜇 is updated after each iteration, typically by multiplying or 
dividing it by a fixed factor. As an example, if the performance improves between two iterations, 𝜇 is 
reduced, and the calculation scheme gets closer to the Gauss-Newton algorithm. On the other hand, if 
the performance does not improve enough, 𝜇 is increased and make the steepest descent part dominant 
[13]. 

2.2 Architecture 

The ANN is somehow similar to a system of equations to solve. Let 𝐼, 𝐻 and 𝑂 be respectively the 
number of input neurons, hidden neurons and output neurons. The total number of unknows 𝑁𝑢 is given 
by Equation (1). The number of equations 𝑁𝑒𝑞 depends on the number of training data points 𝑁𝑡𝑟, via 
Equation (2). 

𝑁𝑢 = (𝐼 + 1) 𝐻 + (𝐻 + 1) 𝑂 (1) 

𝑁𝑒𝑞 = 𝑁𝑡𝑟 𝑂 (2) 

As any system of equations, it can only be solved if 𝑁𝑢 ≤ 𝑁𝑒𝑞, which can also be expressed as a 
condition on the number of hidden neurons by means of Equation (3). 

𝐻 ≤
(𝑁𝑡𝑟 − 1) 𝑂

𝐼 + 𝑂 + 1
  (3) 

For a classical system of equations, the equality case in Equation (3) would correspond to a system with 
a unique solution. On the other hand, the strict inequality would result in an over-constrained system. 
However, when using an ANN, the relationship that contains the loss function is not an equality, but only 
a minimization relationship. Therefore, the solution depends on how many training data are available: 
the higher 𝑁𝑡𝑟, the better the generalization. Thus, for ANNs it is often required that 𝑁𝑢 ≪ 𝑁𝑒𝑞, so that 
Equation (3) will rather take the form of an inequality, as shown in Equation (4). 

𝐻 ≪
(𝑁𝑡𝑟 − 1) 𝑂

𝐼 + 𝑂 + 1
  (4) 

2.3 Training 

During the training stage, supervised learning is performed. It consists in a succession of forward and 
back propagations on the training subset, each cycle being called an epoch. Thus, after each epoch, 
the weights and biases are updated to improve the training performance. In the meantime, the updated 
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ANN is applied to the validation subset, without backpropagation. The validation subset can therefore 
be used to test whether the ANN is trained enough or not [10]. If the validation performance does not 
improve from one epoch to the following ones, the training stops. 

2.4 Overfitting 

One major risk against generalization is overfitting. Taking a human-like image, overfitting corresponds 
to a situation where the training consists of solely learning by heart a set of problem-solution. When a 
new problem arises, it does not match with any of the combinations that have been learnt. Therefore, 
the answer is mainly a guess, and may significantly deviate from the actual solution. The following briefly 
presents a few methods to prevent overfitting. 

2.4.1 Regularization 

Overfitting in ANNs typically results in large values for the weights. One way to avoid it is to implement 
regularization, which aims to add a penalty to the loss function if some weights become too large [10]. 
A commonly used method, the Bayesian regularization, consists of adding the sum of the squares of 
the weights to the loss function. The optimization of the loss function will therefore result in a balance 
between minimizing the error and minimizing the weights [12]. 

2.4.2 Cross-validation 

In cross-validation, the learning process of a given ANN architecture is repeated several times, by 
changing the validation dataset [10]. In k-fold cross-validation, the learning dataset (training + validation) 
is divided into k subsets, and k iterations are performed by using each subset once for validation. Note 
that for cross-validation, the test dataset remains unchanged. The principle of cross-validation is 
illustrated in Figure 2.2. 

 
Figure 2.2: Principle of k-fold cross-validation 

2.4.3 Early stopping 

Early stopping consists in stopping the training after a limited number of iterations, i.e. before the loss 
function converges. This may result in a slightly reduced training performance, but it prevents the neural 
network from becoming overtrained. 

2.5 Limitations 

ANNs usually perform quite well for making predictions. However, because their structure is highly non-
linear, it is still quite difficult to understand the reasoning behind the answer, i.e. the mathematical 
equation governing the outputs as a function of the inputs. This is a typical example of the trade-off that 
exists between interpretability and accuracy of the model in data analysis [9]. Therefore, one possibility 
is to implement a regression analysis apart from the ANN, which is easier to interpret but may be less 
accurate. Then, both performances can be compared, and one can assess whether the use of an ANN 
can significantly improve the accuracy of the prediction or not. 

