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A B S T R A C T   

Drying shrinkage of alkali-activated binders are recognized as one of the most important properties towards 
quality assurance of the binders. In this study, results of experimental studies and predictive models developed to 
determine the drying shrinkage of alkali - activated blast furnace-fly ash mortars are presented and discussed. 
Different parameters were altered in the experimental study such as the content of GGBFS, FA, activator modulus 
(Ms), and curing temperature. Their effects on the drying shrinkage of the mortars were then evaluated. Artificial 
neural network (ANN) and Multiple Linear Regression (MLR) models were built to predict the drying shrinkage 
at 28 days using the above-mentioned parameters as inputs. The experimental results and ANN model predictions 
showed strong correlations. The prediction of 28-days drying shrinkage for the alkali-activated GGBFS-FA was 
more accurate using ANN than MLR.   

1. Introduction 

The drying shrinkage of alkali-activated binders (AABs) is quite 
different compared to Portland cement-based materials due to differ-
ences in the reaction mechanisms. AABs are more sensitive to loss of 
moisture and it has been estimated that AABs typically shrinks about 3–6 
times more than Portland cement-based binders [1–5]. For example, in 
waterglass-activated slag, 80% of its pore structure are mesopores (1.25 
nm–25 nm) compared with 36.4% mesopores in Portland cement [6]. 
This absorbs higher capillary stress in the binder and subsequently 
greater shrinkage during curing [7]. Other propositions have been 
published on the factors that causes drying shrinkage of AABs and how 
to mitigate it. These factors are either external or internal such as pre-
cursors used, water content, type of alkali activator, and curing condi-
tions [4,6,8,9]. The most common precursors used in the development of 
AABs are blast furnace slag (BFS) and fly ash (FA) and more recently 
mineral wools and fayalite slags [10–13]. 

Blending FA with BFS during alkali activation has shown to have an 
influence on the drying shrinkage of AABs. Chi et al. [14] studied the 
effect of FA addition with BFS on the mortar drying shrinkage. They 
reported significant influence of FA addition on drying shrinkage 
reduction of the mortar. Marjanovic et al. [15] achieved similar values 

of shrinkage for AABs and OPC mortars, when 25% of BFS was replaced 
with FA and cured at 95 ◦C for 24 h. However, they reported a significant 
increment in shrinkage when the same mortars were cured at 20 ◦C. 
Previous studies [16–18], have shown that AAB shrinkage is reduced 
when cured at elevated temperature, due to the rapid formation of 
C-A-S-H at elevated temperature [19]. Similar observations with AABs 
have been reported in the literatures [1,17,20]. Deb et al. [21] also 
examined the effects of increasing slag content and activator ratio on 
shrinkage properties of AAB. They reported that by substituting slag 
with 10–15 wt% of FA and reducing the sodium silicate to sodium hy-
droxide ratio from 2.5 to 1.5, the drying shrinkage of AAB is reduced 
even when cured at room temperature. Hanjitsuwan et al. [22] inves-
tigated the effect of FGD-gypsum and dolomite as expansive additive to 
reduce the drying shrinkage of alkali-activated high-calcium FA-based 
binders. It was reported that by substituting FA with 2.5–10 wt% of 
FGD-gypsum and dolomite additives, the drying shrinkage of AABs was 
significantly improved. 

The effect of alkali activator modulus (Ms) within the range of 0–1.6 
on drying shrinkage of AAB was studied by Aydin and Baradan [23]. 
They reported increments in drying shrinkage with increasing activator 
modulus in the mortars, with AAB mortar/Ms = 0 having the lowest 
shrinkage value which is like the OPC reference. This observation is also 
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consistent with the results reported by Duran Atis et al. [4]. 
Due to the complexity of the influence of these aforementioned 

factors on the shrinkage properties of AABs, there is a need for an 
effective tool that can be used to predict the drying shrinkage of AABs 
using these factors as input into the system. Several parametric and non- 
parametric models have been developed to predict the shrinkage of 
Portland cement-based materials. These parametric models were 
developed based on some specific properties such as compressive 
strength, relative humidity, temperature and density and they include 
ACI-209R-82 model, B3 model, CEB-FIB model code, GL-2000 model, 
Eurocode 2 model and Brazilian NBR 6118 model [24]. 

