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Predicting concrete's compressive strength through in-depth analysis is
essential for improving safety in practical applications and optimizing
construction processes. Numerous studies have explored methods for
forecasting the mechanical properties of concrete, particularly its
compressive strength. Summarizing key insights from these studies can
help guide future research directions. This paper conducts a bibliometric
analysis of research utilizing Machine learning (ML) algorithms for
predicting concrete's compressive strength. It assesses the effectiveness of
these models and offers insights into developing more efficient solutions.
Additionally, it provides researchers with a comprehensive overview of key
themes, emerging trends, and research gaps in this domain. To accomplish
this, 1,805 articles published between 2014 and March 8, 2025, were
retrieved from the Scopus Database and analyzed using VOS viewer
software. The findings highlight the widespread application of ML models
for this purpose, evaluating their advantages and limitations, particularly in
managing complex datasets. By offering a detailed assessment of ML
techniques and their practical implications, this study distinguishes itself
from previous research. A major contribution of this study is its
identification of leading institutions, influential authors, key countries, and
major publication sources in this field. It integrates data to highlight crucial
research areas, gaps, and evolving trends. Ultimately, the study establishes
a solid foundation for advancing ML-driven, reliable, and sustainable
structural systems in civil engineering, construction materials, and the
concrete industry.

1. Introduction

Concrete is one of the most widely used

and enhancing safety in civil engineering projects.
Traditional methods for estimating compressive

construction materials due to its high compressive
strength, durability, and cost-effectiveness. As
global infrastructure demands continue to rise,
ensuring the structural reliability of concrete
remains a critical priority[1]-[3]. Predicting the
compressive strength of concrete is essential for
optimizing mix designs, improving quality control,

strength often rely on empirical models and
experimental testing, which can be time-
consuming and resource-intensive[4], [5]. With
advancements in artificial intelligence and data-
driven techniques, machine learning (ML) has
emerged as a powerful tool for predicting
concrete's mechanical properties. ML algorithms

1



Ahmed M. Gomaa / Machine Learning-Driven Insights for Concrete Compressive Strength Prediction: A bibliometric Analysis

can analyze complex datasets, identify patterns,
and provide accurate predictions, reducing the need
for extensive physical testing. As a result,
researchers have increasingly explored ML-based
approaches to improve the accuracy and efficiency
of concrete compressive strength prediction[6], [7].
However, predicting it accurately is challenging
due to the influence of numerous factors, including
the water-to-cement ratio, aggregate-to-cement
ratio, air content, cement composition, cement
dosage, mineral and chemical admixtures, curing
conditions, hydration kinetics, and the age of the
concrete[8]—-[10]. These complex interactions
make it difficult to develop reliable predictive
models. To address these challenges, researchers
have increasingly turned to Machine learning (ML)
techniques for estimating concrete compressive
strength[11]-[50]. ML-based models provide a
promising solution, particularly for practical
applications in the construction and civil
engineering sectors. Recent advancements in
artificial intelligence (AI) have led to the
development of sophisticated models capable of
predicting compressive strength with high
accuracy, minimizing the reliance on expensive
and labor-intensive laboratory testing[12], [23],
[34], [46]. Various studies have explored different
ML-based predictive  approaches, making
significant contributions to the field.

Despite these progresses, challenges persist due to
the varied and complex nature of concrete[S1].
Existing research often lacks comprehensive
assessments that fully address the intricate
relationships  between influencing variables,
limiting the generalizability of predictive
models[42], [52]-[56]. Moreover, integrating ML
with real-time monitoring technologies, such as the
Internet of Things (IoT) and big data analytics,
could further enhance accuracy and practical
implementation[6], [9], [10].

To understand the current research landscape in
this domain, a bibliometric analysis offers valuable
insights into key trends, influential studies, and

research gaps. This study systematically examines
the literature on ML-driven concrete compressive
strength prediction by analysing 1,805 articles
published between 2014 and March 2025 from the
Scopus database. Using VOS viewer software, the
study identifies leading authors, institutions, and
countries contributing to this field while
highlighting the most prominent themes and
methodologies. By providing a comprehensive
overview of existing research, this bibliometric
analysis aims to guide future studies, enhance the
development of optimized ML models, and support
the advancement of sustainable and reliable
concrete structures. Ultimately, this study
contributes to the growing body of knowledge in
civil engineering, building materials, and artificial
intelligence applications in construction.

