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Abstract 

Compressive strength and the related mechanical properties of concrete govern how a structure is designed, 

checked and maintained, yet they are still established mainly through destructive tests that take days to weeks. 

Machine learning (ML) offers a way of estimating these properties from mixture proportions, curing history 

and, increasingly, non-destructive test data. This review covers the prediction of compressive strength, flexural 

and splitting tensile strength and the modulus of elasticity across the recent studies reviewed. Thirty studies 

are compiled in a single table, grouped by the property predicted and covering material type, dataset size, 

inputs, model and reported accuracy. Four recent developments are examined: the second generation of 

boosted libraries, automated model selection, pre-trained tabular models that return a predictive distribution 

rather than a point estimate, and the first genuine reinforcement learning applications to mixture design. 

Compressive strength dominates the compiled evidence, while the modulus of elasticity and the tensile and 

flexural properties rest on far fewer studies and far smaller datasets, so their reported accuracies deserve 

more caution. The central finding is that the evaluation protocol now limits confidence in reported accuracies 

more than the choice of algorithm does. Duplicate records left in place inflate R² from roughly 0.60–0.71 to 

0.81–0.87, and the leading boosted ensembles differ by less than the spread across data splits. 

Keywords: Concrete; mechanical properties; compressive strength; machine learning; ensemble learning; 

explainable machine learning; evaluation protocol 

 

1. Introduction  

Concrete is used in larger volumes than any other 

manufactured material, and nearly every decision 

about its use depends on knowing how strong and 

stiff it is or will become. That knowledge comes 

from crushing cubes, cylinders and prisms, 

supported by empirical relations written into 

standards such as IS 456 (BIS, 2000). The 

procedures are reliable but slow: a 28-day result 

arrives four weeks after casting, each trial mixture 

consumes material and curing space, and the 

empirical relations lose accuracy for mixtures 

combining several binders with chemical 

admixtures (Nunez et al., 2021). Machine learning 

(ML) infers the relationship from data instead of 

prescribing it. Since Yeh’s work on high-

performance concrete (Yeh, 1998), the field has 

grown quickly, and seven reviews have appeared 

since 2020 (Ben Chaabene et al., 2020; Nunez et 

al., 2021; Li et al., 2022; Moein et al., 2023; Kumar 

et al., 2024; Li et al., 2025; Tipu and Paruthi, 2026). 

Table 1 sets those reviews side by side. Three 

predate the arrival of LightGBM and CatBoost in 

this literature and predate explainability as a 

routine expectation. The bibliometric survey of 

Kumar et al. (2024) maps 1005 publications 

indexed between 2010 and 2023, but counting 

papers is not the same as weighing their findings, 

and the two most recent each take one slice: 

durability (Li et al., 2025) and high-performance 

concrete (Tipu and Paruthi, 2026). Four things 

distinguish the present review. It covers the 

mechanical properties under one structure, from 

compressive strength through the flexural and 

splitting tensile strengths to the modulus of 

elasticity. It compiles the evidence from the recent 

studies reviewed in a single table ordered by the 

property predicted, so that early and recent work on 

the same property stand side by side. It treats the 

evaluation protocol as a first-class subject, because 

the evidence assembled here suggests that 
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duplicate-driven leakage and the choice of 

significance test now matter more than the choice 

of algorithm. And it keeps Indian practice in view, 

since the batching and cube records held by ready-

mixed concrete plants are, in our view, the most 

valuable underexploited dataset in the country for 

this purpose. Literature was located through 

Scopus, Web of Science, ScienceDirect and Google 

Scholar, and retained when a study predicted a 

mechanical property of concrete and reported its 

dataset, inputs, model and a quantitative 

performance measure. As shown in Table 1 Scope 

of this review compared with recent reviews of 

machine learning for concrete properties.