From all indications, the shrinkage behavior of alkali -activated slag, 
alkali-activated fly ash and alkali-activated slag/fly ash blend can show 
more complexity than Portland cement-based materials and therefore 
needs an appropriate method to predict their long-term drying shrinkage 
properties. In recent years, the use of non-parametric models to predict 
drying shrinkage of concrete has gained momentum. This includes the 
use of artificial intelligence and machine learning based algorithms such 
as artificial neural network (ANN) to predict the drying shrinkage 
properties of concrete [25]. Research focused solely on the prediction of 
long-term drying shrinkage of alkali-activated materials is relatively 
scarce. 

The use of ANN in predicting AAB properties is becoming popular 
because of its flexibility and adaptability in generalizing the different 
input and output data [19]. ANN model has been used to predict the 
major AAB properties in literature and their prediction performances are 
satisfactory [20]. 

In this study, we developed an ANN-based mathematical model to 
predict 28-days drying shrinkage of slag-fly ash based AAB. Drying 
shrinkage values at 28-day were selected since most drying shrinkage 
occur during this early curing duration. The input parameters were 
values of FA, BFS, alkali activator modulus (Ms) and curing temperature. 
Using ANN models will help in reducing waiting time for experimental 
determination of important AAB properties. The values of major inde-
pendent parameters influencing AAB property can be used directly in an 
ANN model to predict such property. However, they are not in the form 
of a tractable mathematical model and hence difficult to implement. The 
ANN-based mathematical model developed in this study is user friendly 
and easy to use, even for practitioners with little or no modelling and 
computational skills. In addition, multilinear regression (MLR), widely 
used in the field of engineering was used for establishing a relationship 
between the variables and compared with ANN. 

2. Materials and methods 

Fly ash (FA) and blast furnace slag (Finnsementti, Finland) were used 
as the binder in the mortar. Sodium silicate (Na2SiO3) and sodium hy-
droxide pellets (NaOH) were used as alkali activators. Sodium silicate 
solution (BETOL 50T) used contains 31.8% of SiO2, 12.7% of Na2O and 
55.5% of H2O. The chemical and physical properties of the precursors 
used is shown in Table 1. The activator mixes of NaOH and Na2SiO3 with 
modulus range of Ms = 1–2.5 were prepared at least a day before the 
sample were prepared. Also, Ms = 0 was prepared using just NaOH. 
Standard sand with size ranging from 0 to 2 mm was used as aggregate in 
the mortar. The median particle sizes (d50) of BFS and FA used is 10.8 μm 
and 10.4 μm respectively. 

2.1. Mixture preparation 

Thirty (30) mortar mixtures at different curing regime as shown in 
Table 2 were prepared using a water-to-binder ratio of 0.40 and sand-to- 
binder ratio of 3. The solid content of the activators was calculated as 
binder. These mixture compositions were partly based on common 
recipes used for BFS and FA alkali activation in literatures [18,26,27]. 
The mixing of the recipes were done conforming to EN 196-1 [28], using 
40 × 40 × 160 mm moulds. All the mortars after mixing were cast and 
cured in sealed bags at 23 ◦C and 60 ◦C for 24 h and demolded thereafter. 
For shrinkage measurements, the mortars after 24 h of curing were 
placed in the humidity room at 50% ± 5 relative humidity and 20 ± 3 ◦C. 
The first length reading (L0) was taken immediately after demolding (24 
h after casting) and the final length reading (L28) at 28 days using a 
length comparator. The length changes due to drying shrinkage (L, %) 
was calculated as shown in Eq. (1): 

L=
L0 − L28

Li
× 100 (1)  

where Li = effective initial length. 
For study purpose, strength test was done for similar mortars at 28 

days using Zwick testing machine with a maximum load of 100 kN and 
2.4 kN/s used. 

Table 1 
Chemical composition in wt.% of BFS and FA shown as oxides.  

Oxides (%) CaO Al2O3 SiO2 MgO Fe2O3 Na2O K2O SO3 Others LOI*950 ◦C 

GGBFS 38.5 9.5 32.3 10.2 1.23 0.5 0.5 4.0 3.3 − 1.3 
FA 42.6 10.1 33.4 2.0 5.5 0.8 1.2 1.9 2.5 2.9 

*Loss on ignition. 