2. Methodology

This study aims to examine research on predicting
concrete compressive strength through a scientific
mapping approach, highlighting key trends,
existing research gaps, influential sources, leading
institutions, notable authors, and contributing
countries. Furthermore, it aims to facilitate
strategic decision-making to shape future research
directions. The methodology is structured into
three main stages: data collection and selection,
choosing a suitable scientific mapping method, and
applying bibliometric analysis techniques.

3. Bibliometric Analysis

This review reveals the Machine Learning-Driven
Insights for Concrete Compressive Strength
Prediction 2014 to 2025. The bibliometric analysis
method was employed to fulfil this objective.
Additionally, the study adheres to the PRISMA
framework [57] shown in Fig. 1. Bibliometric
analysis involves tracking research papers focused
on a specific theme and extracting insights by
analysing these studies across different parameters
[58]. The search in the Scopus database
encompassed various search fields, including Title,
Abstract, Author Keywords, and Keywords Plus, to
identify related publications.
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Records identified from™: Scopus
Databases (n =2343)

Records removed before screening
Duplicate records removed (n=10)

ITLE-ABS-EEY { { "Comprassive strength" ) AND
{ "Machins Learning" ) OR ( " Concrste and
Machinzs Learning" ) OR ( "Pradict and
Compressive strength " ) OR { "Artificial Pradict
and Compressive strength" ) OR (" ANN and
Compressive strength" ) OR { "Machine Leaming

and Compressivestrength” ) OR ( "Adaptive Navro
Fuzzv Inference Svstems and Comprassive strenzth"

KEF words 3 OR (" Mbltipls Linear and Compressive strength "
)} OF ( "Reeression and Compressive strength" )
OF (" Support Vector Regression and Compressive
strength" ) OF (" Random Forest and Compressive
strength” ) OF (" Svpport Vector Machine and
Comprassivestrength” ) OR ( " Al and Compressive
strength" ) OR (" Artificial intsllizencat and
Comprassive strength” OF " Decizion Tree and
Compressivestrangth’ ) OR (" Genz Expression
Programming and Compressive strength" 3 OR ("
Gradient Booshng Besression and Compressive
strenzth” } )
Years Limit to 2014 t0 2025
LIMIT-TO ( SUBJAREA | "ENGI') OR
Sl.lb] act area LIMIT-TO { SUBJAREA | "MATE" )
Language Limit to (English)
[ |
Studies induded in review.
(n=1803)

Fig. 1: PRISMA Framework for Bibliometric Analysis of Compressive Strength Prediction.

4. Results

Bibliometric analysis is a statistical approach used
to quantify and evaluate the emerging trends within
a particular field of study[59], [60]. Bibliometric
analysis has been applied to evaluate academic
outputs across multiple disciplines [61]. The
search, conducted on the Scopus database from
2014 to 2025, utilized various search fields such as
Author keywords, Title, Abstract, Author, and

Keywords Plus. The search employed a
combination of keywords using AND/OR logic,
including terms like ( ( "Compressive strength" )
AND ( "Machine Learning" ) OR (" Concrete
and Machine Learning" ) OR ( "Predict and
Compressive strength ") OR ( "Artificial Predict
and Compressive strength" ) OR (" ANN and
Compressive strength" ) OR ( "Machine Learning
and Compressive strength" ) OR ( "Adaptive
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Neuro Fuzzy Inference Systems and Compressive
strength" ) OR (" Multiple Linear and
Compressive strength " ) OR ( "Regression and
Compressive strength" ) OR (" Support Vector
Regression and Compressive strength" ) OR ("
Random Forest and Compressive strength" ) OR (
" Support Vector Machine and Compressive
strength" ) OR (" Al and Compressive strength" )
OR (" Artificial intelligence t and Compressive
strength" OR " Decision Tree and Compressive
strength" ) OR (" Gene Expression Programming
and Compressive strength" ) OR (" Gradient
Boosting Regression and Compressive strength" )
). The results were assessed based on titles and
abstracts to ensure coherence with the article’s
theme and core topic.