 

Table 1 Scope of this review compared with recent reviews of machine learning for concrete 

properties 

Review Year Principal scope Properties covered 

Ben Chaabene et al. 
(2020) 2020 Critical review of ML for mechanical 

properties 
Compressive, tensile, flexural, 

modulus 

Nunez et al. (2021) 2021 Systematic review of computational 
intelligence for modern mixtures Compressive strength 

Li et al. (2022) 2022 Applications, challenges and best 
practice in concrete science 

Cross-cutting, not property-
by-property 

Moein et al. (2023) 2023 ML and deep learning models for 
concrete properties 

Mechanical and some 
durability 

Kumar et al. (2024) 2024 Bibliometric and content analysis of 
1005 publications indexed 2010–2023 

Compressive strength, with 
clusters mapped 

Li et al. (2025) 2025 Durability, damage diagnosis and 
performance prediction Durability and damage 

Tipu and Paruthi (2026) 2026 Advances for high-performance 
concrete Compressive strength of HPC 

This review 2026 

Property-by-property survey of the 
recent studies reviewed, with 

evaluation protocol and Indian practice 
treated explicitly 

Compressive, flexural, tensile, 
modulus 

2. Mechanical Properties and the Limits of 

Conventional Practice 

Compressive strength is the property most often 

specified and tested, and it remains the dominant 

target in ML studies (Kumar et al., 2024). It depends 

on the water–binder ratio, the type and amount of 

cement and supplementary cementitious materials 

(SCMs), aggregate characteristics, admixtures, 
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curing and age. The 1030-mixture dataset compiled 

by Yeh (1998, 2007), with eight mixture inputs and 

age, has become the de facto benchmark. A caution 

comes from Young et al. (2019), who analysed more 

than 10,000 job-site records and found that 

production data carry more unexplained variance 

than laboratory datasets: accuracy measured on a 

laboratory benchmark does not transfer automatically 

to plant operations. Flexural strength governs 

pavements and slabs. Codes tie it to compressive 

strength through a square-root expression (BIS, 

2000), which ignores aggregate type, fibers and 

SCMs. Kang et al. (2021) found tree-based and 

boosting models predicted it well for steel fiber-

reinforced concrete, and Hussain and Chandra 

Mohan Rao (2026) reached a test R² of 0.936 with 

XGBoost on basalt fiber concrete. Splitting tensile 

strength is modeled from the same variables, 

sometimes with compressive strength as an input 

(Behnood and Golafshani, 2020); its datasets are the 

smallest of the three, so its reported accuracies 

deserve more caution than the headline figures invite. 

The modulus of elasticity is estimated in codes from 

compressive strength, IS 456 giving Ec = 5000√fck 

(BIS, 2000), but it depends heavily on the coarse 

aggregate, so recycled or lightweight aggregates shift 

it well away from that estimate. None of this removes 

the need for testing, since every ML model is built on 

test data; it explains why a tool that cuts the number 

of trial batches, and gives an early estimate while the 

cubes cure, is worth building[1 – 10]. 

3. Learning Paradigms and the Compiled 

Evidence 

Figure 1 shows the workflow followed in almost all 

concrete applications. Supervised learning provides 

the predictive core: the model is trained on mixtures 

whose strength has been measured, then estimates the 

property for new inputs. Unsupervised methods 

support data preparation, grouping mixtures of 

similar composition or flagging records unusual 

enough to suggest transcription errors (Lu et al., 

2025). Reinforcement learning (RL) was until 

recently a prospect rather than a tool, but that has 

changed. Yadav et al. (2025) built a random forest 

surrogate for compressive strength and CO₂ 

emissions, explored the mixture space with a multi-

objective genetic algorithm, then applied deep Q-

learning and proximal policy optimization, reporting 

reductions of roughly 30% in CO₂ and 10 to 15% in 

cost at equivalent strength. The agent learned from 

the surrogate rather than from real batches, so those 

gains are best read as an upper bound until production 

trials confirm them[11 – 20]. As shown in Figure 1 

Typical workflow for developing a machine learning 

model to predict concrete properties. 

 
 

 
Figure 1 Typical workflow for developing a machine learning model to predict concrete properties 

about:blank


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2026.0391 

e ISSN: 2584-2854 

Volume: 04 Issue: 08 

August 2026 

Page No: 2755 - 2769 

 

   

                        IRJAEM 2758 

 

Table 2 Machine learning studies surveyed for this review, grouped by the concrete property 

predicted 

 

No. Material 
No. of 

records 
Main input 
variables 

Target 
property 

Model 
Reported 

performance 
or metrics 

Ref. 

