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Abstract

External sulfate attack (ESA) is a key degradation mechanisms of cementitious materials.
Although the advantages of low-CsA cement and supplementary cementitious materials (SCM)
have been confirmed, there remains a need for a better understanding of the phenomenon and
guidance on accelerated testing due to the numerous parameters affecting this degradation. This
study introduces a machine learning framework for predicting the expansion of cementitious
materials incorporating SCM because of ESA. A comprehensive database is constructed, and four
optimized machine learning models are compared. Among them, extreme Gradient Boosting
(XGBoost) showed the best performance with a R2 accuracy of 0.933 and 0.788 on the training
and the test set resp. Additionally, SHapley Additive exPlanations (SHAP) enabled the
identification of the most influential inputs and their relative influence. It has been found that
clinker composition, mix proportion, sample geometry, and sulfate solution characteristics play an
important role, with their relative contribution being 34%, 36%, 3% and 27% resp. Furthermore,
a thorough analysis of the model predictions on some expansive and non-expansive mortar and
concrete samples demonstrated its reliability. Finally, the model was shown to be able to accurately

predict the time required to reach a given expansion.

Keywords: Concrete; Sulfate attack; Expansion, Machine Learning; SHAP.

1. Introduction

Among all the degradations that can happen to cementitious materials, the external sulfate
attack is one of the most studied and documented. The attack mechanism can be summarized as

follows: sulfates in solution progress into the cement matrix by diffusion and react with ions in the
1
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pore solution to form expansive products. The most common expansive product is the
aluminosulfate phase ettringite [1]. According to the crystal pressure theory [2], secondary
ettringite forming from a supersaturated pore solution into the cement matrix nanoporosity will

lead to expansion and, after that, cracking [3,4].

Many lab tests have been performed to highlight the parameters influencing ESA. Those
parameters can be related to the sulfate solution, the conditions of exposure, or the cementitious
material properties. First, the type of cation and the sulfate concentration of the sulfate solution
directly impact the products formed during the attack. The magnesium reacts with hydrates from
the cement paste to form brucite and M-S-H that replace C-S-H during magnesium sulfate attack
[5]. Gypsum will form over ettringite when the sulfate solution has a sulfate concentration of over
30 g/L [6,7]). A high sulfate concentration accelerates the diffusion of sulfates. The supersaturation
regarding ettringite is reached faster: the higher the sulfate concentration, the shorter the response
time [8]. Secondly, exposure conditions such as pH and temperature also affect the kinetic of the
attack. A controlled pH of 7 spurs the Ca(OH)2 leaching [9] and subsequently provides Ca?* to the
pore solution that can react with sulfate to form expansive products [10]. While high temperatures
induce a shortening in response time, temperatures below 5 °C lead to the formation of calcium

sulfate carbonate phase, e.g., thaumasite, as a product of ESA [11].

While sulfate solution and exposure conditions greatly influence the ESA mechanism, most
of the chemical elements reacting with sulfates are brought by the cement matrix. The clinker CsA
content is considered the most important aluminates source. Thus CEM | cement with low C3A
content are considered sulfate-resistant cements (SR0O, SR3, SR5) [12]. SCM such as slag, fly ash
or pozzolans consume portlandite by pozzolanic reactions and form C-A-S-H besides the C-S-H
formed by CsS and C2S hydration, lessening the gypsum formation and ettringite recrystallization
[13]. Recently, the positive effect of calcined clay has been reported [14,15]. The fine porosity of
C-A-S-H slows the sulfate diffusion through the cementitious matrix and has a positive effect on
the resistance to ESA. Last, diffusion being controlled by porosity, the water/cement ratio greatly
affects the sulfate resistance of a sample [16]. However, the behavior of the ternary or quaternary

cement blends with high substitution ratios remains an open question.

The collected information helps set up more efficient and representative lab tests. One of the
most debated points is the duration of the test because of the number of parameters influencing the

time to reach a given expansion. As stated before, the formation of expansive products will depend
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on the sulfate concentration in the pore solution; the sulfate diffusion is thus the limiting step. Tests
may require several months before giving significant results. Thus, to address this issue, some lab
tests are designed to accelerate the degradation process. While they may be effective, it is difficult
to say if they are accurate to the ESA mechanism [17]. Moreover, the relative importance of the
various parameters involved in ESA is still debated. For example, mortar and concrete mix
compositions and samples' geometrical features play a decisive role in the volumetric expansion
measured in laboratory tests, influencing the final classification of types of cement regarding their

sulfate resistance.

In recent years, Machine Learning has been increasingly employed for predicting and
analyzing cementitious materials’ properties. Deep Learning techniques and Convolutional Neural
networks help assess concrete properties at various scales: from crack and defect detection [18—
20] to concrete microscopic image analysis [21-23] or mechanical properties [24]. Gaussian
processes, Bayesian techniques, and exploration-exploitation techniques close to reinforcement
learning have been successfully employed to infer mechanical characteristics from
microindentation and nanoindentation [25] or quantitatively estimate uncertainties concerning
concrete properties such as susceptibility to sulfate degradation [26]. However, these techniques
are relatively limited in terms of interpretability. For this reason, supervised learning models have
been further developed as they can be accompanied by mature interpretability tools in order to gain
insights about the most influencing parameters governing a phenomenon. Numerous research
works have been published to predict concrete compressive strength [27-30], fresh properties [31],
creep [32,33], shrinkage[34—36], chloride [37], carbonation resistance [38], frost resistance [39].
Advances such as features analysis and dubbed SHapley Additives exPlanations (SHAP) [40]
introduced novel ways to explore feature impact, and it has been shown that machine learning can
provide similar or better predictions than analytical models [36]. However, to the authors’
knowledge, no study has been reported to predict the expansion of mortar and concrete samples
due to external sulfate attack using machine learning, even though such models would help identify
the major influencing parameters, the role of SCM, and likely help provide guidelines relative to

the laboratory tests definition towards a quick and representative expansion assessment.

