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Abstract

Concrete compressive strength is the primary criterion used to judge the
quality, safety, and durability of concrete structures, yet its conventional 28-
day determination delays quality decisions on site. Over the past two decades
a substantial body of research has used statistical regression and, increasingly,
machine-learning methods to predict compressive strength directly from
mixture proportions and curing age. This review synthesizes that literature
across three broad families of numerical approach: SPSS-based multiple linear
regression on single-laboratory datasets, classical correlation and regression
studies that established the field's core predictors, and more recent work using
larger, pooled, or heterogeneous databases together with nonlinear and
machine-learning models. Across more than thirty reviewed studies, the
water-cement ratio and cement content emerge as the most consistent
predictors of strength, while curing age contributes a positive but nonlinear,
diminishing-returns effect. A clear and recurring pattern links reported model
accuracy to dataset scale and homogeneity: small, single-source datasets tend
to yield very high coefficients of determination (R2 > 0.90), whereas large,
pooled, multi-source databases yield more moderate values (R2 between 0.50
to 0.65), which likely better represent the predictive accuracy achievable in
general engineering practice. The review identifies persistent gaps around
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dataset heterogeneity, limited treatment of supplementary cementitious
materials and admixtures, sparse interaction-term modelling, and inconsistent
independent validation practice, and proposes a research agenda addressing
these gaps. The findings are intended to help practicing engineers and
researchers to select an appropriate predictive approach and to calibrate their
expectations of accuracy according to the scale and diversity of the underlying
dataset.

These findings aim to guide practicing engineers and researchers in selecting
appropriate predictive approaches, thereby calibrating accuracy expectations
based on data diversity

Keywords: concrete compressive strength; multiple linear regression; SPSS;
machine learning; correlation analysis; water-cement ratio; model
validation; literature review
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1. Introduction

Concrete is the most widely used construction material in the world, and its
compressive strength is the single most important mechanical property used
to judge whether a batch or structural member meets its design requirements.
Compressive strength is conventionally obtained by testing standard cubes or
cylinders after a 28-day curing period, in accordance with international
standards such as ACI 318, ASTM C39, and EN 206. The resulting delay
between placement and strength confirmation is a long-standing practical
problem, since any deficiency discovered after 28 days can trigger costly
demolition, repair, or strengthening works, while significantly disrupting the
construction programme.

To mitigate this limitation, researchers have developed numerical
prediction methods that estimate compressive strength directly from mixture
proportions, curing age, and, in some cases, early-age test results, without
waiting for the full curing period. These methods range from simple bivariate
correlations, through multiple linear regression performed in general-purpose
statistical software such as SPSS, to nonlinear regression and modern
machine-learning algorithms. Each approach involves a trade-off between
transparency and accessibility on one hand, and predictive accuracy on the
other, and this trade-off is strongly mediated by the size and homogeneity of
the dataset used to build the model.

This review synthesizes the numerical (statistical and machine-learning)
branch of the compressive-strength prediction literature. It does not attempt to
cover the theoretical and purely experimental branches in depth, except where
they provide the physical basis for interpreting statistical results. The specific
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objectives are to: (1) classify the reviewed studies by dataset scale, predictor
set, and modelling technique; (2) identify which mixture variables are most
consistently reported as dominant predictors and why; (3) compare reported
accuracy metrics across studies and relate them systematically to dataset
characteristics; (4) identify methodological gaps, particularly around
independent validation and dataset heterogeneity; and (5) propose directions
for future research and practical guidance for engineers selecting a prediction
approach.

2. Review Methodology

This is a narrative, structured literature review rather than a formal systematic
review with pre-registered search strings, reflecting the breadth of publication
venues (journals, conference proceedings, and institutional reports) in this
applied engineering field. Sources were identified through targeted searches
of the concrete-technology and civil-engineering literature on regression- and
machine-learning-based compressive strength prediction, cross-referenced
against the reference lists of recent primary studies to capture earlier
foundational work. Studies were included if they (a) developed a statistical or
machine-learning model relating mixture proportions and/or curing age to
measured compressive strength, and (b) reported at least one quantitative
goodness-of-fit or error metric, such as (R, R4, MAE, RMSE, or MAPE).
Purely experimental studies without a predictive modelling component, and
purely theoretical derivations without empirical calibration, were excluded
except where cited for physical context.