Compressive strength — 24 studies 

1 
CFRP-

confined 
concrete 

101 

Tensile strength 
and thickness of 

CFRP, unconfined 
strength, cylinder 

diameter 

Confined 
CS 

LGP 
RMSE, R, R², 

MAPE 
(Gandomi et 

al., 2010) 

2 

Concrete 
with 

demolitio
n waste 

1178 

Fine and coarse 
aggregate, water 
absorption, age, 

cement, w/c, 
mortar, admixture, 
recycled material, 
fineness modulus 

CS BP-ANN 

R², absolute 
error, 

algebraic 
error 

(Dantas et 
al., 2013) 

3 

High-
performan

ce 
concrete 

1030 

Cement, blast-
furnace slag, fly 

ash, water, 
superplasticizer, 
coarse and fine 
aggregate, age 

CS 

BP-ANN; 
gradient-
boosted 
ANN; 

wavelet 
gradient-
boosted 
ANN 

R², MSE, 
RMSE, MAE 

(Erdal et al., 
2013) 

4 

High-
performan

ce 
concrete 

1133 

Water, cement, 
slag, fly ash, 

superplasticizer, 
coarse and fine 
aggregate, age 

CS MFA-ANN 
R, RMSE, 

MAE, MAPE 
(Bui et al., 

2018) 

5 
Recycled 
aggregate 
concrete 

139 

Natural and 
recycled coarse 
aggregate, water 
absorption, w/c, 
fine aggregate 

CS BP-ANN R², MSE 
(Naderpour 
et al., 2018) 

6 
Foamed 
concrete 

91 
Cement, oven-dry 
density, w/b, foam 

volume 
CS 

ELM (vs. 
MARS, 
M5Tree, 

SVR) 

RMSE, MAE, 
relative 
RMSE, 

relative MAE 

(Yaseen et 
al., 2018) 

7 

High-
performan

ce 
concrete 

1761 

Cement, slag, fly 
ash, water, 

superplasticizer, 
coarse and fine 
aggregate, age 

CS 
SVM 

(optimized) 

RMSE, R², 
MAPE, MAE, 

index of 
agreement 

(Yu et al., 
2018) 

8 
Self-

compactin
g concrete 

205 

Cement, coarse 
and fine 

aggregate, water, 
superplasticizer, 

limestone powder, 
fly ash, GGBS, 
silica fume, rice 

CS BP-ANN R, MSE 
(Asteris and 

Kolovos, 
2019) 
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husk ash 

9 

Concrete 
with 
waste 

foundry 
sand 

470 

Coarse 
aggregate/cement, 

fine/total 
aggregate, 

WFS/cement, w/c, 
WFS/fine 
aggregate, 

superplasticizer/ce
ment, age 

CS 
M5P model 

tree 
RMSE, MAE, 
MAPE, R, R² 

(Behnood 
and 

Golafshani, 
2020) 

10 

High-
performan

ce 
concrete 

Compil
ed HPC 
databas

e 

Mix proportions, 
age 

CS 

CatBoost 
and other 

tuned 
ensembles, 
with SHAP 

R² = 0.959; 
MAE = 3.0 

MPa 

(Islam et al., 
2024) 

11 

Concrete 
(benchma

rk 
database) 

1030 

Cement, SCMs, 
water, 

superplasticizer, 
aggregates, age 

CS 

Ensemble 
and non-
ensemble 
models 

behind an 
interactive 

GUI 

R², RMSE, 
MAE 

(Elshaarawy 
et al., 2024) 

12 

Slag–ash 
geopolym

er 
concrete 

Compil
ed 

databas
e 

Precursor and 
activator 

proportions, 
curing 

CS 

ANN, deep 
network, 
1D-CNN, 
explained 

with SHAP 

R², RMSE 
(Ranasinghe 
et al., 2024) 

13 

High-
performan

ce 
concrete 

1030 

Cement, SCMs, 
water, 

superplasticizer, 
aggregates, age 

CS 
XGBoost 
(tuned) 

with SHAP 

R² = 0.935; 
RMSE = 3.55 
MPa; MAE = 

2.50 MPa 

(Abioye et 
al., 2025) 

14 

Concrete 
(benchma

rk 
database) 

911 
(screen

ed) 

Mix proportions, 
w/c, age 

CS 
Gradient 
boosting 
regressor 

R² = 0.94 
(Nikoopaya
n Tak et al., 

2025) 

15 

Site 
concrete, 

metro 
project 

223 
Mix proportions 
and site variables 

CS 

CatBoost 
(Bayesian-
optimized) 
with SHAP 

R² = 0.939; 
RMSE = 2.71 
MPa; MAPE 

= 5.45% 

(Fu et al., 
2025) 

16 
Laborator
y mixes 

29 
mixes 

Mix proportions 
plus fresh-state 

slump 

CS at 28 
and 56 
days 

Two-layer 
random 
forest 

R² = 0.848 
(28 d); 0.897 
(56 d with 28-

d input) 