3. DATA COLLECTION 

A literature review was made to collect data from accelerated mortar bar tests performed on a variety of 
SCMs. In order to compare the data on a fair basis, several criteria were applied for the data selection. 
First, the dataset was restricted to results obtained from a standard accelerated mortar bar test, i.e. 
ASTM C 1260/1567 or CAN/CSA A23.2-25A/28A. However, a tolerance was applied for tests where the 
w/b ratio was slightly modified (in most cases, 0.50 instead of 0.47 required). 
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Table 3.1: Overview of the dataset (*: origin not known) 

Source Type of SCM Type and origin of aggregate Number of 
datapoints 

[8] Fly ash class C & F, GGBF slag,  
Silica fume River aggregate, Kızılırmak river (TUR) 119 

[14] Fly ash class C & F 

Limestone, Spratt (CAN) 
Rhyolite, New Mexico (USA) 

Argillite, North Carolina (USA) 
Quartzite, South Dakota (USA) 

40 

[6] Fly ash class C & F Sand – Volcanic rock, Oregon (USA) 
2 types of reactive sand, Texas (USA) 36 

[15] Fly ash class C & F Reactive sand, * 34 

[16] Fly ash class C & F, Calcined clay 

Rhyolite, Wyoming (USA) 
Reactive sand, Idaho (USA) 

Rhyolite – Andesite, New Mexico (USA) 
Glacial deposit - Shale, Iowa (USA) 

32 

[17] Fly ash class C & F Soda-lime glass sand, * 20 

[7] Fly ash class F, GGBF slag,  
Silica fume 2 types of reactive sand, Colombia 20 

[18] Calcined clay Reactive sand, * 17 

[19] Silica fume Limestone, Spratt (CAN) 16 

[20] Fly ash class C & F River sand, Arkansas river (USA) with 
reactive sand (Jobe), El Paso (TX-USA) 16 

[21] Fly ash class F, GGBF slag,  
Silica fume 

River sand, Ahmetli (TUR) 
Basaltic rock, Aliağa (TUR) 12 

[22] Fly ash class C, Natural pozzolan Reactive sand, Texas (USA) 12 

[23] Metakaolin Limestone, Spratt (CAN) 
Greywacke – Argillite, Sudbury (CAN) 8 

[24] Ground glass, Natural pozzolan Rhyolite, Thailand 8 

[25] Crushed brick River aggregate, * 7 

[26] Fly ash class C & F Reactive sand, Briggs (TX-USA) 6 

[27] Fly ash class F River aggregate, Sakarya river (TUR) 6 

[28] Metakaolin, Fly ash class C Reactive sand, Texas (USA) 6 

[29] Fly ash class F River aggregate, Aras river (IRN) 5 

[30] Natural pozzolan River aggregate, * 5 

[31] Metakaolin Basaltic rock, Aliağa (TUR) 5 

[32] Rice hush ash Reactive sand, River Plate/Chaco (ARG) 5 

[33] Co-fired biomass ash Reactive sand, Texas (USA) 5 

[34] Fly ash class C, Crushed brick Perlite, Turkey 5 

[35] Ground glass Reactive sand, * 4 

[36] Fly ash class C & F, Silica fume Limestone, Spratt (CAN) 4 

[37] Metakaolin Greywacke, Western Cape (ZAF) 4 

[38] GGBF slag Reactive aggregate, Wawa (CAN) 4 

[39] Ground glass, Fly ash class C Limestone, Spratt (CAN) 3 

[40] Fly ash class C Reactive sand, Texas (USA) 3 
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The second criterion dealt with the expansion of the reference bars. The present paper focuses on the 
expansion obtained in the AMBT when using SCMs, and not on the reactivity of aggregates. Therefore, 
it was chosen to select tests only made with aggregates where the expansion of the reference test was 
larger than 0.2 % after 14 days of exposure. Finally, the materials were filtered from their chemical 
composition, in order to only keep tests where the contents in SiO2, Al2O3, Fe2O3, MgO, CaO, SO3 and 
Na2Oeq, for both cement and SCM, are available. It was chosen to consider Na2Oeq instead of Na2O and 
K2O separately to maximize the size of the dataset, as the distinct contents of Na2O and K2O were not 
always reported. In addition, SCMs for which the LOI was larger than 10 % or for which the sum of all 
seven constituents mentioned before was lower than 90 % were excluded. 
This resulted in a selection of 92 different SCMs and a total of 467 data points. Note that the dataset 
included some tests performed with the same binder on different reactive aggregates. An overview of 
the dataset is presented in Table 3.1, and a ternary diagram of the materials is plotted in Figure 3.1. 