Table 2 
Mix compositions and curing condition for the mortar mixtures.  

Mix 
ID 

FA 
(%) 

BFS 
(%) 

Ms 
(SiO2/Na2O)* 

Curing 
T◦/C 

UCS 
(MPa) 

Drying 
shrinkage (%) 

M1 0 100 0 23 24 0.04 
M2 20 80 0 23 21 0.01 
M3 40 60 0 23 19 0.00 
M4 0 100 1 23 89 1.20 
M5 20 80 1 23 85 0.95 
M6 40 60 1 23 75 1.05 
M7 0 100 1.5 23 92 0.45 
M8 20 80 1.5 23 78 0.47 
M9 40 60 1.5 23 72 0.48 
M10 0 100 2 23 85 0.74 
M11 20 80 2 23 80 0.73 
M12 40 60 2 23 71 0.49 
M13 0 100 2.5 23 1 0.51 
M14 20 80 2.5 23 1 0.75 
M15 40 60 2.5 23 2 0.72 
M16 0 100 0 60 25 0.03 
M17 20 80 0 60 14 0.03 
M18 40 60 0 60 10 0.03 
M19 0 100 1 60 77 1.13 
M20 20 80 1 60 76 0.55 
M21 40 60 1 60 63 0.62 
M22 0 100 1.5 60 103 0.04 
M23 20 80 1.5 60 91 0.11 
M24 40 60 1.5 60 70 0.13 
M25 0 100 2 60 90 0.17 
M26 20 80 2 60 82 0.21 
M27 40 60 2 60 74 0.20 
M28 0 100 2.5 60 60 0.17 
M29 20 80 2.5 60 5 0.04 
M30 40 60 2.5 60 6 0.02 

*Modulus of the alkali solution. 
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3. Model development 

3.1. Brief about artificial neural networks (ANN) 

ANN is one of the most widely used statistical models in determining 
the relationship between input-output via a series of interconnected data 
structures with several neurons having the capacity to undertake large 
computations for data processing and information representation [29, 
30]. ANN model could be trained to predict the desired output from the 
given input. ANN belongs to the class of artificial intelligence which 
mirrors the mode of operation of human brain [31]. Just like the human 
brain, ANN consist of series of interconnected neurons which are ar-
ranged in layers. The ability of ANN structures to process the given in-
formation lies on the weights connecting the neurons [32]. The ANN 
structure can either be feed-forward or recurrent network, but 
feed-forward network is the most used for solving different problems in 
engineering and it is also adopted in this study. A typical feed-forward 
neural network will consist of an input and an output layers with at 
least one hidden layer as in the case of multilayer perceptron feedfor-
ward neural network [32,33]. However, the neurons in the same layer 
can never be connected but they can connect with those in the other 
layer. In addition, the output of each layer will be made to pass through 
the transfer function which ensure that the input into the layer is 
compatible with the targeted output. The transfer function could be 
linear or nonlinear [34]. The nonlinear type is commonly used at the 
hidden layer while the linear is commonly used at the output layer. The 
training of the ANN structure is also paramount. This requires enough 
quantity of datasets and training algorithm. However, there is no direct 
rule to determine the number of datasets required to perform ANN 
simulation as in literature, just nine datasets have been used while some 
have used more than 100 datasets [35]). A fundamental requirement in 
ANN is data training, which is achieved by processing many input pat-
terns and the corresponding output. ANN interprets the information of 
the data and transforms them into hidden layers. The hidden neurons are 
used to calculate weights at the hidden layer(s), and they are transmitted 
from the neurons in the input layer via the transfer function. The output 
layer then processes the prediction of the targeted output(s). Eq. (2) can 
be used to summarize the entire processes within an ANN architecture: 

Θ= fsig

{

bo +
∑n

j=1

[

wj × fsig

(

bhj +
∑m

i=1
wijδi

)]}

(2)  

where Θ is the output (dependent) variable; bo is the bias in the output 
layer; n is the number of neurons in the hidden layer; j denotes a specific 
neuron in the hidden layer; wj is the weight of connection between the 
j-th of the hidden layer and the single output neuron; bhj is the bias in the 
j-th neuron of the hidden layer; wij is the weight of connection between 
the i-th input parameter and the hidden layer; δi is the input (indepen-
dent) variable i; and fsig is the nonlinear transfer functions. 