This study provides insight into the potential of machine learning models based on
conventional or ensemble techniques to predict the expansion of cementitious materials, eventually

incorporating supplementary cementitious materials due to the external sulfate attack. A database
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has been specifically built based on the available literature. The theory and procedures associated
with the models are briefly presented in the manuscript. Then, the results of the models are
discussed, and the best model candidate is further examined using SHapley Additive exPlanation
(SHAP) theory to understand the most influential features and derive partial difference plots.
Finally, a comparison is made between the experimental and predicted time to reach specific

expansions.
2. Database description and initial processing

2.1 Database construction

Observations of linear expansions of samples completely immersed in sulfate solutions, also
called length variations, were selected from different sources in the literature [8,13,14,17,41-64].
These studies reported expansions of various mortar and concrete specimens with sulfate-resistant
and non-sulfate-resistant cement from standard to high-strength mixes. Only mixes based on CEM
I cements, eventually with SCM (fly ash, slag, pozzolan, limestone, silica fume and calcined clay,
abbreviated with MK in Table 1), were selected because of the lack of information about some
standardized blended cement (classified as CEM Il to CEM V according to Eurocodes). In total,
336 mortar and concrete expansion curves were obtained and used to interpolate expansion values

at increasing ages relative to the square root of time due to the diffusive nature of the process, e.g.,

1Vd, 2v/d, 3V/d, ..., until the end of each corresponding measurement. Then, after the interpolation
and the filtering steps, 5294 expansion data points were generated. Only positive expansions
smaller than 0.4% were considered in order to limit the influence of external phenomena on the
results, such as leaching or extensive cracking. Some curves were not included because of

excessive or very rapid unexplained expansions. No further cleaning or filtering was applied.

Four types of inputs parameters were considered: clinker composition (CsS, C2S, C3A and
C4AF), mix proportion and characteristics (cement mass, aggregate-to-cement ratio, water-to-
binder ratio and SCMs proportions, 28-day compressive strength reflecting porosity which is rarely
reported), sample geometry (shape and surface-to-perimeter ratio), and sulfate solution and
environment characteristics (cation type, concentration, pH, and temperature). Categorical values
such as cation type and mold properties were encoded to be used as inputs in the model. We
attributed the value 1 to Na, the value 0 to Mg, and, concerning the mold shape, we attributed the

value 0 for prismatic specimens and 1 for cylindrical specimens.
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2.2 Imputation of missing values

2.2.1 Compressive strength inference using XGBoost

Since porosity and strength-related properties might have an influence on expansion during
the external sulfate attack process and considering that strength is reported more often than
porosity [63], a dedicated XGBoost model has been used to input missing 28-day compressive
strength data, amounting to 44% of the database (148 formulations), based on the cement
composition and the mix formulation as described in the previous section. The choice has been
made to demonstrate the suitability of the present database without the need for an external
database. The model has been trained using 75% of the 188 experimental compressive strengths
available in the original database and tested on the remaining 25%. Between 20 and 80 MPa, the
28-day cubic compressive strength of the test samples was estimated with an R? value of 0.83,
which is better than the classic mean inference or regression methods. All missing strength values

were thus inferred using the dedicated XGBoost model.

2.2.2 Other missing values

Two different methods were used to infer other missing values [17-19]. First, the univariate
imputation consists of filling in the missing values by statistical characteristics of the existing data
(median, most frequent, mean). This simple approach is used for the missing oxides in the cement
composition. The second method, relying on the physical aspects, is used for pH. Due to leaching
phenomena, the missing values of uncontrolled pH are filled by 10. Last, missing CsS, C2S, C3A,

and C4AF values were calculated using Bogue’s equation based on oxides compositions.

2.3. Final database description

After inferring all missing values, the final database containing 5294 expansion values relative
to 21 parameters was obtained. A description of the database is given in Table 1, and the cumulated
distribution functions associated with most of the inputs are given in Fig. 1. Mean and median
values have been reported, as well as minimum and maximum values. The database covers a wide
range of cement compositions, mortar and concrete formulations with various W/B ratios, SCM
types, and sulfate solution compositions and environmental conditions. No particular data
imbalance can be observed. However, temperature values were almost all equal to 20 or 23°C and

nanosilica content equal to 0%, their effects cannot thus be analyzed in-depth.
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Correlations between the input variables were calculated before the machine learning
algorithms’ application in order to avoid excessive correlations between variables. The correlation
matrix is given in Fig. 2. As expected, some formulation parameters (water-binder ratio, water-
binder ratio, aggregate-cement ratio, and cement content) were particularly correlated. Apart from

these correlations concerning formulations, no other significant correlation was observed.