The analysis utilized Scopus analysis and VOS
viewer for data visualization. Graphs were
generated using Microsoft Excel. Various details
were extracted for each document, including (1) the
number of documents per year, (2) average
citations of articles per year, (3) author keywords
and frequently used words in titles, (4) journals of
publication for each article, (5) science categories,
(6) most cited articles, (7) authors and co-authors
for each article, (8) H-index for top 10 authors, (9)
affiliation details for authors and co-authors, (10)
countries of the authors, and (11) H-index for top
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Docments
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S S S
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0
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10 journals. Bibliographic maps were generated
using VOS viewer software, encompassing
keywords co-occurrence, countries co-authorship
maps, and bibliographic coupling for countries and
affiliations. 2343 documents were initially
identified, with 1805 aligning with the study's
theme. These documents were then categorized as
follows: 1598 research articles, 29 review papers,
124 conference papers, and 54 documents falling
into other categories. The dataset comprises 144
sources and 1723 keywords. The publications
obtained showed an average growth rate of 43.60%
per year. The most notable increase was observed
between 2020 and 2024, reaching its peak with 687
publications in 2024, as shown in Fig. 2. The
average annual citation was 50.80%, reported in
2024, as illustrated in Fig. 3. Only 15647 articles
were cited for that particular year. Fig. 3 illustrates
the fluctuation of journals over the years. Until
2024, the journal "Construction and Building
Materials" held the top position, but it was
surpassed by the "Case Studies in Construction
Materials," which accumulated a total of 2,295
articles. In terms of the Cite Score (2023) of
journals, the "Journal of Cleaner Production" led
the rankings with a score of 20.4, followed by "
Construction and Building Materials " and " Rock
Mechanics and Rock Engineering " with scores of
13.8 and 10.9, respectively, as detailed in Table 1.

2020 2022 2024 2026

Fig. 2. Annual Distribution of Machine Learning Applications in Concrete Compressive Strength
Prediction.



IJEAIAD Vol. 1, No. 1 (2025) pp. 1-22

18000
16000
14000
12000
10000
8000
6000
4000
2000

0
2012 2014 2016 2018 2020 2022 2024 2026

Years

Citations

Fig. 3. Average citation per article each year.

Table 1. The top 20 highly productive journals in the Compressive Strength Prediction.

Journal TP TC Cite Most cited Times Publisher
Score publication Cited
(2023)
Construction and 15,336 211,152 13.8 236 Elsevier
Building Materials Jaf, Dilshad Kakasor
Ismael, et al. (2023)
Case Studies in 2,295 17,401 7.6 123 Elsevier
Construction Abdellatief,
Materials Mohamed, et al.
(2023)
Materials 30,074 173,808 5.8 Wang, X., et al. 148 Multidisciplinary
(2023) Digital Publishing
Institute (MDPI)
Asian Journal of 560 1,516 2.7 72 Springer Nature
Civil Engineering Parsamelhr,
Mohammadsaeid, et
al (2023).
Journal of Building 7,051 70,200 10 Moein, Mohammad 217 Elsevier
Engineering Mohtasham, et al
(2023).
Multiscale and 119 404 34 Kalita, Kanak, et al. 42 Springer Nature
Multidisciplinary (2023)
Modeling,
Experiments and
Design
Materials Today 6,790 35,392 5.2 Nandhakumar, R., 100 Elsevier
Communications and K. Venkatesan
(2023).




Ahmed M. Gomaa / Machine Learning-Driven Insights for Concrete Compressive Strength Prediction: A bibliometric Analysis

Buildings 6,258 21,439 3.4 Golewski, Grzegorz 120 Multidisciplinary
Ludwik (2023). Digital Publishing
Institute (MDPI)
Structures 5,109 29,065 5.7 Kaveh, Ali, and 195 Elsevier
Neda
Khavaninzadeh
(2023).
Lecture Notes in 17,058 12,939 0.8 Amoura, 15 Springer Nature
Civil Engineering Nasreddine, et al.
(2022).
Applied Sciences 17,058 12,939 5.3 Rahman, Md 422 Multidisciplinary
(Switzerland) Mostafizer, and Digital Publishing
Yutaka Watanobe Institute (MDPI)
(2023).
Journal of Cleaner 19,382 394,597 20.4 Mujtaba, 398 Elsevier
Production Muhammad, et al
(2023).
Structural Concrete 1,180 6,586 5.6 Ali, Reyam, et al 83 John Wiley & Sons
(2023).
Engineering 6,077 61,732 10.2 Hao, Hong, et al 151 Elsevier
Structures (2023).
Results in 1,555 9,006 5.8 Elfaleh, Issam, et al 320 Elsevier
Engineering (2023).
Rock Mechanics 1,572 17,191 10.9 Skentou, Athanasia 77 Springer Nature
and Rock D., et al (2023).
Engineering
Computers and 349 3,007 8.6 Tounsi, 74 Techno Press
Concrete Abdelouahed, et al
(2023).
Innovative 1,041 3,918 3.8 Sabale, Ranjeet, B. 41 Springer Nature
Infrastructure Venkatesh, and
Solutions Mathew Jose (2023)
Advances in Civil 3,406 13,515 4.0 Praburanganathan, 84 John Wiley & Sons
Engineering S., et al (2023).
Journal of 8,170 72,186 8.8 Li, Shuang—Shuang, 265 Elsevier
Materials Research et al (2023).
and Technology
Materials Today: 22,276 109,461 4.9 Praveena, B. A., et 221 Elsevier
Proceedings al (2022).