(Zviazhynsk
i et al., 
2025) 

17 

Concrete 
mixture 
design 
space 

Surroga
te 

design 
space 

Mix proportions, 
cost and emission 

factors 

CS, cost, 
CO₂ 

Random 
forest 

surrogate, 
MOGA, 

then DQN 
and PPO 

R² = 0.92; 
MAE = 3.15 
MPa; ≈30% 
CO₂ and 10–

15% cost 
reduction 

(Yadav et 
al., 2025) 

18 

Concrete 
(benchma

rk 
database) 

1030 + 
11 

features 

w/c, 
cementitious/wate

r, age–cement 
interaction, raw 

inputs 

CS 
LightGBM 
with SHAP 

R² = 0.959; 
RMSE = 3.47 

MPa 

(Hereiz et 
al., 2026) 

19 Concrete 1030 Cement, SCMs, CS Deep R² = 0.946 (Hamed et 
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(benchma
rk 

database) 

water, 
superplasticizer, 
aggregates, age 

neural 
network 

with SHAP 
and PDP, 

deployed in 
a GUI 

(test) al., 2026) 

20 

Self-
compactin
g concrete 

with 
recycled 
coarse 

aggregate 

603 
(de-

duplicat
ed) 

Mix proportions CS 

Stacking of 
XGBoost, 

LightGBM, 
CatBoost 
and ERT 
over 25 
splits 

R² = 0.793 ± 
0.038; RMSE 
= 6.21 ± 0.48 

MPa 

(Kojić and 
Milošević, 

2026) 

21 

Concrete 
with fly 
ash, rice 
husk ash, 

slag, 
silica 
fume, 

metakaoli
n, nano-

silica 

1317 
Mix proportions, 
SCM type and 

dosage, age 
CS 

AutoML 
screening 

with 
Bayesian 
tuning; 

SHAP and 
counterfact

uals 

R² = 0.944; 
MAE = 3.48 
MPa; RMSE 
= 4.82 MPa; 

MAPE = 
9.86% 

(Kamarthi 
and 

Kaliyamoort
hy, 2026) 

22 

Conventio
nal, high-
performan

ce and 
blended 

concretes 

5186 
mixture

s 

Eight mix inputs 
plus 16 

engineered 
descriptors 

CS 

XGBoost 
deployed in 

open-
source 

software 
with SHAP 

R² = 0.923; 
RMSE = 4.48 
MPa; MAE = 

2.85 MPa 

(Abbas and 
Bărbulescu, 

2026) 

23 

Concrete, 
grades 
M20 to 

M35 

360 (24 
mixes) 

Mix proportions, 
w/c, rebound 
number, UPV 

CS at 3 
to 56 
days 

Extra trees 
regressor 

with SHAP 

R² = 0.99; 
RMSE = 0.53 

MPa 

(Swati et al., 
2026) 

24 

Concrete 
(public 
mixture 
dataset) 

Public 
dataset 

Cement, SCMs, 
water, 

superplasticizer, 
aggregates, age 

CS 

Language-
model 

preprocessi
ng with an 
optimized 

graph-
convolutio

nal 
predictor 

Correlation 
and error 
metrics 

against ten 
metaheuristic 

baselines 

(Zaman et 
al., 2026) 

Flexural and splitting tensile strength — 2 studies 

25 

Plain and 
steel 
fiber-

reinforced 
concrete 

980 

CS, age, fiber 
reinforcing index, 
superplasticizer, 
silica fume, w/b 

STS BP-ANN 
R², MSE, 

RMSE, MAE 
(Behnood et 

al., 2015) 

26 

Basalt 
fiber 

reinforced 
concrete 

Experi
mental 
progra
mme 

w/c, fiber volume 
fraction, curing 

condition 

Flexural 
strength 

XGBoost 
(vs. GB, 
KNN, 
SVR, 

decision 
tree, 

random 

R² = 0.936; 
RMSE = 0.54 

MPa 

(Hussain 
and Chandra 
Mohan Rao, 

2026) 
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forest); 
SHAP, 
LIME, 
PDP 

Modulus of elasticity — 4 studies 

27 
Recycled 
aggregate 
concrete 

400 

Coarse 
aggregate/cement, 

fine aggregate, 
SSD specific 

gravity and water 
absorption of 

aggregate, w/c, 
replacement level, 

CS 

E SVR 
RMSE, MAE, 
MAPE, R, R² 

(Golafshani 
and 

Behnood, 
2018) 