3.2. ANN model for the prediction of drying shrinkage 

The backpropagation training algorithm has been adjudged suitable 
for engineering problems and it is adopted in this study [33]. A total of 
30 experimental datasets conducted in this study as shown in Table 2 
was used for developing ANN model for the prediction of drying 
shrinkage. The ANN model was performed in MATLAB environment 
using its embedded neural network toolbox. The input and output var-
iables have been normalized between − 1 and 1 using Eq. (3) to elimi-
nate the over-fitting of the trained network. 

Xnorm =
(Xmax − Xmin)(Yi − Ymin)

Ymax − Ymin
+ Xmin (3)  

where Xnorm is the normalized parameter; Xmax is the maximum value of 
the scaling range; Xmin is the minimum value of the scaling range; Yi is 

the actual data to be scaled; Ymin and Ymax are the minimum and 
maximum values of the actual data, respectively. 

In this study, the ANN architecture uses one hidden layer. As can be 
observed in Fig. 1, a three-layer network is adopted in this study. Layer 1 
is the input layer with four neurons, Layer 2 is the hidden layer with 
seven neurons and Layer 3 is the output layer for estimating drying 
shrinkage with one neuron. A non-linear transfer function was used for 
both the input layer and the output layer. Drying shrinkage of AAB 
mortars are generally affected by the binder used, curing temperature, 
age and the modulus of the alkali solutions used [36]. Hence, these 
factors were taken as the input parameter for the ANN modelling as 
shown in the ANN architecture for the proposed model in Fig. 1. 

Fig. 2 presents the regression plots of the proposed ANN model. It can 
be observed from the figure that the R values used to train, validate, and 
test the model are above 0.99 and can be approximated to unity, rep-
resenting 100%. 

To enable the easy application of the proposed ANN model for the 
predictions of drying shrinkage, the proposed ANN model was trans-
formed into mathematical model through the weights and biases based 
on the ANN general equation presented in Eq. (2): 

Shrinkage= 0.6003 tanh

[
∑n

i=1
(yi

)

− 3.1527

]

+ 0.6038 (4)  

y1 = − 2.75105 tanh(0.0065FA+ 0.00248BFs+ 1.8537Ms  − 0.0206CT

− 4.80396)

y2 = − 6.4808tanh(0.05587FA+  0.056796BFs  − 1.6617Ms − 0.0195CT

− 18.54796)

y3 = 1.01166 tanh( − 0.0056FA+ 0.0106BFs  − 0.1432Ms+ 0.1394CT

− 8.9785)

y4 = − 3.3432tanh(0.0097FA+ 0.01258BFs+ 2.6629Ms+ 0.1887CT

− 17.0681)

y5 = − 1.7717 tanh(0.0647FA+ 0.0277BFs+  2.9179Ms+ 0.0035CT

− 13.8675)

y6 = − 0.3383 tanh(0.0224FA+  0.0095BFs − 0.4267Ms+  0.1242CT

− 10.4422)

y7 = − 0.5539 tanh( − 0.0319FA+  0.0153BFs+  1.1921Ms+ 0.1139CT

− 11.4628)

Note: In Eq. (4) and its associated equations, FA represents fly ash, 
BFs denotes BF slag, Ms represents SiO2/Na2O and CT denotes curing 
temperature. The ANN model presented in Eq. (4) can be used to 
calculate drying shrinkage in any of the commonly available statistical 
software such as Excel and MATLAB etc. To validate that the estimates of 
drying shrinkage using Eq. (4) is correct, Fig. 3 plots the estimates of 
drying shrinkage obtained from Eq. (4) and those directly obtained from 
ANN. It can be observed that the proposed ANN model in Eq. (4) produce 
consistent results with actual ANN output. 

3.3. Multilinear regression (MLR) 

Multiple linear regression (MLR) is a regression method for estab-
lishing a relationship between the dependent and more than one inde-
pendent variable [33]. MLR technique has been widely used in different 
engineering fields to solve different types of problems. MLR is based on 
the principle of minimizing the sum of the squares of the difference 
between the dependent and independent variables. Mathematically, the 
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Fig. 1. ANN architecture used for the prediction of drying shrinkage.  