TP= Total Publications, TC= Total Citation

Concerning scientific categories, 42.2% of total
articles were categorized under Engineering,
followed by materials science and Computer
Science with 24.7% and 6.5% of the total articles,
respectively as illustrated in Fig. 42. The total
number of authors across all articles amounted to
159. Notably, “Amin, M.N.” authored a superior
number of articles, with 46 articles. Following

closely, “Javed, M.F.” contributed 44 articles,
while “Khan, K.” authored 38 articles as shown in
Fig. 5. In terms of the authors' H-index, " Nehdi,
Moncef L " achieved the highest score of 65,
followed by " Javed, Muhammad Faisal " with an
H-index of 50, and "Aslam, Fahid" attained an H-
index of 45, as detailed in Table 2.
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Fig. 5. Top 10 authors based on the number of articles.

Table 2. List of the 30 most prolific authors in the Compressive Strength Prediction.

No author TP* h- Current affiliation Country
index
1. Nasir Amin, 180 36 King Faisal UniversityThe institution Saudi Arabia
Muhammad Nasir will open in a new tab, Al-Ahsa, Saudi

Arabia.
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2. Javed, 201 50 COMSATS University Islamabad, Pakistan
Muhammad Abbottabad CampusThe institution will
Faisal open in a new tab, Abbottabad, Pakistan
3. Khan, 158 34 King Faisal UniversityThe institution Saudi Arabia
Kaffayatullah M. will open in a new tab, Al-Ahsa, Saudi
Arabia.
4. Aslam, Fahid 124 45 Prince Sattam Bin Abdulaziz Saudi Arabia
UniversityThe institution will open in a
new tab, Al Kharj, Saudi Arabia.
5. Ahmad, Ayaz 172 41 King Faisal UniversityThe institution Saudi Arabia
will open in a new tab, Al-Ahsa, Saudi
Arabia.
6. Ahmad, Waqas 205 41 University of Engineering and Pakistan
Technology, PeshawarThe institution
will open in a new tab, Peshawar,
Pakistan.
7. Ly, Haibang 133 38 Pai hoc Cong nghé Giao thong van Viet Nam
taiThe institution will open in a new tab,
Hanoi, Viet Nam
8. Farooq, Furqan 40 27 National University of Sciences and Pakistan
TechnologyThe institution will open in a
new tab, Islamabad, Pakistan.
9. Nehdi, Moncef L. 410 65 University of GuelphThe institution will Canada
open in a new tab, Guelph, Canada
10. Sathiparan, 84 22 University of JaffnaThe institution will Sri Lank
Navaratnarajah open in a new tab, Jaffna, Sri Lanka.
11. Althoey, F. 112 28 Najran UniversityThe institution will Saudi Arabia
open in a new tab, Najran, Saudi Arabia.
12. Huang, J. 111 27 Guangzhou UniversityThe institution China
will open in a new tab, Guangzhou,
China.
13. Alabduljabbar, H. 147 38 Prince Sattam Bin Abdulaziz Saudi Arabia
UniversityThe institution will open in a
new tab, Al Kharj, Saudi Arabia.
14. Nazar, S. 41 22 Shanghai Jiao Tong UniversityThe China
institution will open in a new tab,
Shanghai, China.
15. Asteris, P.G. 228 67 School of Pedagogical and Greece
Technological EducationThe institution
will open in a new tab, Athens, Greece.
16. Jeyananthan, P. 35 8 University of JaffnaThe institution will Sri Lanka
open in a new tab, Jaffna, Sri Lanka.
17. Samui, P. 395 54 National Institute of Technology India
PatnaThe institution will open in a new
tab, Patna, India.
18. Ali, M. 113 25 Silesian University of TechnologyThe Poland

institution will open in a new tab,
Gliwice, Poland.
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19. Kumar, A. 61 13

McMaster University, Faculty of

Canada

EngineeringThe institution will open in

a new tab, Hamilton, Canada.