 
Figure 3.1: Ternary diagram of the selected materials 

4. DATA ANALYSIS 

The ANNs used for the present study were executed in MATLAB. Bayesian regularization combined 
with the Levenberg-Marquardt algorithm were implemented for the supervised training. The dataset was 
randomly divided into two subsets (85 % for learning, 15 % for test). The activation function was the 
sigmoid function, and the performance was assessed by calculating the mean square error. 

4.1 Inputs 

The inputs were derived from the partial chemical composition of the binder. The inclusion of one specific 
compound resulted in two values, namely the content by mass in the cement 𝑋𝑐𝑒𝑚 and in the SCM 𝑋𝑆𝐶𝑀. 
These values were then weighted by the replacement level 𝑅𝐿 according to Equation (5), so that 𝑥𝑐𝑒𝑚 
and 𝑥𝑆𝐶𝑀 were used as inputs for the model. 

{
𝑥𝑐𝑒𝑚 = 𝑋𝑐𝑒𝑚 ∙ 𝑅𝐿
𝑥𝑆𝐶𝑀 = 𝑋𝑆𝐶𝑀 ∙ 𝑅𝐿

  (5) 

It is desirable to have independent inputs for ANNs. However, when considering the chemical 
composition, the variables are strictly not independent, as their sum should be lower than 100 %. This 
is particularly true when considering the primary oxides, that account for the largest part of the 
composition usually.  
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Finally, input data were automatically normalized when using the feedforwardnet function in MATLAB. 

4.2 Output 

Since most data were from studies carried out with different aggregates, the expansion values obtained 
were not directly comparable. One way of overcoming this issue was to normalize the expansion 𝑦 with 
the expansion of the associated reference test 𝑦𝑟𝑒𝑓, as shown in Equation (6). 

𝑦̂ =
𝑦

𝑦𝑟𝑒𝑓

 (6) 

4.3 Choice of the architecture 

Equation (4) gives a condition on the maximum number of hidden neurons. Given that the number of 
training data (68 % of 467, as the learning subset is divided into 5 for cross-validation, where each 
validation fold represents 17 % of the entire dataset –  see the explanation in the next paragraph) was 
not extremely large, a factor 2 was applied to satisfy Equation (4), as shown per Equation (7). 

𝐻𝑚𝑎𝑥 =  
1

2
 
(𝑁𝑡𝑟 − 1) 𝑂

𝐼 + 𝑂 + 1
  (7) 

The choice of the architecture was based on a triple loop on the learning data subset only (Figure 4.1). 
The outer loop was an iteration on the number of hidden neurons, from 1 to 𝐻𝑚𝑎𝑥. The medium loop 
consisted of 30 iterations where the learning data subset was randomly divided for 5-fold cross-
validation, therefore each fold corresponds to 17 % of the initial dataset. The same set of initial weights 
and biases was used for each iteration, the set being randomly selected prior to running the algorithm. 
For each iteration, the termination was based on the validation performance: the training stopped when 
the mean square error (MSE) on the validation subset did not decrease for 8 epochs in a row. 
The training and validation MSE were calculated for each iteration and averaged for the two inner loops. 
This resulted in a plot of both MSE as a function of the number of hidden neurons. These curves typically 
decrease and stabilize. However, if the number of hidden neurons is too larger, the MSE for validation 
may start to increase, which is a common sign of overtraining. The number of hidden neurons was finally 
selected as the minimum number of neurons for which the two MSE are less than 1 % higher than their 
minimum value. This is illustrated in Figure 4.1. Note that there were a few exceptions, where this 
criterion could not be fulfilled. In such a case, the tolerance was increased until finding an appropriate 
number of neurons. 