Fig. 2. Regression graphs for the ANN model for drying shrinkage: (a) training dataset; (b) validation dataset; (c) testing dataset; (d) overall dataset.  
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general form of MLR model is represented as: 

Y = c0 + c1X1 + c2X2 + … + cnXn + β (5) 

In Eq. (5), Y is the dependent variable, c0 is the intercept, c1 to cn are 
the coefficients associated with independent variables, X1 to Xn are the 
independent variables, β is the error associated with the predictor. 

The multilinear regression model has been used in various fields of 
engineering to establish linear relationships among variables [31]. used 
MLR model to validate results of gross calorific value of solid fuels 
predicted by soft computing techniques. Aladejare et al. [33] developed 
MLR model to compare and validate the results of Brazilian tensile 
strength estimated though ANN model. Therefore, this study developed 
MLR model for comparison with the ANN-based model. Like ANN-based 
model, the MLR model has four independent variables. The same 
number of datasets used in developing the ANN-based model was also 
used in the MLR model. Excel software was used to perform the MLR 
analysis and the resulting MLR model is as presented in Eq. (6) 

Shrinkage= 14.0536 − 0.0364FA − 0.0359BFs + 0.3839Ms − 0.0092CT
(6) 

Eq. (6) indicates that the higher the fly ash, BF slag and curing 
temperature, the lower the shrinkage. Among the four independent 
variables, only Ms increases with increasing shrinkage. 

4. Performance analysis 

Performance analysis involves comparing estimated drying 
shrinkage values with the measured drying shrinkage values obtained 
through laboratory experiments. Four performance indicators are used 
in this study to evaluate the prediction performance of the empirical 
equations. Mean absolute error (MAE), root mean squared error (RMSE), 
variance accounted for (VAF) and R2 statistics are adopted as indicators 
to assess drying shrinkage prediction. MAE measures the errors between 
estimates from two different estimations methods. 

MAE=
1
nt

∑nt

i=1
|θi  test − θi  est| (7)  

where nt is the number of data used in the analysis; θi  test and θi  est are 
the drying shrinkage values obtained from laboratory experiments and 
model estimation, respectively. 

RMSE is a measure of accuracy, to compare errors of different models 
for dataset [37]. It measures the deviation of estimated values from the 
measured values. RMSE is calculated as: 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
nt

∑nt

i=1
(θi  test − θi  est)

2

√

(8) 

Generally, RMSE is always non-negative, and a value of 0 would 
indicate a perfect fit of a model to the data. 

VAF measures the preciseness of prediction method, and the method 
with high VAF denotes high prediction performance for a given dataset 
[38]. VAF is calculated as follows: 

VAF=

(

1 −
Var(θtest − θest)

Var(θtest)

)

× 100 (9)  

where Var denotes variance estimated from a data set. The VAF method 
is often used to verify the correctness of a model, by comparing the 
observed or measured values with the predicted or estimated values of 
the model. 

The lower the values of MAE and RMSE, the higher the prediction 
performance of estimation model and vice versa. On the contrary, the 
higher the R2 and VAF values, the higher the prediction performance of 
estimation model. Note that R2 is normally obtained from the plot of 
measured and estimated data of a property. MAE and RMSE seek to 
measure the error inherent in the estimation of a parameter, while R2 

and VAF seek to measure the similarity or closeness between the pre-
dicted and measured values of the same parameters. 

5. Results and discussion 

5.1. Effect of input parameters on strength 

As expected, the activator modulus has a significant influence on the 
strength development at 28 days for all the mortar samples as shown in 
Fig. 4 (please refer to Table 2 for indexes). In all the mortars analysed 
irrespective of the curing conditions and activator modulus, sole alkali- 
activated GGBFS exhibited the highest strength when compared with 
binders containing both GGBFS and FA. This may be attributed to the 
glassy structure of GGBFS towards dissolution and formation of retrac-
tion products. Fly ash on the other hand is majorly crystalline and also 
requires elevated temperature to enhance the reaction kinetics. Similar 
observations have been reported in previous publications. Meanwhile, 
with a compressive strength of approximately 1 MPa, mortars (M13- 
M15) activated with alkali solutions Ms = 2.5 and cured at room tem-
perature, exhibited the lowest strength at 28 days. are the mortars. 
However, their strength (M28-M30) increased when cured at 60 ◦C, 
especially for M28 having a significant increase at 60 MPa. 