For each included study the review extracted, where reported: dataset size and
source (single-laboratory versus pooled/multi-source), predictor variables
used, modelling technique, calibration goodness-of-fit, and independent
validation performance. Together, these parameters underpin the thematic
synthesis in Sections 3-5 and the comparative table in Section 6.

3. Theoretical and Historical Basis

The theoretical starting point for almost all statistical prediction work is
Abram's water-cement ratio law, which links strength inversely to the ratio of
water to cement in the fresh mix through the porosity of the resulting hardened
cement paste (Neville, 2011). Neville's classical treatment of concrete
properties (2011) provides the mechanistic explanation that later regression
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studies consistently reproduced empirically: for a fixed cement content,
additional water dilutes the paste and increases capillary porosity, thereby
reducing strength, while for a fixed water content, additional cement improves
the paste-to-void ratio and raises strength.

Early statistical work built directly on this theoretical foundation. Pande and
Gupta (2003) confirmed experimentally that the water-cement ratio is the
single most influential parameter governing strength development. Namyong
et al. (2004), analysing a large in-situ dataset of 1,442 test results from 59
mixtures, used correlation analysis to identify water-cement ratio and cement
content as the dominant predictors and derived regression equations from 7-
and 28-day data, showing that multiple linear regression using water-cement
ratio, cement content, and the cement-to-aggregate ratio provides a practical
quality-control tool. This early study established both the core predictor set
and the basic multiple-regression methodology that later SPSS-based studies
would adopt.

4. SPSS-Based Multiple Linear Regression Studies

A substantial cluster of studies has specifically used IBM SPSS Statistics to
build multiple linear regression equations relating mix proportions to
compressive strength, reflecting the software's accessibility to civil engineers
without programming backgrounds. Hussain et al. (2020) developed a
multiple linear regression equation for high-strength concrete based on cement
and water content, reporting a very strong fit (R2 = 0.949) on a dataset of 56
cube specimens. Idris and Bello (2021) modelled strength as a function of
water-cement ratio and cement content over the range of W/C = 0.40-0.70 and
likewise reported a strong correlation. Unamba et al. (2021) and Saif et al.
(2024) applied SPSS regression to smaller, purpose-built datasets of 36 and
14 mixtures respectively, obtaining models with low prediction errors on their
own data. Baihagi and Rolia (2025) used a ten-year laboratory record of 28-
day strength results to build an SPSS-based decision-support model for
ongoing quality monitoring, illustrating a longitudinal, single-source
application of the same technique. Bahoria and Vairagade (2021) extended the
SPSS-regression approach to concrete containing quarry dust and waste
plastic as sand replacements, confirming both the software choice and the
general predictor set in a non-conventional mix context.
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A common feature of this group of studies is that the datasets were small (14
to several hundred specimens) and drawn from a single laboratory or a narrow
mix-design range. As discussed further in Section 6, this combination tends to
produce very high R2 values that describe the sampled range well but may not
generalise to more heterogeneous conditions encountered across different
projects, materials, and testing programmes.

5. Larger Databases, Nonlinear Models, and Machine
Learning

5.1 Pooled and large-scale databases

A second cluster of studies has moved toward considerably larger and more
heterogeneous databases, trading some calibration fit for greater
representativeness. DeRousseau et al. (2019) combined 1,681 field-produced
mixtures with over 1,000 laboratory mixtures and found that even the best-
performing regression and polynomial models achieved only a moderate
coefficient of determination (R?> = 0.51) when predicting field strength.
Furthermore, models trained purely on laboratory data tended to over-estimate
field strength due to uncontrolled site conditions. Young et al. (2018) used a
database exceeding 10,000 observations and found that machine-learning
models outperformed classical regression for large, heterogeneous datasets,
while still confirming cement content, water content, and age as dominant
predictors. Similarly, Assegie et al. (2022) and Bansal et al. (2023), working
with the widely used UCI concrete dataset of 1,030 records, reported higher
Rz values around 0.90-0.94 for optimized regression and machine-learning
models, again identifying cement content, curing age, and water content as the
most influential variables — a reminder that dataset size alone does not
determine achievable accuracy; homogeneity of sourcing and mix-design
conventions matters at least as much.