Table 1. Description of the database used in this study

mean std min 25% 50% 75% max
CsS (%) 57.7 5.9 34.0 54.95 56.66 61.0 735
C.S (%) 14.9 6.0 2.29 12.0 14.57 18.1 39.0
CsA (%) 8.0 2.6 0.9 5.8 7.6 10.1 11.9
C.AF (%) 9.4 2.7 0.0 7.8 9.7 10.98 19.7
Cement (kg/m®) 355.4 129.5 55.0 269 375 469 553
A/IC 4.36 1.9 1.64 3.0 3.9 5.2 15.4
W/B 0.5 0.08 0.33 0.48 0.5 0.55 0.77
Fly Ash (%mb) 3.6 25.8 0.0 0.0 0.0 0.0 50.0
Slag (%mb) 14.3 23.6 0.0 0.0 0.0 20.0 85.0
Pozzolan (%mb) 0.25 35 0.0 0.0 0.0 0.0 50.0
Limestone (%omb) 2.9 8.6 0.0 0.0 0.0 0.0 50.0
MK (%mb) 2.37 7.0 0.0 0.0 0.0 0.0 34.0
Silica Fume (%mb) 0.29 1.6 0.0 0.0 0.0 0.0 13.0
Nanosilica (%mb) 0.30 1.2 0.0 0.0 0.0 0.0 8.0
Cation 0.5 0.5 0.0 1.0 1.0 1.0 1.0
Concentration % 5.7 5.1 0.3 3.0 5.0 5.0 20.0
pH 9.0 1.8 3.0 7.5 10.0 10.0 12.3
Temperature (°C) 19.5 4.7 1.0 20.0 20.0 20. 35.0
Mold properties 0.04 0.2 0.0 0.0 0.0 0.0 1.0
Surface/perimeter
(cm) 1.0 0.6 0.25 0.625 0.625 1.25 2.5
fc28 (MPa) 49.4 13.4 20.6 415 47.9 54 100
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3. Methods

3.1. Machine learning models

3.1.1 Linear regression

Regression analysis was first provided by Francis Galton in the second half of the 19th
century. Regression analysis is a statistical approach that uses the relation between quantitative
variables, so that a simple linear curve can predict a result or response variable [65]. Regression
models have only linear parameters; therefore, the predicted variables are linear. The linear curve
is constructed to have a lesser error between the variables and the curve. Linear regression (LR) is
used as a benchmark model in this study to highlight the benefits of using ensemble models.

3.1.2 Decision trees
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Decision Trees (DT) are basic estimators and non-parametric models used in Machine
Learning. DT comprise two types of components: nodes and branches [66]. Each one of the data's
features is examined at each node. For this reason, DT are flexible models that do not increase
their number of parameters when adding more features. The internal nodes indicate an attribute
test, and each branch and leaf represent the test result and the class tag, respectively. These nodes
come in three different categories, and each one has a distinct geometric shape, such as a circle,
rectangle, or triangle. DT is a simple ML learning model in term of interpretability and constitute

the element piece of more advanced ensemble models described hereafter.

3.1.3 XGBoost

XGB is known as an upgraded gradient boosting machine implementation, that uses a more
regularized model generation to control over-fitting more successfully using Friedman's gradient

boosting method [67]. The prediction is made by using several additive functions:

Yik = Yiger + Ufx (1)

Where Yik is the predicted value of ith iteration, fk is an estimator corresponding to a tree structure,
Yio is the mean of predictions of training dataset, [ is the learning rate, facilitating steady model
improvement while including new trees and preventing overfitting. It is important to remember that
overfitting is the main issue with all ML models. At the k step, kth estimator is added to the model,
and the estimation of Yk can be done according to equation (2),fk can be determined by minimizing

the following objective function:
T
i 1 2
objective = AT + [Ejw + 3 (F +v)w}] (2)
=0

Where T represents the total number of leaves in the kth decision tree and w;j are the weights of
each leaf. A and y are regularization parameters that control the simplicity of the tree structure to
reduce overfitting. Ej and Fj are the sums of the samples associated with the jth leaf of the first and

second gradients of the loss function, respectively.

3.1.4 Light Gradient Boosting (LGBM)

Light Gradient Boosting Machine (LGBM) is a new Gradient Boosted Decision Tree-based

algorithm for machine learning [68]. It was originally introduced by Microsoft and is very similar
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to XGB model. However, unlike most other implementations, LGBM does not grow a tree level-
wise (row by row/horizontally). Instead, it implements the leaf-wise tree growth method (it grows
vertically). This means that it selects the leaf that will have a maximum decrease in loss and grows
on it. This building approach lowers the penalty for a wrong prediction. LGBM can also avoid
over-fitting by limiting its tree depth. The main disadvantage of LGBM is that it covers many
hyperparameters, making it harder to tune.

LGBM was created as a significant rival to XGBoost to increase training speed, use less
memory, and retain excellent accuracy. The primary distinction between LGBM and XGBoost is
how the trees are grown, as illustrated in Fig.3.

® o0 00 00 o

Tree growth adopted by XGB

oo
Tree growth adopted by LGBM
Fig. 3. Different ways for growing trees between LGBM and XGB [69].

3.2. Hyperparameters optimization

A Bayesian-based hyperparameter optimization algorithm has been employed, namely the
Tree-structured Parzen Estimator (TPE), which is a Sequential Model-Based Method [70]. The
interest of TPE algorithm lies in its reduced runtime and the better scores of the optimized models
on the final test set as compared to other optimization algorithms, especially Random Search or
manually-based optimization. TPE algorithm can be briefly described as an exploration-
exploitation algorithm that looks to optimize the expected improvement (EI) function, defined in
eq. 12, at each iteration using a surrogate loss function and selecting the best couple of
hyperparameters within a given search space.
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EL(x) = f max(y* — y,0) p(ylx)dy ®3)

Where y* is a target performance, i.e. threshold value of the loss, e.g. objective, function, x is
the proposed set of hyperparameters, y is the actual value of the loss using hyperparameters x, and
p(y | X) is the surrogate probability model expressing the probability of y given x. Maximizing the
Expected Improvement with respect to x means finding the best hyperparameters under the

surrogate function p (y | X).