5.2. Effect of input parameters on shrinkage 

The length change due to drying shrinkage for all specimens was 
significantly influenced by the different parameters used. Mainly, 
moisture loss and pores distribution in the matrix plays major roles on 
drying shrinkage values. From Fig. 4 mortars cured at elevated tem-
perature had considerably lower shrinkage values than room tempera-
ture cured mortars. The high temperature effect presumably caused the 
formation of denser microstructure of the reaction product (i.e. calcium- 
aluminate-silicate-hydrate) resulting in minimal tensile strains from the 
evaporation of the pore water during curing and producing lower 
shrinkage values [6,24,39]. Alkali-activated slags are known to produce 
higher drying shrinkage values due to their coarser pore size distribution 
of the binder [6]. Meanwhile alkali-activated mortars (M4, M5) had the 
highest shrinkage value, which was slightly reduced with addition of FA 
in the mix. These results are consistent with earlier reported studies [15, 
24,40]. They all reported reduced drying shrinkage values when 
alkali-activated BFS/FA blends are cured at elevated temperature, 
attributed to the formation of denser and less porous reaction products 
[18]. 

In addition, the activator modulus plays an influential factor in the 

Fig. 3. Comparison of the results from the proposed ANN-based model with the 
output directly estimated from ANN. 
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shrinkage values in Fig. 4, mortars (M1-M3) and (M16-M18) with alkali 
modulus Ms = 0, showed low drying shrinkage values. An increased in 
the sodium concentration in the modulus (SiO2/Na2O) from 2.5 to 1 
tends to increase the drying shrinkage in some of the mortars. Similar 
findings have been observed elsewhere [4,41]. 

5.3. Model comparison 

Fig. 5 shows the plots of measured drying shrinkage with predicted 
drying shrinkage for ANN-based model and MLR model. Comparing the 
figures in Fig. 5, the proposed ANN-based model has the stronger cor-
relation coefficients with the measured drying shrinkage than the MLR 
model. With R2 of almost 1.0, the predictions from the proposed ANN- 
based model are closer to the measured drying shrinkage in more than 
99% of data. It can be observed from the two plots in Fig. 5 that the 
predictions obtained from the proposed ANN-based model are closer to 
the measured drying shrinkage, as indicated by the linear regression line 
in Fig. 5(a). Also, from the same figure (i.e. (Fig. 5(b)), it is evident that 
there are wide disparities between most predicted drying shrinkage 
values from MLR model and those obtained during laboratory experi-
ments. In Fig. 5(b), the data points are scattered away from the linear 
regression line. This shows that the estimation presented in Fig. 5(a) are 
more confident and reliable than those in Fig. 5(b). Therefore, the ANN- 
based model, given in Eq. (4) can give better predictions than the other 
MLR model, given in Eq. (6). The ANN model not only give a better 
prediction than MLR model, but its predictions are also 99.8% close to 
the measured drying shrinkage, unlike MLR model with about 77.9% 
closeness or similarity. 

To further validate the performances of the proposed ANN-based 
model, performance analysis was conducted to compare the reliability 
of its performance with that of MLR as presented in the next subsection. 

5.4. Performance analysis of proposed models 

The outcome of the performance analysis of the proposed ANN and 
MLR models on the prediction of drying shrinkage values is presented in 
Table 3. The performance indicators used for the comparison are the 
MAE, RMSE, R2, and VAF. The MAE of 0.0079, RMSE of 0.0157, R2 of 
0.9984, and VAF of 99.8282 were obtained for the ANN model while for 
the MLR model, MAE of 0.1528, RMSE of 0.1749, R2 of 0.7793, and VAF 
of 77.9281 were obtained. From the performance evaluation, the ANN 
model has the lower errors and higher precision, indicating that the ANN 

Fig. 4. Compressive strength and drying shrinkage of alkali-activated blast furnace slag/fly ash mortars at 28 days of curing.  