20. Tran, V.Q. 90 24

Pai hoc Cong nghé Giao thong van

Viet Nam

taiThe institution will open in a new tab,

Hanoi, Viet Nam

21. Arora, H.C. 51 11

Central Building Research Institute India

IndiaThe institution will open in a new

tab, Roorkee, India.

22. Khan, M. 30 15

Southern Illinois University

United States

EdwardsvilleThe institution will open in
a new tab, Edwardsville, United States.

23. LY. 261 35

Beijing University of TechnologyThe
institution will open in a new tab,

China

Beijing, China.

24. Sobuz, M.H.R. &5 21

Khulna University of Engineering and

Bangladesh

TechnologyThe institution will open in a

new tab, Khulna, Bangladesh.

25. Subramaniam, 46 12

University of JaffnaThe institution will

Sri Lanka

D.N. open in a new tab, Jaffna, Sri Lanka.

26. Wang, X. 441 74

East China Jiaotong UniversityThe
institution will open in a new tab,

China

Nanchang, China.

27. Iftikhar, B. 20 10

Universiti Teknologi Malaysia

Malaysia

institution will open in a new tab, Johor

Bahru, Malaysia.

28. Ostrowski, K.A. 59 24

Politechnika KrakowskaThe institution

Poland

will open in a new tab, Krakow, Poland.

29. Wang, Y. 53 19

Curtin UniversityThe institution will
open in a new tab, Perth, Australia

Australia

30. Alyousef, R. 186 48

Prince Sattam Bin Abdulaziz

Saudi Arabia

UniversityThe institution will open in a

new tab, Al Kharj, Saudi Arabia.

*TP= Total Publications.

The total number of keywords used in the articles
was 1723. "Compressive Strength" emerged as the
most frequently utilized keyword, appearing 1438
times, as depicted in Fig. 6. This was followed by
"Machine Learning" observed 1154 times, and
"Machine learning" documented 686 times. As
shown in Table 3, the frequently occurring
keywords in the articles are grouped into six

primary subject areas: mechanical properties of
concrete, concrete types, modelling and analysis
methods, pozzolanic additives, durability and
sustainability, and other related topics. These
classifications highlight the most emphasized areas
in predicting concrete compressive strength and the
commonly used analytical methods.
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Table 3. Categorization of recurring terms in articles based on research domain.

ID Keywords Subject Occurrences
Areas
1. Compressive Strength 1438
2. Tensile Strength 150
3 Concrete Compressive 123
) Strength Mechanical
Uniaxial Compressive  properties of concrete
4. 63
Strength
5. Mechanical Properties 55
6. Shear Strength 38
7. Fly Ash Pozzolanic 218
8. Slags additives 114
9. Silica Fume 85
10. Machine Learning 1154
11. Machine-learning 686
12. Forecasting 630
Machine Learning
13. Models 255
14. Neural Networks 254
15. Decision Trees . 247
16. Mean Square Error Mogiglmi:nd 245
17. Learning Algorithms Me th}; ds 214
18. Adaptive Boosting 211
Support Vector
19, Machines 198
20. Sensitivity Analysis 191
21. Gradient Boosting 166
Artificial Neural
22 Network 137
23 High Performance 130
Concrete
24. Geopolymers Concrete types 89
25 Self-Compacting 46
Concrete
26. Sustainable Durability and 84
Development sustainabilit
27. Durability Y 37
28. Cost Effectiveness 38
Ultrasonic Pulse .
29. Velocity Other topics 27
30. Ultrasonic Testing 27

10



IJEAIAD Vol. 1, No. 1 (2025) pp. 1-22

iast fumace slag
®  ueep

carbon r@notubes Hlesylédicement regresspn trges
base function sp s'ucd anglysis "”Q"“ge Lo smsmnwives
© radialbasis - o e © ullrag)‘ testing
5 e optimizers 3 = nong;smr.u“exalﬁnanon
predietons “bars nanopartcley, "l‘u""‘!@"”ﬂ""’ o mendestugtivgtesting e e o STy -
- censtructi N
. compaggle analyres ""“""“& dm" tree Ssope stabisty o WrARIinE
wﬂmtesnng oy Cinfillarling S0P sty gnnwipe
cecliles - .f‘mi'n - K
; B h‘gh P e COI'IG(ﬂe pavamn*sﬂmmon‘uﬂy‘sﬁms e
gEpenhagse g R - r‘ '

fuweu.wtwon(s natua!a

anfis

.
."’”‘:' OIS g (structapal members)
. ® p;
o Classitieation

o ".’""‘""’ @ cugoragp dabs
e r.arpoluwmdc ¢ hle?f‘es. ® ain * o HHS
curing teamperature ocalcigp €08 mga:. — v A L g = 1m(wmthel‘engh
o TN mmu .nquum@nw r = N ncretedilled stoel tub! P 9
] h M inders « « Wifrazh p.r@nﬁn; 0 B mws .Id girflers
alkatine ctivators ' mﬂ} @ &suue;urg p”ﬂ’“.’“" omwy‘ m’ ﬁhc’gfnf‘ polymers