For TPE, p(y | X) is approximated using Bayes’ rule:

_p&ly) xp®)
p(x)

Where p(x|y), which is the probability of the hyperparameters given the score on the objective

p(ylx) (4)

function, in turn, is expressed considering a split according to two different distributions for the
hyperparameters: one where the value of the objective function is less than the threshold, 1(x), and

one where the value of the objective function is greater than the threshold, g(x):

paly) ={ (2T ©)
The EI to maximize is then proportional to g(x)/I(x) that is to be minimized:
(x) -
El,(x) « (y + ‘?(—x)(l — y)) (6)

Where y is the quantile of search result: y = p(y < y*) = f_y;p(y)dy.

The hyperparameters search spaces of the four models used in this study are given in Table 2.

Table 2. Tuning ranges of hyperparameters.

LR No hyperparameter
DT Max depth Min samples  Min samples Min weighted
[2, 100] split leaf fraction at leaf node
[1, 30] [1, 20] [0, 0.5]
XGB Nb of trees Learning rate  Max depth Min child weight Subsample ratio

11
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[10, 1000] [0.005,0.30] [2, 100] [1, 30] [0.8, 1]

LGBM Nb of trees Learning rate  Max depth Min child weight Subsample ratio
[10, 1000] [0.005,0.30] [2,100] [1, 30] [0.8, 1]

3.3. Results analysis

3.3.1 Performance evaluation
To calculate the scores of the models, three metrics indexes are used: mean absolute error (MAE),
coefficient of determination (R2) and root mean square error (RMSE), which can be expressed as follows:
- Mean absolute error (MAE):
Mean absolute error is defined as the mean of differences between the predicted values and the

experimental values in the data, MAE is expressed as MAE = %Zlei — é;|where ei is the value of

expansion of i-th point in the database, g; is the predicted value given by the models i-th sample point.
- Root mean square error (RMSE):

The error of a model in predicting quantitative data is often measured using the Root Mean Square Error

(RMSE). It is officially defined as RMSE = /%Z(ei — 8i)2

- Coefficient of determination (R?)

The coefficient of determination is a statistical measurement that looks at how variations in one variable

E(e—éi)z
Y(ei-8)?

averaged value of expansion. Both MAE and RMSE can provide an accurate assessment of model

may be explained by changes in a second variable. R? is expressed as R? = 1 — where € is the

performance by clearly describing the residual error at each sample point. In contrast, R? creates a
dimensionless score that ranges from 0 to 1 by normalizing the squared residual error with the database
variance, in this study we worked with a logarithm of expansion, that is why the statistical indicators were

adapted to this transformation.

3.3.2 Model interpretation and features importance using SHAP

Although several ML-based investigations in solid materials have successfully predicted their
outputs with high accuracy, the interpretability of the ML models has received little attention.
SHAP reveals the underlying pattern that the database's EML models show, which can give a
thorough insight into the prediction of expansion behavior [71]. It is a means to determine how a
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feature will affect the value of the target variable. The key idea is that the influence of features
depends on the full set of characteristics in the database rather than just one particular feature.
Therefore, SHAP retrains the model through all the combinations of features that contain the one
we are investigating to determine the influence of each feature on the expansion, an indicator of a
feature's significance is the average absolute magnitude of its effect on the output. The Shapley
value identifies the relative importance of each trait. The approach developed by SHAP for

comprehending model predictions may be used to understand even the most complex models.

3.3.3 Prediction of time to reach specific expansions

The time to reach 0.2% expansion was calculated with a 1v/d precision for the test specimens
based on the model outputs to evaluate the model prediction capability, similar to experimentally-
measured time to failure [72]. For this purpose, the expansions of a given specimen were predicted
from 1 day to 1000 days using the optimized model. The time to reach 0.2% expansion was taken
as the first age at which the specimen’s expansion reached this threshold value or a default value
of 1000 days if the threshold was not reached. Two cases could thus be distinguished: i) non-
sulfate-resistant cementitious materials that achieved an expansion higher than 0.2%. For these
samples, the ML models predicted time to reach this expansion was compared with the
experimental values; ii) sulfate-resistant cementitious materials. In this case, the default time of
1000 days was compared to the experimentally measured values, which were eventually set to
1000 days if no expansion had been observed.

3.4. Methodology flowchart

The investigation design is recapitulated in the methodology diagram presented in Fig. 4. Four
crucial steps, which have been previously described, can be highlighted: step (1) database creation
and description, step (I1) predictions of fc28 and other missing values, step (I11) selection of the
optimal ML model with the highest performance, and step (IV) expansion prediction and
sensitivity analysis using SHAP. Database creation was based on literature studies, 18 parameters
were selected as the model inputs, and the expansion was the output. In step 1, fc28 prediction
was done to complete the database and prove the performance of chosen ML models. In step 11,
the database is randomly split into 20% for testing and 80% for training. LR, DT, XGB, and LGBM
were trained, and their hyperparameters optimized. The performance of ML models was assessed

using Rz, RMSE, and MAE. The best ML model was then used to predict concrete expansions,
13
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and the influencing inputs on the output expansion were evaluated using SHAP.
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4.1. Hyperparameters optimization
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Tree-structured Parzen Estimator leads to a fast optimization hyperparameters tuning, as
illustrated in Fig. 5. It can be seen from this figure that the algorithm RMSE on the five validation
sets quickly decreased in around 20 iterations. The decrease in RMSE between the first model
evaluated and the optimized model is around 0.001 for LGBM, 0.004 for XGB, and more than
0.009 for DT model, highlighting the potential of this optimization procedure in this situation, in
contrast with longer classical Bayesian optimizations and largely longer Random Search. The best
mean result on the five validation sets after optimization has been obtained by the XGB model
exhibiting an RMSE of 0.0515. The optimized hyperparameters of the DT, the XGB, and the
LGBM models are reported in Table 3.
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0.075 Tosssssssse XGB
= ¢ LGBM
X
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wl
[72]
z P S———
1
S 0.065
(@)
)
H? 0.06 +
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0.05 } i } i |
0 10 20 30 40 50

Optimization iteration

Fig 5. Optimization history using Tree-structure Parzen Estimator.