 
Figure 4.1: Triple loop algorithm (left) and schematic graph for selecting the number of hidden neurons 

(right) 

4.4 Prediction 

When the number of hidden neurons had been chosen, a new ANN was build based on the selected 
architecture. The new ANN was trained with the entire learning subset, i.e. the learning phase did not 
include any validation, in order to maximize the number of training data. In this case, early stopping was 
implemented to stop training, since the termination criterion used when choosing the architecture could 
no longer be applied. The maximum number of epochs corresponded to the average number of epochs 
performed during the choice of the architecture (i.e. after how many epochs the training stopped when 
performing cross-validation), for this specific number of neurons. 
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The results were split into the subset used for learning (85 % of the dataset) and the test subset (15 %). 
Note that before this stage, the test subset was not used at all, which made it ideal for making a final 
assessment of the neural network. For each subset, the coefficient of determination R2 was calculated. 
The predictions were plotted against the experimental values in both cases. Besides, the residual errors 
were also displayed as a function of the replacement level. The residual error 𝑟 was calculated based 
on Equation (8), where the subscripts 𝑝 and 𝑚 respectively stand for predicted and measured. 

𝑟 = 𝑦𝑝̂ − 𝑦𝑚̂ (8) 

4.5 Variables 

Since the objective of the present study was to investigate the effect of the chemical composition of the 
binder on the AMBT expansion, 12 different combinations of inputs were used. The baseline 
combination only included SiO2 and CaO, as they were considered to have the largest effect on the test 
result [5, 6, 8]. In order to stress the influence of other compounds, 5 combinations were formed by 
adding a third oxide (Al2O3, Na2Oeq, Fe2O3, MgO or SO3) in addition to SiO2 and CaO. In a similar way, 
5 other combinations were created by including all oxides except one. Finally, the last combination to 
be tested included all seven compounds. 

5. RESULTS 

The chosen architecture and the performances obtained with the learning and the test subsets are given 
in Table 5.1, together with Hmax calculated from Equation (7) and the selected number of neurons H. 

Table 5.1: Architecture and performances of the ANN 

Compounds selected for defining the inputs Combination Hmax H Epochs R2 learning R2 test 
SiO2, CaO 1 27 10 34 0,824 0,896 

SiO2, CaO, Al2O3 2 20 8 31 0,852 0,879 

SiO2, CaO, Na2Oeq 3 20 8 25 0,849 0,879 

SiO2, CaO, Fe2O3 4 20 8 34 0,853 0,901 

SiO2, CaO, MgO 5 20 6 27 0,837 0,906 

SiO2, CaO, SO3 6 20 10 35 0,878 0,893 

SiO2, CaO, Na2Oeq, Fe2O3, MgO, SO3 7 11 7 30 0,909 0,873 

SiO2, CaO, Al2O3, Fe2O3, MgO, SO3 8 11 7 33 0,897 0,915 

SiO2, CaO, Al2O3, Na2Oeq, MgO, SO3 9 11 7 30 0,912 0,902 

SiO2, CaO, Al2O3, Na2Oeq, Fe2O3, SO3 10 11 10 31 0,919 0,922 

SiO2, CaO, Al2O3, Na2Oeq, Fe2O3, MgO 11 11 9 33 0,918 0,844 

SiO2, CaO, Al2O3, Na2Oeq, Fe2O3, MgO, SO3 12 10 7 31 0,915 0,914 

 
Figure 6.1 shows the predicted normalized expansion plotted against the experimental normalized one 
for combination no. 12. The residual errors on the expansion as described per Equation (8), obtained 
with the same combination, are plotted against the cement replacement level in Figure 6.2. 

6. DISCUSSION 

Considering combination no.1 as the baseline, the addition of each single oxide (combinations no.2 to 
no.6 in Table 5.1) improved the performance of the ANN for learning. The smallest improvement was 
obtained when considering MgO, while the largest gain occurred with SO3. These two observations were 
consistent with a previous analysis, where the MgO content of the binder was found to have a quite poor 
correlation with the normalized expansion, while the SO3 content had the fourth best R2 value behind 
SiO2, CaO and Al2O3 [5]. 
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Figure 6.1: Predicted vs. experimental normalized expansion for the learning data subset (left) and the 

test data subset (right), for combination no.12. The black solid line is a one-to-one line 

 
Figure 6.2: Residual error as a function of the replacement level for combination no.12 