:empq..:we v t’m‘.nr‘qmasucs %

alkali-agtivated o -. ' aeu'aupllmu.\un‘f. mp,cnanﬂal
.

ge‘HWmer ot wastes Neanias sl'tnglhm.‘ sugcu‘ dts-mnamlcu modets @
- .9
cogien onix em. - elwa‘ed ‘spejatu T8 o i Besoics = e .":m ey
T
mullmh;otmms Mnuauun . Qe”e(;. elasticity

. curing(u\dihﬁhv X
corresionesi smnce

m® ® worabitiey [¥ cision fraciyre wughness: o
W?sl.r:m comréte 8 v 5“ .. ductiledfracture &
carbon émissiens fier reinfofged materials
3-d pripting 31 (ORrete printing « zinc alloys
T
precess parmeters titasiium allcys

&, vosviewer

Fig. 6. Publications by keywords.

China exhibited the top contributing country, shown in Fig. 8. In second place, India contributed
publishing a total of 576 publications, as illustrated 340 publications, followed by Saudi Arabia ranked
in Fig. 7. Additionally, it demonstrated robust third with 200 publications, as detailed in Table 4.

collaborative connections with other countries, as

China

India

Saudi Arabia
Pakistan
United States

Iran

Countries

Australia
Viet Nam
South Korea

Egypt

0 100 200 300 400 500 600 700
Documents

Fig. 7. Most productive countries.
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Fig. 8. Co-authorship map of countries.

Table 4. Most Productive Countries

croatia

COUNTRY No of articles
China 576
India 340
Saudi Arabia 200
Pakistan 174
United States 169
Iran 121
Australia 119
Viet Nam 105
South Korea 87
Egypt 81
Canada 69
Malaysia 68
Iraq 64

12
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United Kingdom 63
Poland 60
Turkey 60

Russian Federation 50
Bangladesh 37
Hong Kong 33

Jordan 31
Nigeria 29
Greece 28
Japan 27
Italy 26
Sri Lanka 26
United Arab Emirates 25
Sweden 22
Germany 21
Portugal 20
Thailand 20

The most productive affiliation was “COMSATS the People's Republic of China” with 67 articles
University Islamabad, Abbottabad Campus” with and “Prince Sattam Bin Abdulaziz University”
85 articles, followed by “Ministry of Education of with 62 articles as shown in Fig. 9.

COMSATS University Islamabad, .
Ministry of Education of the People's..
Prince Sattam Bin Abdulaziz..
King Faisal Untversity
National University of Sciences and..
Southeast University
Dai hoc Cong nghé Giao thong vén tat
Future University 1n Egypt
Tongy University
Central South University

0 20 40 60 80 100

Documents

Fig. 9. Top 10 affiliations based on the number of documents.
13
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Fig. 10. Flow-work diagram for predicting concrete compressive strength using Machine learning.

The study highlights the need for large, diverse
datasets to enhance ML model accuracy. Future
research should focus on improving dataset
availability, model interpretability, and
sustainability. Innovations such as 3D printing and

nanomaterials will likely drive advancements,
aiding stakeholders in making informed decisions
regarding sustainability, policies, and research
investments. Table 5 provides an overview of the
benefits and drawbacks of ML techniques.

Table 5. An overview of the benefits and limitations of Machine learning methods.

Method advantages disadvantages Summary

MLR (Multiple Quickly estimates Unable to capture complex  Fast and

Linear Regression) linear relationships. nonlinear patterns. straightforward.

RF (Random Forest)  Improves accuracy in Requires substantial Suitable for complex,
intricate and nonlinear ~ computational resources nonlinear patterns.
datasets. and processing time.

SVR (Support Vector Helps minimize Difficult to interpret, Effective for complex,

Regression) overfitting in nonlinear ~ making it hard to assess nonlinear patterns.
data. variable influence.