Table 3. Tunned hyperparameters of the ML models.

LR No hyperparameter

DT Max depth Min samples ~ Min samples Min weighted fraction at
11 split leaf leaf node

6 13 0.02

XGB Nb of trees Learning rate  Max depth Min child weight Subsample ratio
200 0.08 52 28 0.841

LGBM Nb of trees Learning rate  Max depth Min child weight Subsample ratio
590 0.215 41 29 0.973
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4.2. Sulfate attack expansion predictions

The prediction capacity of the optimized models on both the training and the test datasets are
illustrated in Fig. 6 and Fig. 7 resp. It can be observed that, after optimization, the models
performed well on the training set, especially for relatively large values of expansions higher than
0.05-0.1%. Though the LR model showed relatively poor performance in some cases, which can
be attributed to its low complexity, the other three models could provide predicted expansions
close to the measured values in most cases. Indeed, a high proportion of the predicted values lie
within a 50% interval compared to the experimentally measured values, as illustrated by the dashed
lines. This is a good result considering the relatively low precision of some reported results since
most of the studies generally aim to compare different mortar formulations with one non-sulfate
resistant formulation reducing the other samples’ expansions resolution. Only a tiny number of
expansions higher than 0.2% were incorrectly predicted. These values, which are often associated
with formulations containing both SCM, represent a small proportion of the dataset due to the lack
of data in the literature. It is worth noting that these values can be either underestimated or
overestimated. The latter case is more favorable for building a secure model that might be looked
for in the future. Overall, from the graphs, it can be concluded that the LGBM and XGB models
performed the best on the training dataset, followed by DT model, while LR performed relatively

poorly.

The comparisons between the predicted and measured expansion values from the test set are
illustrated in Fig. 7. It can be observed that the predictions still match relatively well the
experimentally measured expansions in the case of entirely unknown samples. Based on the visual
spread of the predicted values, it can be concluded that XGB and LGBM models performed the
best. However, these models tend to slightly overestimate some values, especially for low

expansions.

Typical time evolutions of the expansions predicted by the optimized XGB are reported in
Fig. 8 and the corresponding mortar and concrete formulations from the test set are given in Table
4. As illustrated in all subfigures, and in agreement with the general results detailed in the
paragraph above, most predictions are close to the measured values, even in the case of irregular,
probably noisy, time evolutions. In most cases, the model was able to reproduce the two-stage

expansion with a limited expansion increase at the beginning, and then a sudden expansion
16
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increase due to the formation of macro-cracks in the specimens. Moreover, the time to reach
specific expansions such as 0.05% and 0.1% limit guidelines has been predicted with a relatively

good precision of around 2 to 3 /days in most cases. Some rare samples were incorrectly

predicted as mentioned above, which opens rooms for improvement.
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Fig. 6. Comparison between target and calculated outputs of the models on the training database:
a) LR, b) DT, ¢) XGB, d) LGBM
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Table 4. Mortar and concrete compositions of some typical test samples.

Ref NSR-M [63] SR-M [73] NSR-C [54] SR-C [8]
Type CEM I CEM I CEM I CEM I
CsS% 56.6* 52.57 58.4 735
CoS% 14.5* 18.11 14.65 55
C:A% 5.7* 7.59 6.22 2

C.AF% 12.1* 10.04 8.99 12.9
Cement(kg/m®) 499 320 350 352

A/C 3.0 4.58 4.79 5.19

wW/B 0.55 0.5 0.55 0.49
Fly Ash% 0 0 0 0
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Slag% 0 40 0 0
Limestone% 0 0 0 0
MK (%) 0 0 0 0
Silica Fume (%) 0 0 0 0
Cation Mg Na Na Na
Concentration % 4.24 5 5 0.3
pH 7 10*** 10*** 75
Mold properties prismatic prismatic cylindrical prismatic
Surface/perimeter cm 1 1 2.5 1.75
fc28 (MPa) 46.1** 48.5** 43.1 52.7**
* Calculated using Bogue calculation
** Inferred using the dedicated XGB model (cf section 2.2.1)
*** Imputed (cf section 2.2.2)
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Fig 8. Typical predictions of expansion evolution of mortar and concrete samples due to external sulfate

attack: a) non sulfate resistant mortar (NSR-M), b) sulfate resistant mortar (SR-M), c) non sulfate

resistant concrete (NSR-C), d) sulfate resistant concrete (SR-C).
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4.3. Model universality

The universality, i.e. generalization capacity of the model was further validated by predicting
the expansion of samples from a study not included in the database [74]. The comparison of
measured and predicted values shown in Figure 9 confirms the good generalization capacity of the
model, as all four expansion kinetics were correctly reproduced. Additionally, predictions of

sulfate-resistant mixtures from this study were also satisfactorily predicted.
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Fig 9. Model universality test: expansion predictions of four samples from a study not included in the

database.
4.4. Optimized models’ performances
The performance of the optimized models on the training and the test sets has then been
evaluated by comparing the predicted to the interpolated measured expansions relatively to the

square root of time. The mean values of the performance predictions of the models have been
reported in Table 5. As illustrated by the table, the best results have been obtained by the ensemble
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models, e.g., XGB and LGBM. Indeed, the best results on the training set have been obtained by
the LGBM model with mean R? values of 0.947 and a corresponding RMSE value of 0.0205. This
model can very well learn the mechanisms at the origin of expansion. XGB model also performed
very well on the training set with Rz and RMSE values of 0.933 and 0.0230 resp. The other models,
LR and DT, were found to be less performant with R? values of 0.358 and 0.591 resp., which agrees
with the literature relative to the prediction of concrete properties using Machine Learning. This
observation can be attributed to the lower complexity of these models, which is insufficient to

efficiently learn the hidden patterns underlying the external sulfate attack expansion.