A reason for SO3 to cause the best improvement in the present work could be due to a particularly large 
influence on a few datapoints, that where originally far away from the one-to-one line and strongly 
penalising the R2 value. The ability of Na2Oeq to improve the fitting is also worth to mention. Besides the 
very low R2 value reported elsewhere [5], it is also known that the alkali concentration of the pore solution 
during the AMBT is dramatically changed due to alkali exchanges with the NaOH test solution [41], 
therefore it is not expected to see an influence from the alkali content of the binder. When considering 
the test subset, the influences were more variable, which could be due to some sampling effects. As the 
test subset was much smaller that the learning one, the R2 value could be significantly modified by even 
fewer datapoints.  
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When combining all seven oxides (combination no.12), the performances were logically improved, both 
compared to the baseline and to the effect of each individual oxide. This can graphically be seen in 
Figure 6.1, where there is a clear trend for the results to match with the one-to-one line.  
Combinations no.7 to no.11 were tested to further investigate the influence of each oxide on the 
performance. For almost all of them, the removal of one oxide caused no significant change in 
performance for the learning subset. One explanation to this behaviour could be that when increasing 
the number of oxides, the assumption of independence between the inputs becomes less and less valid. 
The only exception was seen for combination no. 8, where Na2Oeq was removed. As mentioned before 
regarding combination no. 3, it was once again not expected that Na2Oeq would influence the quality of 
the fitting. However, the exact effect of the alkali content on the expansion is not clear. Indeed, 
understanding the way ANNs process the inputs to predict the outputs is known to be a challenge. 
Numerous methods have been proposed to explain black box models [42], but it is still quite difficult to 
find the most appropriate technique for a given analysis. 
The residual error plotted on Figure 6.2 shows the deviation of the prediction compared to the measured 
normalized expansion for combination no.12. Note that both subsets, learning and test, are combined 
on the figure. The average residual was 6.9 pp. (percentage point) for the learning subset, and 7.7 pp. 
for the test one. 53 % of the values were within ±5 pp. for the learning subset, 77 % within ±10 pp. and 
94 % within ±20 pp.. This was respectively 43 %, 69 % and 94 % for the test subset. These results 
implied that in most cases, the ANN was able to predict the expansion reduction induced by the use of 
an SCMs, with an accuracy of 20 pp.. Although the accuracy was not high enough to predict the ability 
of an SCM to keep the expansion below 0.1 % at 14 days, it could be used as a screening tool in order 
to evaluate the potential of an SCM to perform well in the AMBT. 
The largest differences were difficult to explain. However, most of them seemed to be related to the 
shape of the curve when plotting the expansion obtained in the AMBT as a function of the replacement 
level. It was seen that for some materials, the efficacy of the SCM is not linear, but is closer to an S-
shaped curve: there is little to none reduction in expansion at low replacement levels, whereas the 
expansion is almost completely prevented at high replacement levels. This is for instance the case for 
one type of glass [24], one brick [34], on rice husk ash [32] and some class C fly ashes [6, 14, 16]. As a 
result, the ANN sometimes predicted an S-shape while the behaviour was rather linear, leading to an 
overestimation of the normalized expansion, but also sometimes behaved the other way around. 
Finally, it should be mentioned that by increasing the size of the dataset, e.g. to a couple of thousand 
data, the consistency between the performances obtained on the learning and the test subsets would 
likely be improved, in particular by removing sampling effects and covering a broader range of materials. 

7. CONCLUSION 

Artificial neural networks bring new possibilities to analyse large datasets, especially when the input-
output relationship is not well-established. The present work has shown that an ANN could be used as 
a screening tool with a relatively good accuracy to estimate the ability of an SCM to reduce the ASR 
expansion measured in the AMBT. 
However, analysing the effect of each compound turned to be quite challenging. Although the addition 
of more inputs compared to CaO and SiO2 alone had an evident benefit on the accuracy of the 
prediction, the quantitative evaluation of their impact remained unclear. Moreover, the assumption on 
the independence of the inputs may no longer be valid when increasing the number of inputs, as they 
are bound by an inequality (sum lower than 100 %). The present approach would probably benefit from 
using an even larger dataset, to widen the scope of materials and eliminate sampling effects. In parallel, 
investigating methods to extract knowledge from the ANN would help lifting the veil on the weaknesses 
of the model, although finding the most appropriate method is still challenging.  
Finally, as the reliability of the prediction is closely related to the reliability of the input data, the choice 
of AMBT data can be questioned, particularly because the AMBT is far to be the best and appropriate 
test to evaluate effectiveness of SCMs against ASR. However, it should be noted that the present ANN 
model was designed to investigate the effect of the chemical composition of SCMs on the ASR 
expansion and did not aim to focus on a specific test method. In this respect the AMBT was chosen 
because, to the authors’ knowledge, it offers the largest and most diverse dataset in the literature 
concerning SCMs and ASR expansion. Nevertheless, the model can easily be transposed to datasets 
obtained with other test methods such as the CPT or outdoor exposure blocks, as soon as a sufficient 
amount of data is available. 
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