DT (Decision Tree) Uses simple rules to Prone to overfitting when Easy to interpret and
explain parameter too many branches are visualize.
effects. generated.

GBR (Gradient Delivers high accuracy Computationally intensive,  Ensures precision and

Boosting Regression)

for complex datasets.

especially with large
datasets.

optimized predictions.

ANN (Artificial Accurately evaluates Large datasets increase the =~ Handles complex,
Neural Network) the influence of risk of overfitting and nonlinear
intricate parameters. computational cost. relationships.
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ANFIS (Adaptive
Neuro-Fuzzy
Inference System)

Uses fuzzy logic to
analysed complex
parameter interactions.

Interpretation becomes Offers hybrid
more challenging as dataset  solutions with
size increases. flexibility.

GEP (Gene Effectively models Requires careful parameter ~ Ensures high accuracy
Expression complex variables for ~ tuning for optimal and refined
Programming) precise predictions. performance. predictions.

5. Interpretation of Results in Context

5.1. Implications of China’s Dominance

The results show that China leads in publication
output, contributing 576 of the 1,805 articles
analysed. This trend aligns with China's national
initiatives, such as the Made in China 2025 and
New Infrastructure Plan, which emphasize smart
cities, Al-driven construction technologies, and
green building practices. These policies have
incentivized universities and research institutions
to invest heavily in machine learning (ML)
applications for structural materials and smart
infrastructure. Moreover, substantial government
funding and international collaborations have
helped position China as a global leader in research
on Al-based concrete strength prediction.

5.2. Added Value of ML Compared to
Traditional Methods

Traditional empirical models such as multiple
linear regression or fixed formulas based on mix
design ratios have long been used to estimate
concrete compressive strength. However, these
methods are often limited in scope and struggle to
capture the nonlinear and complex relationships
between multiple influencing variables (e.g.,
curing time, admixtures, environmental factors).

In contrast, machine learning models (e.g., ANN,
Random Forest, Gradient Boosting) provide higher
predictive accuracy, greater adaptability, and real-
time learning potential. These advantages are
especially useful for handling big datasets and
optimizing mix design in data-rich, time-sensitive
construction environments.

By highlighting this contrast, our study not only
maps current ML research trends but also
reinforces the practical and scientific justification
for transitioning from empirical models to data-
driven techniques in concrete strength prediction.

6. Comparison with Related Bibliometric
Studies

To contextualize the findings of this study, it is

useful to compare them with other bibliometric

reviews focused on concrete research and the
application of Machine learning (ML) in civil
engineering. For instance, Abdellatief et al. (2025)
[71]conducted a bibliometric review on Machine
learning applications in ultra-high-performance
concrete (UHPC), analyzing 1,035 documents
from the Scopus database. Similar to our study,
they found China, India, and Saudi Arabia to be
dominant contributors; however, our analysis,
based on a broader dataset of 1,805 documents
from 2014 to 2025, reveals a more extensive global
collaboration network and a wider range of ML
techniques being applied.

Another study by Mouhamadou Amar et al.
(2025)[41] explored Al-based applications in
concrete durability assessment and highlighted
neural networks and support vector machines as the
most frequently used models. Our review confirms
these findings but expands the scope by including
recent trends such as gene expression programming
(GEP), adaptive neuro-fuzzy inference systems
(ANFIS), and ensemble learning approaches,
reflecting the evolution of predictive modeling in
recent years.

Furthermore, compared to earlier reviews [72],
[73]which typically focused on a specific concrete

type (e.g., geopolymer or fiber-reinforced
concrete), our study provides a more
comprehensive domain-level analysis

encompassing different concrete compositions,
sustainability  considerations, and advanced
modeling techniques. This broader perspective
enables the identification of emerging research
hotspots and interdisciplinary integration,
particularly with sustainability, nanomaterials, and
3D printing technologies, which have not been
sufficiently emphasized in prior bibliometric
reviews.

7. Conclusion

The prediction of concrete compressive strength is
a critical research area with global significance.
Although extensive studies have been conducted,
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there remains a gap in comprehensive reviews that
systematically analyze, summarize and track recent
advancements while providing strategic directions
for future research. This study aims to bridge that
gap by offering valuable insights to advance
predictive modelling in concrete strength
assessment. Through a detailed analysis, this
research contributes to improving safety in

practical applications and enhancing work
efficiency. Additionally, it provides both
theoretical and practical contributions by

evaluating Machine learning (ML) models that
offer higher prediction accuracy. Identifying these
models will support further advancements,
ultimately strengthening research and real-world
applications in the field of concrete compressive
strength prediction.