The generalization capacity of the models and their performance on unknown data has been
assessed by predicting the test data, that is, full expansion curves knowing only cement
composition, mortar composition, specimens’ geometry, and sulfate solution characteristics. As
illustrated in Fig. 7 and Table 5, the XGB model obtained the best results on the test set. R?, RMSE
and MAE values of 0.788, 0.0466%, and 0.0273% were achieved resp. LGBM model performed
slightly worse with R?, RMSE and MAE values of 0.762, 0.0495%, and 0.0307% resp. Again, LR
and DT models performed significantly worse, which agrees with the abovementioned
observations made on the training set results. Though these values are slightly lower than the scores
on the training set, which can be explained by the difficult and highly nonlinear problem and the
relatively limited amount of data sources, these values can be acceptable to achieve good

predictions and parameters interpretation, as we will see in the next sections.

Table 5. Mean machine learning algorithms performance for external sulfate attack expansion

prediction.
Algorithm  Training set Test set
R? RMSE (%) MAE (%) R? RMSE (%) MAE (%)
LR 0.358 0.0714 0.0465 0.240 0.0882 0.0595
DT 0.591 0.0570 0.0306 0.596 0.0642 0.0375
XGB 0.933 0.0230 0.0112 0.788 0.0466 0.0273
LGBM 0.947 0.0205 0.0110 0.762 0.0493 0.0307

An overall evaluation of the models can be visualized using a Taylor diagram, as illustrated
in Fig. 10, which summarizes three valuable characteristics of the models compared to the

measured values: the standard deviation associated with the model's predictions, the correlation
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398 between the predictions and the experimental values, and the centered root-mean-square difference
399 (RMSD). Similarly to what has been reported previously concerning RMSE, the best RMSD has
400 been obtained by the LGBM model, followed by XGB, DT, and LR models. Concerning the
401 correlation of the models with the experimental values, the best correlation is obtained by the
402 LGBM and XGB models with values around 0.86 and 0.88 resp. Though XGB performed better
403 regarding RMSD and correlation, the standard deviation of the experimental data of around 0.1%
404 is almost reproduced by the LGBM model, which is probably due to the highest number of trees
405 composing the optimized model (see Table 3). However, the standard deviations associated with
406 the two other models are significantly smaller than the experimental value, which confirms the
407 difficulty of DT and LR models in grasping the experimental data diversity. For this reason, it can
408 be concluded that XGB is the best model per se on the test data in this study, but the LGBM model
409 is more complex due to a higher number of trees. Thus, the optimized XGB model results will be

410 discussed in the following sections related to the model interpretation.
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412 Fig. 10. Taylor diagram representing ML models performance on the test set.
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414 4.5. Model interpretation and feature importance analysis using Shapley Additive Explanations
415 (SHAP)
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4.5.1. Global interpretation

The most influential features on the expansion predictions have been obtained using SHAP,
and the global SHAP values are reported in Fig. 11. In this figure, the features are classified in
descending order based on their influence from top to bottom and colored depending on their type.
Notably, the top 18 parameters accounted for 98.5% of the cumulative mean absolute SHAP value.
Excluding time, the respective contributions of clinker composition, mix proportion, sample
geometry, and sulfate solution characteristics are 34%, 36%, 3%, and 27%, illustrating the intricate
nature of the ESA mechanism and the need to construct intricate databases to effectively utilize

ML models to anticipate ESA-induced expansion.

According to the model, the cation type, sodium or magnesium, is the most influential
parameter, besides time. While additional studies exploring magnesium would have been
advantageous, this finding aligns with existing literature. While Na* has no influence on the attack
mechanism, Mg?* ions from MgSOs react with cement paste hydrates and prevail over sulfate
attack. The most significant consequence of MgSOa is the formation of M-S-H in place of C-S-H.
As M-S-H do not provide the same cohesive characteristics as C-S-H, the cementitious sample

will lose compressive strength over expansion [75].

Among the most influential parameters predicted by the model, the water and cement content,
CsA content, and sulfate solution concentration have already been extensively documented and are
already taken into account in various standard recommendations. The model reveals 28-day
compressive strength as another influential parameter. Strength is commonly used as a degradation
indicator more than a parameter [76—78]. This result is related to porosity: a sample with high
porosity is prone to sulfate ingress and, simultaneously, has less compressive strength. Finally,
time of exposure is the most influential parameter. It is worth noting that among these most
influential parameters, various types of parameters, e.g., cement composition, mixture proportions,
and sulfate solution characteristics are all present, which highlights the complexity of the sulfate

attack degradation.
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Fig 11. Feature importance plot of the optimized XGB model (clinker parameters, mix factors, sample

geometry-related parameters and environmental factors are colored in blue, red, purple and green resp.)