28 
Recycled 
aggregate 
concrete 

421 

Aggregate/cement
, bulk density and 
water absorption 

of recycled 
aggregate, 
recycled 

aggregate content 

E 

LSSVR 
(with 

MARS, 
M5Tree) 

RMSE, MAE, 
MAPE, R 

(Gholampou
r et al., 
2020) 

29 

Concrete 
with 
waste 

foundry 
sand 

172 

WFS/cement, w/c, 
coarse 

aggregate/cement, 
WFS/fine 
aggregate, 

superplasticizer, 
age 

E 

Decision 
tree, ANN, 
bagging, 
gradient 
boosting 

RMSE, MAE, 
MAPE, R², R 

(Behnood 
and 

Golafshani, 
2020) 

30 
Recycled 
aggregate 
concrete 

966 
(from 
1161) 

Aggregate density 
and water 

absorption, 
replacement ratio, 

CS 

E 

TabPFN 
(pre-trained 

tabular 
model) 

with 
coverage-

bias 
measure 

R² = 0.912; 
RMSE = 1.65 

GPa; 
predictive 

distribution 

(Lu et al., 
2025) 

The thirty studies compiled for this review are listed, 

grouped by the property they predict and, within each 

group, in order of publication. Rows are drawn from 

the original studies and, where they are covered there, 

from the compilation of Ben Chaabene et al. (2020). 

Where a study reported headline values they are 

given; otherwise the metrics it used are listed. CS = 

compressive strength; STS = splitting tensile 

strength; E = modulus of elasticity; w/c, w/b = water–

cement and water–binder ratio; WFS = waste foundry 

sand; SSD = saturated surface-dry; SCM = 

supplementary cementitious material; GGBS = 

ground granulated blast-furnace slag; BP-ANN = 

back-propagation ANN; LSSVR = least squares 

SVR; ELM = extreme learning machine; LGP = 

linear genetic programming; MFA = modified firefly 

algorithm; MARS = multivariate adaptive regression 

splines; ERT = extremely randomized trees; AutoML 

= automated machine learning; TabPFN = tabular 

prior-data fitted network; UPV = ultrasonic pulse 

velocity; MOGA = multi-objective genetic 

algorithm; DQN = deep Q-network; PPO = proximal 

policy optimization; LIME = local interpretable 

model-agnostic explanations; PDP = partial 

dependence plot. Counting the compiled studies by 

the property they predict gives a blunter picture of the 

field’s priorities than any narrative summary (Figure 

2). Compressive strength is the target of twenty-four 
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of the thirty studies. The modulus of elasticity 

accounts for four, and the flexural and splitting 

tensile strengths for two between them, and those 

studies also work with the smallest datasets in the 

table. The imbalance governs how the literature 

should be read. The accuracy figures that anchor most 

claims about ML for concrete come from one 

property, measured largely on one or two heavily 

reused databases, while the properties that control 

pavement and slab design rest on a far thinner base. 

We would not read too much into single-digit counts, 

but the direction matches what the reviews compared 

in Table 1 report[ 21 – 30]. As shown in Table 2 

Machine learning studies surveyed for this review, 

grouped by the concrete property predicted. Figure 2 

Target properties of the thirty studies compiled in 

Table 2. Counts are shown at the end of the bars. 

 

 
Figure 2 Target properties of the thirty studies 

compiled in Table 2. Counts are shown at the end 

of the bars 

 

4. Data Sources and Preprocessing 

Laboratory programmes give well-controlled 

measurements but rarely exceed a few hundred 

mixtures. Field and production records are far larger 

and reflect real variability, but they are noisier and 

often lack material properties; Fu et al. (2025) 

worked with 223 records from a Beijing metro project 

rather than published mixtures. Most compiled 

databases come from the literature (Gholampour et 

al., 2020), which yields size at the cost of mixing 

specimen geometries, curing regimes and test 

standards. Two further sources cost a plant almost 

nothing: non-destructive readings combined with 

mixture data (Swati et al., 2026), and fresh-state 

measurements, where Zviazhynski et al. (2025) 

showed on 29 mixes that slump alone carries enough 

information to take 28-day prediction to R² = 0.848. 