7.1. Study Contributions

This study conducts an in-depth literature review
on predicting concrete compressive strength,
categorizing research into six major domains:
mechanical properties of concrete, different
concrete types, modeling, and analytical
techniques, pozzolanic additives, durability, and
sustainability. These classifications provide insight
into the primary research priorities in strength
prediction and the predominant methodologies
employed in the field. Research activity in this area
has grown steadily since 2020, reaching its peak in
2024, with projections suggesting continued
expansion in 2025 and beyond.

Key contributors to this research include China,
India, Saudi Arabia, Pakistan, the United States,
and Iran, reflecting their active role in advancing
sustainable construction materials, environmental
impact assessments, and Al-driven applications in
engineering. Among the most influential
researchers, Nasir Amin and Muhammad Nasir
from King Faisal University stand out for their high
number of  publications and citations,
demonstrating their significant impact on the field.
Their affiliation with Saudi academic institutions
highlights the nation’s increasing investment in
construction research. Additionally, the journal
Construction and Building Materials has emerged
as a leading publication, serving as a primary
platform for advancements in construction
technology.

The study also underscores the growing role of
Machine learning (ML) in predicting concrete
compressive strength due to its ability to model
complex relationships with high accuracy and
efficiency. Various ML models, including artificial
neural networks (ANN), random forests (RF),
gradient boosting regression (GBR), multiple
linear regression (MLR), and decision trees (DT),
have proven effective in predicting compressive
strength. More advanced approaches, such as
support vector regression (SVR) and adaptive
neuro-fuzzy inference systems (ANFIS), are
particularly useful for capturing nonlinear patterns
in data. However, certain challenges persist,
including high computational demands, difficulties
in interpretability, and potential overfitting. Each
ML technique has unique strengths and limitations,
making the selection of an appropriate model
crucial for achieving optimal predictive
performance in specific applications.

7.2. Suggestions for Academia and Industry
Practice

This study is anticipated to drive advancements in
civil engineering, construction materials, and the
concrete industry by emphasizing the significance
of Machine learning (ML) in predicting concrete
compressive strength. Based on the findings, the
following key recommendations are proposed to
enhance both academic research and industry
applications:

e ML models will serve as the foundation
for developing more precise and reliable
predictive  techniques for concrete
compressive strength.

e Continuous enhancement of these models
will lead to improvements in accuracy,
robustness, and real-world applicability.

e This research supports the advancement
of non-destructive  testing (NDT)
methods, fostering their broader adoption
in construction settings.

e Digital simulations powered by ML will
enable optimized planning and execution
of construction projects.

e The study aids in forecasting the strength
of concrete containing sustainable
materials like recycled aggregates,
olivine, and wastewater treatment sludge
ash, fostering eco-friendly construction
practices.
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e Future research will emphasize ML-
driven quality control and safety
methodologies in construction.

e The datasets used for strength prediction
will facilitate further studies on structural
strength degradation over time and
reinforcement requirements.

e Expanding and diversifying datasets is
crucial, especially in cases with limited
data availability.

e Time-dependent modeling techniques
will be developed to refine predictive
accuracy across different concrete aging
phases.

o  Future research will focus on sustainable
approaches to minimize the carbon
footprint of concrete production.

e The integration of 3D technology and
nanomaterials may lead to the development of
novel algorithms and hybrid models for
predicting concrete compressive strength.

e ML models will not only enhance predictive
accuracy but also improve interpretability,
offering deeper insights into the factors
influencing compressive strength.

7.3. Limitations of This Study

While this study provides valuable insights, it has
several limitations:

e The analysis is based on the Scopus database,
chosen for its extensive coverage and
credibility. However, some relevant studies
may have been omitted due to indexing
constraints.

e  The study initially identified 2343 articles, but
after refining the selection to research
explicitly focused on concrete compressive
strength prediction, the dataset was reduced to
1805 articles. This narrowing may have
excluded some broader or interdisciplinary
studies.

e The research specifically focuses on
publications from 2014 to March 8, 2025, as
the use of ML in concrete compressive
strength prediction gained substantial traction
post-2014. This timeframe ensures the
inclusion of contemporary research but may
exclude earlier foundational work.

e The study's bibliometric approach provides
insights into research trends, influential
authors, and institutions but does not conduct

experimental validations of ML models,
meaning practical implementation challenges
may not be fully addressed.
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