From the SHAP summary plot illustrated in Fig. 12, the relative influence of the most
influential parameters can be qualitatively determined using the spread of the dots and their color.
It has been found that increasing water and cement contents generally increase the expansion.
Increasing CsA content also increases the expansion, especially when transitioning from very low
CsA content close to 0% to moderate C3A content of around 7-8%. Regarding the other factors
related to clinker composition, it was found that the C4AF content is the second most important
clinker factor, the higher its concentration the lower the expansion. This can be partly explained
by its negative correlation with CsA content, as illustrated in Fig. 2. C3S and C2S contents have a
relatively small influence on the expansion. Fig. 12 also shows that an increase in 28-day
compressive strength leads to a decrease in sulfate expansion, while higher aggregate-to-cement

ratios are associated with smaller expansions, which can be explained by the fact that only the
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cement paste reacts.

Though significantly less important according to the SHAP analysis, the influence of SCM
can also be quantified and agreed with the literature [79-82]. Based on the model results, it has
been found that limestone can harm sulfate resistance at high dosage, while calcined clay and slag
addition have a powerfully positive impact on sulfate resistance, and fly ash has a relatively smaller
yet positive influence on sulfate resistance. Conversely, silica fume addition might negatively

influence sulfate attack resistance, especially for moderate to high dosages.

Among the specimen geometrical parameters, it has been found that the surface-to-perimeter
ratio has the most substantial influence, which agrees with the experimental observations [83,84].
Indeed, the higher the surface-to-perimeter, the smaller the expansion. Other geometrical
parameters such as the specimen shape (mold properties) and height have a smaller influence,
though quantitatively close to some SCM additions. Thus, the model results support the
development of accelerated tests involving specimens with small sections. Additionally, a careful

analysis of the sulfate induced expansion results must be performed regarding these parameters.
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Fig 12. SHAP summary plot of the optimized XGB model.

4.5.2 Feature dependence plots

The feature dependency of the results has been analyzed in detail using the SHAP feature
dependence plots. As illustrated in the dependence plots reported in Fig. 13, the relative influence
of each parameter on the computed SHAP values and, therefore, their influence on the predicted
expansion can be calculated. Apart from the cation type of the sulfate solution, which greatly
influences the development of expansion, as explained in the previous section, the most influential
parameters belong to the cement composition and the mixture proportion. Among these
parameters, cement content and water content, which is not reported, have a similar effect and
strongly and almost linearly influence the expansion as illustrated in Fig. 13 a). Indeed a difference
in SHAP values of around 0.05% is almost systematically observed between mixes with cement
contents around 100 kg/m® and mixes with more than 500 kg / m® of cement. Similarly, as
illustrated in Fig. 13 b), SHAP values increase around 0.1% when CsA content increases from
around 0% to 8%, meaning that higher expansions are associated to CsA contents of around 8% as
compared to smaller to CsA contents. However, higher C3A contents (<8%) have a smaller
influence on SHAP value (around 0%). Even though this result might be due to the relatively small
number of high-CsA content cements in the database, this could also be explained by the fact that
other factors predominate in the expansion phenomenon of these specific concretes.

Mixtures characteristics such as the 28-day compressive strength and the aggregate-to-cement
ratios clearly influence the expansion values. As illustrated in Fig. 13 c), the SHAP values
associated with high 28-day compressive strength values decrease. In the same way, increasing the
A/C ratio reduces the predicted expansion, especially when the A/C ratio increases from around 1-
2 to 4-5.

Accelerated test conditions such as sulfate solution concentration and geometrical properties
of the samples can be analyzed thoroughly. As illustrated in Fig. 13 e), increasing sulfate
concentration values, in the range of 0% to 15%, generate more expansion. However, sulfate
concentrations around 20% might not accelerate the degradation. Similarly, when the surface-to-
perimeter ratio of the specimens increases from around 0.5 to 1.7, SHAP values decrease, which

means that the samples are less prone to sulfate expansion.

The partial substitution of cement by SCM can also be analyzed though more data would be
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502 welcome. As illustrated in Fig. 13 g), cement replacement by slag generally leads to lower
503 expansions, especially for replacement rates higher than 30-40% [17,85]. In the same way, cement
504 replacement by calcined clay usually decreases expansions, although 30% replacement rates might
505 not always have positive effects.
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4.5.3. Local interpretation

The local SHAP analysis of four typical mortar and concrete samples whose composition is
given in Table 4 are reported in Fig. 14. With a fixed base value of 0.069%, the final prediction
for expansion, displayed atop each graph, is the counteracting result of SHAP values of different

features.

According to the SHAP analysis of the results concerning mortar samples (Fig. 14 a and b),
the amount of cement has a negative impact on the expansion results. Thus, mortar samples made
with cement containing 5.8 % of C3A can have more expansion than mortar samples made with
7.6 % of CsA. This indicates that the C3A content can represent a limit between SR and NSR
cement. However, above this limit there is no proportionality between expansion and C3A content
[86]. Moreover, other parameters can compensate the poor performance of a given cement such as
the low cement content, a relatively high aggregate-to-cement ratio or a moderate water-to-binder
ratio, as in sample SR-M (Fig 14 b).