Preprocessing follows a standard sequence: cleaning, 

outlier treatment, imputation and scaling. Two points 

are routinely mishandled. Scaling parameters and 

imputation values must be computed from the 

training set alone, or information leaks from the test 

data and the reported accuracy is inflated (Cawley 

and Talbot, 2010). More seriously, duplicate records 

must be removed before the split is drawn. Kojić and 

Milošević (2026) audited a 603-record dataset, found 

99 duplicated compositions of which 21 groups 

carried conflicting strengths, and showed that leaving 

them in place raised the reported R² from a realistic 

0.60–0.71 to the 0.81–0.87 commonly seen in the 

literature. That is a larger effect than any difference 

between algorithms in this review. A paper that does 

not state how duplicates were handled has left its 

headline accuracy unexplained. Feature engineering 

can help. Ratios such as water–binder or a fiber 

reinforcing index keep physical meaning and often 

improve both accuracy and interpretability (Kang et 

al., 2021), and Hereiz et al. (2026) reported that 

eleven engineered variables, including an age–

cement interaction term, dominated the SHAP 

ranking of their LightGBM model. The gain is not 

automatic: a gradient-boosted model with enough 

trees can often reconstruct a ratio such as w/c from its 

constituents unaided, so an engineered set earns its 

place only when an ablation against the raw inputs 

shows that it does[31 – 40]. 

5. Prediction Of Compressive Strength 

Linear regression remains a useful baseline but is 

consistently outperformed by non-linear methods on 

multi-component mixtures. Artificial neural 

networks (ANNs) are the most widely used family 

(Ben Chaabene et al., 2020). Yeh (1998) showed a 

feed-forward network beat regression on high-

performance concrete, and later studies reached the 

same conclusion for high-strength concrete (Öztaş et 

al., 2006), demolition-waste concrete (Dantas et al., 

2013), recycled aggregate concrete (Naderpour et al., 

2018) and self-compacting concrete (Asteris and 
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Kolovos, 2019). ANNs overfit readily on small 

datasets, which is why several authors tune them with 

metaheuristics (Bui et al., 2018); systematic 

hyperparameter optimization closes much of the gap 

to tree ensembles (Naved et al., 2024). Support vector 

regression keeps most training points within a 

tolerance band and handles non-linearity through the 

kernel trick (Cortes and Vapnik, 1995); it suits small-

to-medium datasets but is sensitive to the penalty and 

kernel parameters (Gholampour et al., 2020). Tree 

ensembles now dominate. Random forests average 

many trees grown on bootstrap samples (Breiman, 

2001); extremely randomized trees draw the split 

thresholds at random as well (Geurts et al., 2006); 

boosting fits each tree to the errors the ensemble has 

left (Friedman, 2001), with XGBoost (Chen and 

Guestrin, 2016) the long-established variant. The 

second generation has since become standard: 

LightGBM grows trees leaf-wise over histogram-

binned features (Ke et al., 2017), and CatBoost uses 

ordered boosting to limit the target leakage that 

affects conventional gradient boosting on small 

samples (Prokhorenkova et al., 2018). The accuracy 

record is consistent. Feng et al. (2020) found 

AdaBoost more accurate than ANN and SVM on the 

benchmark dataset; Abioye et al. (2025) reported R² 

= 0.935 for tuned XGBoost; Nikoopayan Tak et al. 

(2025) R² = 0.94 for gradient boosting; Fu et al. 

(2025) R² = 0.939 for Bayesian-optimized CatBoost 

on site records; and Hereiz et al. (2026) R² = 0.959 

for LightGBM with engineered features. Stacking the 

boosted libraries with a linear meta-learner trained on 

out-of-fold predictions (Wolpert, 1992) adds a further 

small gain (Kojić and Milošević, 2026). Deep 

networks learn their own representations (LeCun et 

al., 2015), and convolutional and recurrent 

architectures have both been applied to concrete data. 

Hamed et al. (2026) reported a test R² of 0.946 from 

a deep network on the 1030-record benchmark, 

explained it with SHAP and partial dependence, and 

released it behind a graphical interface. Zaman et al. 

(2026) used a language model to harmonize records 

before training a graph-convolutional predictor, 

which is data preparation rather than prediction. A 

prior-data fitted network such as TabPFN is a 

transformer pre-trained offline on a large library of 

tabular problems, so predicting on a new dataset is a 

single forward pass with no tuning (Lu et al., 2025). 