Fig. 5. Comparison of the measured drying shrinkage with predicted drying 
shrinkage for (a) ANN-based model and (b) MLR model. 
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model is a better model for the prediction of drying shrinkage compared 
to the MLR model. The relatively lower performances observed in the 
MLR model may be because of its inability to fully depicts and considers 
the uncertainties in the input dataset. Note that the experimental 
determination of the AAB properties used as input in the development of 
the models involved uncertainties which may include measurement er-
rors and statistical uncertainty. The uncertainties will propagate thought 
the model and hence the reduced performance of the MLR model. 
However, the training algorithm of the ANN model consider the un-
certainties inherent in the input data, hence the better performances of 
the ANN model. The MLR model slightly overestimated the predicted 
drying shrinkage compared to the measured drying shrinkage. There-
fore, while both the ANN and MLR models can be used to estimate 
drying shrinkage of AAB mortars, the ANN model estimated drying 
shrinkage that are closer to the measured drying shrinkage. 

In general, prediction of alkali-activated blast furnace slag and fly 
ash could be predicted using ANN which shows better prediction than 
MLR. Hence, it can be reasonably stated that the ANN algorithms is a 
promising artificial intelligence tool for the prediction of alkali- 
activated slag and fly ash mortars using varying input parameters. 
Potentially, the utilization of this predictive model will save the rigorous 
conducting of loads of experiments and can also give an indicative 
property of the mortars before production. 

6. Conclusion 

In this current study, predictive models such as ANN and MLR were 
developed and tested to predict the drying shrinkage of alkali-activated 
GBFS-FA mortars. Four quantitative parameters such as activator 
modulus, FA and GGBFS content, and curing temperature were used as 
input for the models. In previous published literatures and in this study, 
the experimental results showed that these parameters greatly influ-
enced the drying shrinkage which should be considered when designing 
the mixes in future studies or applications. In addition, samples acti-
vated with just NaOH (M1-M3) and (M16-M18) had the lowest 
shrinkage values but as shown from strength results does have lower 
dissolution of the precursors. In comparison, samples activated with 
activator modulus (Ms = 1) exhibited highest shrinkage values but 
better strength values. It can be inferred that the higher the dissolution 
of the slag/fly ash the susceptible they are to shrinkage. 

These mixes were then analysed, trained, and validated using ANN 
model to predict the drying shrinkage of the mortars and compared with 
MLR. Both models performed well in predicting the drying shrinkage, 
however ANN (MAE = 0.0079, RMSE = 0.0157, R2 = 0.9984 and VAF =
99.8282) showed stronger correlation with laboratory-measured results. 
The ANN model can be used to predict drying shrinkage of alkali- 
activated mortars when data of the necessary input parameters are 
available. This will help to overcome the difficulty of obtaining drying 
shrinkage values of alkali-activated binders, which often require 
rigorous sample preparations and time-consuming laboratory 
procedure. 

In addition, understanding the effects of these parameters can help in 
optimizing the mixes for civil engineering applications and the reported 
models in this study can be used as a model in engineering applications 
to reduce time wastage in performing several trials. 
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Characterization of Rocks from Otanmäki, 2020. Finland, OnePetro, https://one 
petro.org/ARMAUSRMS/proceedings/ARMA20/All-ARMA20/ARMA-2020-14 
52/447585. (Accessed 6 April 2021). accessed. 

[34] A.E. Aladejare, M. Onifade, A.I. Lawal, Application of metaheuristic based artificial 
neural network and multilinear regression for the prediction of higher heating 
values of fuels, Int. J. Coal Prepar. Utiliz. (2020). https://www.tandfonline.com/ 
doi/full/10.1080/19392699.2020.1768080. (Accessed 6 April 2021). accessed. 

[35] A.I. Lawal, S. Kwon, O.S. Hammed, M.A. Idris, Blast-induced ground vibration 
prediction in granite quarries: an application of gene expression programming, 
ANFIS, and sine cosine algorithm optimized ANN, Int. J. Mining Sci. Technol. 31 
(2021) 265–277, https://doi.org/10.1016/j.ijmst.2021.01.007. 

[36] C. Ridtirud, P. Chindaprasirt, K. Pimraksa, Factors affecting the shrinkage of fly ash 
geopolymers, Int. J. Miner. Metall. Mater. 18 (2011) 100–104, https://doi.org/ 
10.1007/s12613-011-0407-z. 