The SHAP local analysis also gives consistent and valuable indications for NSR-C and SR-C
concrete specimens qualification, as illustrated in Fig. 14 c) and d) resp. The CsA content of the
clinker part is the parameter that has the most negative impact on the expansion for NSR-C. The
concrete samples made with cement containing an important proportion of CsA must present assets
to offset the great reactivity of the cement to sulfate ions. It can be a lower cement content or a low
wi/b ratio. Here it is not the case for the NSR-C concrete, as the high cement content and w/b ratio
have, associated with a low aggregate-to-cement ratio, favor expansion. Conversely, in SR-C

sample, the formulation of concrete, the cement composition and the conditions of exposure
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532 decrease the expansion due to the reaction to sulfate. Those parameters compensate for the slightly
533 negative effect of the 2% CsA content.
534
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535 Fig 14. Local interpretation of mortar and concrete samples expansion due to external sulfate attack: a)
536  non sulfate resistant mortar (NSR-M), b) sulfate resistant mortar (SR-M), c) non sulfate resistant concrete
537 (NSR-C), d) sulfate resistant concrete (SR-C).
538
539 Table 6. Comparison of measured and predicted expansions of typical test samples.
Ref NSR-M [63] SR-M [87] NSR-C [54] SR-C [8]
Time (days) 576 361 225 1521
Measured expansion
(%) 0.360 0.029 0.369 0.022
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Predicted expansion
(%) 0.306 0.020 0.235 0.033

540

541 4.6. Prediction of time to reach specific expansions

542 The time to reach 0.2% expansion of the test specimens has been calculated following the
543 methodology that has been aforementioned. The results are represented in Fig. 15. It can be
544 observed in this figure that among the 68 samples, 43 were correctly predicted to not reach 0.2%
545 expansion (points with x and y values equal to 1000 days on the top right), 18 samples showing an
546 extension have been very well predicted (bottom-left part of the graph), while 7 samples, i.e. 10%,
547 expansion time have been incorrectly predicted (6 samples have been underestimated and 1
548 samples have been overestimated). In total, in 84% of the cases, the prediction and measured time
549 differed less than 100 days. The R2? and correlation values between the predicted and
550 experimentally measured expansion time reached 0.64 and 0.80 resp., and the regression line and
551 95% confidence interval reported on the graph can be used to practically infer the time ti reach a
552 specific expansion. Therefore, it can be concluded that, even though some improvements may be
553 needed to precisely predict the time to reach a given expansion, the optimized Ensemble Machine
554 Learning models can be advantageously employed to estimate the degradation time of mortar and
555 concrete specimens subjected to accelerated external sulfate attack degradation tests and can help

556 select non-expansive formulations.

1000
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400 1

200 ~

200 400 600 800 1000
557 Measured day

558 Fig 15. Comparison of XGB predicted and measured time needed to reach a 0.2% expansion with
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559 regression line and 95% confidence interval (1000d values are attributed to specimens not reaching the
560 0.2% expansion threshold)

561 5. Conclusions and perspectives

562 This study investigated the potential of machine learning models to predict the expansion of
563 cementitious materials incorporating supplementary cementitious materials (SCM) subjected to
564 external sulfate attack (ESA) degradation. For the first time, a comprehensive database
565 documenting the expansion of mortar and concrete specimens has been built. Various types of
566 inputs have been considered: cement composition, mixture proportions, sulfate solution
567 characteristics, and geometrical features of the samples. Several techniques have been developed
568 to fill in the missing values, such as using an XGB model to infer the missing 28-day compressive
569 strengths. Then four machine learning (ML) models of ascending intricacy were used to predict
570 the temporal evolution of expansion. The machine learning models have been optimized using the
571 Tree-structured Parzen Estimator algorithm. Next, Shapley Additives Explanations (SHAP) were
572 then used to interpret the machine learning models’ performances, and the time to reach specific
573 expansion were calculated using the test predictions. The results were discussed and compared to
574 the literature, demonstrating the ability of ensemble ML models to predict ESA-induced

575 expansion. The following main conclusions can be drawn:

576 - ML models can be applied to predict ESA-induced expansion thanks to a comprehensive
577 database gathering from the literature 336 conventional, binary and ternary mortar and
578 concrete sample expansions with 20 parameters. Expansion values have been interpolated,
579 and values higher than 0.5% have been filtered out to finally generate a database
580 containing 5294 expansion values at different times.

581 - Two ensemble machine learning models, Light Gradient Boosting (LGBM) and Extreme
582 Gradient Boosting (XGB), were trained on the completed database using a 5-fold CV
583 procedure after using a train-test split on samples, and outperformed the other two models
584 under investigation. The best optimized XGB model achieved a good Rz accuracy of 0.933
585 and 0.788 on the training and the test set resp. Its universality has been validated on
586 unknown data.

587 - The most influential parameters were the cation type in the sulfate solution, the water and
588 cement contents in the mixture, the CsA amount within the cement, the 28-day
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compressive strength (which serves as a porosity indicator), the sulfate solution
concentration, and the aggregate-to-cement ratio. The clinker composition, the mix
proportion, the geometry of the sample, and the quantity of sulfate solution contributed

34%, 36%, 3%, and 27%, respectively, demonstrating the complex nature of ESA.

- Anin-depth analysis of some predicted expansions from specimens in the test set ensured
the consistency of the model and helped quantify the impact of the input parameters in

these specific cases.

- Time to reach specific expansions due to ESA can be estimated using ML models. In 84%
of the cases, the predicted and measured time for specimens from the test set to reach a

0.2% expansion differed less than 100 days.

The study might open up new research paths related to the design of cementitious materials
with SCM that can resist the external sulfate attack. Moreover, this model could help develop more
efficient accelerated tests to assess the sulfate resistance of cementitious materials quickly. Such
advanced models might be of interest in the future regarding highly durable eco-friendly

cementitious materials development.
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Highlights

A database of concrete expansion under external sulfate attack is built

Ensemble Machine learning models predict the expansion due to the external
sulfate attack

XGBoost is the most precise ensemble model for sulfate attack expansion
prediction

Inputs importance and relative influence can be assessed by SHAP

Time to reach a given expansion can be inferred by the models
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