Across the studies reviewed here, deep networks 

showed no consistent advantage over a well-tuned 

ensemble below a few thousand records; for a plant-

sized dataset the honest recommendation is still a 

boosted ensemble. Choosing among a dozen 

algorithms by hand is laborious, and the outcome 

depends on how much effort went into each 

candidate. Kamarthi and Kaliyamoorthy (2026) 

removed part of that subjectivity: 1317 records of 

concrete with fly ash, rice husk ash, slag, silica fume, 

metakaolin and nano-silica, inputs ranked by mutual 

information, models screened automatically and the 

survivor tuned by Bayesian optimization, reaching R² 

= 0.944 at an MAE of 3.48 MPa, interpreted with 

SHAP and counterfactual analysis. The pipeline can 

be re-run whenever new batch records accumulate, 

without an expert repeating the exercise[41 – 50]. 

6. Flexural, Tensile and Elastic Modulus 

Prediction 

Datasets for these properties are smaller, which 

shapes the choice of model. Ensembles suit them 

because averaging suppresses part of the noise: 

bagging and boosting reduce variance and bias 

respectively, and stacking learns how to weight 

several base models (Wolpert, 1992). Boosting gave 

the best flexural predictions among the algorithms 

Kang et al. (2021) compared and led for tensile 

strength in Nguyen et al. (2021); the same ordering 

holds in recent fiber-reinforced work (Hussain and 

Chandra Mohan Rao, 2026). Single and model trees 

remain attractive where the result must be explained 

to practitioners. For the elastic modulus, most 

published models are still ANNs, support vector 

models or model trees trained on a single target 

(Golafshani and Behnood, 2018). Multi-task learning 

trains one model on several related targets with 

shared representations (Caruana, 1997), which fits 

concrete well because many programmes report 

several properties for the same mixtures, yet no study 

among those compiled here used it. Gaussian process 

regression returns a full predictive distribution and 

performs well on small datasets, though its cost rises 

steeply with the number of records (Rasmussen and 

Williams, 2006). A pre-trained tabular transformer 
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offers the same benefit without that cost: Lu et al. 

(2025) screened 1161 records down to 966, measured 

how unevenly they cover the input space, and reached 

R² = 0.912 at an RMSE of 1.65 GPa with an 

uncertainty attached to every estimate. Where both 

over- and under-estimation carry a design penalty, 

that is worth more than a slightly sharper point value. 

7. Evaluation and Comparison of Algorithms 

The surveyed studies use a variety of metrics. The 

most common are defined in Eqs. (1) to (4), where yᵢ 

is the measured value, ŷᵢ the predicted value, ȳ the 

mean of the measured values and n the number of 

records (Naser and Alavi, 2023). 

MAE = (1/n) Σᵢ₌₁ⁿ |yᵢ − ŷᵢ| (1) 

RMSE = √[ (1/n) Σᵢ₌₁ⁿ (yᵢ − ŷᵢ)² ] (2) 

R² = 1 − [ Σᵢ₌₁ⁿ (yᵢ − ŷᵢ)² ] / [ Σᵢ₌₁ⁿ (yᵢ − ȳ)² ] (3) 

MAPE = (100/n) Σᵢ₌₁ⁿ | (yᵢ − ŷᵢ) / yᵢ | (4) 

MAE is easy to interpret; RMSE penalizes large 

errors; R² can be high even when predictions are 

biased; MAPE becomes unstable when measured 

values are small. At least one absolute error measure 

should therefore be reported alongside R², for both 

training and an independent test set (Naser and Alavi, 

2023). A fair comparison requires the same data, split 

and metrics for every algorithm, and nested cross-

validation or a separate hold-out set when 

hyperparameters are tuned (Cawley and Talbot, 

2010). Where published comparisons are weakest is 

the significance test. A paired t-test on one held-out 

split ignores the variability from the choice of 

training data, and repeating the split does not by itself 

fix the problem, because the training sets overlap and 

the resulting differences are not independent. The 

corrected resampled t-test of Nadeau and Bengio 

(2003) inflates the variance term to account for that 

overlap. The consequence is not academic: Kojić and 

Milošević (2026) evaluated over 25 repeated 

partitions and concluded that leakage-aware, repeated 

evaluation rather than architecture is what makes a 

reported figure credible. Where the leading boosted 

ensembles differ by two or three thousandths in R² 

while each varies by more than ten thousandths 

across splits, a claim that one is superior needs a test 

that respects that spread; many such claims would not 

survive one[51 – 60]. 