[37] R.J. Hyndman, A.B. Koehler, Another look at measures of forecast accuracy, Int. J. 
Forecast. 22 (2006) 679–688, https://doi.org/10.1016/j.ijforecast.2006.03.001. 

[38] M. Bahaaddini, E. Hosseinpour Moghadam, Evaluation of empirical approaches in 
estimating the deformation modulus of rock masses, Bull. Eng. Geol. Environ. 78 
(2019) 3493–3507, https://doi.org/10.1007/s10064-018-1347-x. 

[39] T. Bakharev, J.G. Sanjayan, Y.-B. Cheng, Effect of admixtures on properties of 
alkali-activated slag concrete, Cement Concr. Res. 30 (2000) 1367–1374, https:// 
doi.org/10.1016/S0008-8846(00)00349-5. 

[40] X. Yao, T. Yang, Z. Zhang, Compressive strength development and shrinkage of 
alkali-activated fly ash–slag blends associated with efflorescence, Mater. Struct. 49 
(2016) 2907–2918, https://doi.org/10.1617/s11527-015-0694-3. 

[41] Z. Jiao, Y. Wang, W. Zheng, W. Huang, Effect of dosage of alkaline activator on the 
properties of alkali-activated slag pastes, Adv. Mater. Sci. Eng. (2018), e8407380, 
https://doi.org/10.1155/2018/8407380, 2018. 

E. Adesanya et al.                                                                                                                                                                                                                              

https://doi.org/10.1016/j.cemconcomp.2020.103760
https://doi.org/10.1016/j.cemconcomp.2020.103760
https://doi.org/10.1016/j.compositesb.2013.10.001
https://doi.org/10.1016/j.compositesb.2013.10.001
http://refhub.elsevier.com/S0958-9465(21)00333-4/sref24
http://refhub.elsevier.com/S0958-9465(21)00333-4/sref24
http://refhub.elsevier.com/S0958-9465(21)00333-4/sref24
https://doi.org/10.3151/jact.6.135
https://doi.org/10.1016/j.conbuildmat.2019.05.043
https://doi.org/10.1016/j.wasman.2018.06.019
http://refhub.elsevier.com/S0958-9465(21)00333-4/sref28
https://doi.org/10.1016/j.ijrmms.2010.08.005
https://doi.org/10.1007/s40789-020-00346-9
https://doi.org/10.1007/s40789-020-00346-9
https://doi.org/10.1080/19392699.2019.1695605
https://doi.org/10.1080/19392699.2019.1695605
https://doi.org/10.1109/2.485891
https://onepetro.org/ARMAUSRMS/proceedings/ARMA20/All-ARMA20/ARMA-2020-1452/447585
https://onepetro.org/ARMAUSRMS/proceedings/ARMA20/All-ARMA20/ARMA-2020-1452/447585
https://onepetro.org/ARMAUSRMS/proceedings/ARMA20/All-ARMA20/ARMA-2020-1452/447585
https://www.tandfonline.com/doi/full/10.1080/19392699.2020.1768080
https://www.tandfonline.com/doi/full/10.1080/19392699.2020.1768080
https://doi.org/10.1016/j.ijmst.2021.01.007
https://doi.org/10.1007/s12613-011-0407-z
https://doi.org/10.1007/s12613-011-0407-z
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1007/s10064-018-1347-x
https://doi.org/10.1016/S0008-8846(00)00349-5
https://doi.org/10.1016/S0008-8846(00)00349-5
https://doi.org/10.1617/s11527-015-0694-3
https://doi.org/10.1155/2018/8407380

	Predicting shrinkage of alkali-activated blast furnace-fly ash mortars using artificial neural network (ANN)
	1 Introduction
	2 Materials and methods
	2.1 Mixture preparation

	3 Model development
	3.1 Brief about artificial neural networks (ANN)
	3.2 ANN model for the prediction of drying shrinkage
	3.3 Multilinear regression (MLR)

	4 Performance analysis
	5 Results and discussion
	5.1 Effect of input parameters on strength
	5.2 Effect of input parameters on shrinkage
	5.3 Model comparison
	5.4 Performance analysis of proposed models

	6 Conclusion
	Declaration of competing interest
	Acknowledgements
	References