8. Challenges And Future Directions 

Data remain the main constraint. Most databases hold 

a few hundred to a few thousand records gathered 

from studies using different materials, geometries 

and test methods, and descriptors such as cement 

chemistry, SCM reactivity and curing temperature 

are frequently missing (Li et al., 2022). Laboratory 

datasets also cover the input space unevenly, which 

recent work has begun to quantify rather than assume 

away (Lu et al., 2025). Transfer learning and domain 

adaptation offer a route for applying published 

models to Indian materials, and a model should be 

used only within the range of the data it was trained 

on. Engineers are reluctant to act on predictions they 

cannot explain. Feature importance, partial 

dependence and SHapley Additive exPlanations 

(Lundberg and Lee, 2017) narrow the gap, and SHAP 

is now routine in strength studies (Abioye et al., 

2025; Hereiz et al., 2026; Islam et al., 2024; Hamed 

et al., 2026). Two refinements have appeared: 

running several explanation methods side by side, so 

an artefact of one is exposed by the others (Hussain 

and Chandra Mohan Rao, 2026), and counterfactual 

analysis, which asks what would have to change in 

the mixture for the prediction to change by a given 

amount (Kamarthi and Kaliyamoorthy, 2026). 

Explanations must still be checked against physical 

understanding (Naser, 2021). One that contradicts 

established behaviour, strength rising with water 

content being the standard example, is a symptom, 

and the data or the model is where to look for the 

cause. Looking forward[61], multiple data sources 

should be integrated: material characterization, non-

destructive results, curing sensors and environmental 

records (Swati et al., 2026), with fresh-state 

properties such as slump on that list because they cost 

nothing extra (Zviazhynski et al., 2025). For Indian 

practice, plants already record batching data and 

already collect cube results under IS 456 (BIS, 2000); 

the two are usually held in separate systems, and 

joining them costs little beyond the effort. Physics-

informed hybrids embed known behaviour as 

features, as loss constraints, or as a base model whose 

residuals the ML component learns (Karniadakis et 

al., 2021); for strength development the maturity and 

hydration relations already written into practice are 

the obvious constraints to impose. Automated and 

about:blank


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2026.0391 

e ISSN: 2584-2854 

Volume: 04 Issue: 08 

August 2026 

Page No: 2755 - 2769 

 

   

                        IRJAEM 2765 

 

pre-trained models lower the expertise needed to 

build and maintain a predictor (Kamarthi and 

Kaliyamoorthy, 2026), and packaged applications 

with an explanation layer are appearing (Abbas and 

Bărbulescu, 2026). Reinforcement learning has 

moved from prospect to early demonstration (Yadav 

et al., 2025); what is missing is validation against 

production batches rather than against the surrogate 

that trained the agent[62]. 

Conclusion 

This review examined the use of ML to predict the 

compressive strength, the flexural and splitting 

tensile strength and the modulus of elasticity of 

concrete across the recent studies reviewed. ML 

models predict these properties more accurately than 

linear regression and code-based empirical relations, 

particularly for modern mixtures containing several 

binders, admixtures or fibers. Tree-based ensembles 

have emerged as strong performers that need less 

tuning than ANNs; LightGBM and CatBoost have 

joined XGBoost as default choices, and stacking 

them yields a further small gain. Reported test R² for 

compressive strength on the benchmark dataset now 

clusters between 0.93 and 0.96. Compressive strength 

has received the most attention by a wide margin: 

twenty-four of the thirty studies compiled here take it 

as the target, against four for the modulus of elasticity 

and two for the flexural and splitting tensile strengths. 

The properties that are slowest and most awkward to 

test are therefore the ones with the least evidence 

behind them, and closing that gap would serve 

practice better than another decimal place on the 

benchmark dataset. How useful a model is depends 

more on the data and the validation procedure than on 

the algorithm. Duplicated mixtures that leak across 

the split inflate reported R² from roughly 0.60–0.71 

to 0.81–0.87, which exceeds any difference between 

the leading algorithms, and where those algorithms 

differ by less than the spread across data splits a 

significance test that accounts for overlapping 

training sets should decide the comparison. 

Interpretability remains essential for acceptance in 

practice, and explanations must be checked against 

physical understanding. The most promising 

directions are multi-source data integration including 

plant production and fresh-state records, physics-

informed hybrids, automated and pre-trained models, 

reinforcement learning for mixture optimization, 

routine explainable ML, and wider sharing of data 

and code. 
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