5.2 Nonlinear age formulations

Because strength gain with curing age follows a diminishing-returns pattern
rather than a straight line, several studies have explored nonlinear age
formulations. Qadi et al. (2011) fitted fully quadratic response-surface models
to cement and water content and found that quadratic terms improved fit over
simple linear terms at early ages. Kazberuk and Lelusz (2007) and Abd et al.
(2008) developed regression models relating strength to replacement
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proportions and curing age for both cement paste and concrete, reporting
strong correlation coefficients that reinforce the role of age as a predictor once
its nonlinearity is accounted for. Nipatsat and Tangtermsirikul (2004) and
Daregholi and Hosseinzadeh (2021) specifically developed mathematical
formulations for estimating strength at various curing ages. In particular, this
included a mix-specific, project-calibrated approach for mass-concrete dam
construction that achieved notably better accuracy than generic multi-source
equations — underscoring the value of project-specific calibration highlighted
further in Section 7.

5.3 Machine-learning and hybrid approaches

Jaskulski et al. (2017) built five first-order models with two to six input
parameters and found that prediction accuracy improved as aggregate quality
and additional variables were incorporated. Hematibahar and Kharun (2024)
compared linear, ridge, and polynomial regression on more than 45 mix
designs and found ridge and polynomial regression outperformed ordinary
linear regression (R2 = 0.93 and 0.91 respectively). Wang et al. (2022) and
Ahmed et al. (2025) used probabilistic and neural-network-based approaches
on smaller, curated datasets and achieved very high R2 values (0.966 and
0.977), reinforcing the general finding that model accuracy tends to improve
as dataset homogeneity increases, even when the underlying mathematical
form is comparatively simple. More recent applied studies, including Wang et
al. (2024), Ismail et al. (2024), Ezenkwa et al. (2025), and Ramadhan and
Raharjo (2025), continue to confirm cement content, water-cement ratio, and
curing age as first-order predictors while extending the methodology toward
interpretable machine learning and toward accelerated, sub-28-day quality
assessment.

6. Synthesis: Predictors, Dataset Scale, and Reported
Accuracy

Across the reviewed literature, three patterns recur with notable consistency.
First, the water-cement ratio and cement content are almost universally
identified as the strongest predictors of compressive strength, whether
considered individually through bivariate correlation or jointly within a
multivariable regression (Idris & Bello, 2021; Namyong et al., 2004; Pande &
Gupta, 2003; Neville, 2011; Assegie et al., 2022; Bansal et al., 2023; Wang et
al., 2024). Second, curing age contributes a positive but nonlinear effect, best
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captured through a logarithmic or quadratic transformation rather than a linear
term (Daregholi & Hosseinzadeh, 2021; Nipatsat & Tangtermsirikul, 2004;
Qadi et al., 2011). Third, and most importantly for practitioners selecting a
modelling approach, reported model accuracy is strongly mediated by dataset
size and source homogeneity: small, single-source datasets consistently yield
very high R2 values, while large, pooled, multi-source datasets yield more
moderate values that likely better represent real-world predictive
performance.

Table 1. Indicative comparison of reported goodness-of-fit across studies of
differing dataset scale

Study Dataset scale / source Technique Reported R2

SPSS multiple linear

. 0.949
regression

Hussain et al. [7] 56 specimens, single lab

SPSS multiple linear High (single-

Unamba et al. [9] 36 mixtures, single lab .
regression source)

Wang et al. [22] Curated dataset PCA-based neural 0.966
network

Ahmed et al. [23] Curated dataset Proba_blllstlc /_ 0.977
regression hybrid

Assegie et al. [18]; UCI dataset, 1,030 |Optimised regression / 0.90 - 0.94
Bansal et al. [19] records ML ' '
Hematibahar & Kharun >45 mix designs Ridge / poI)_/nomlaI 0.91-0.93

[21] regression
> ield + i
DeRousseau et al. [16] 2,600 records, field Regrgsswn / ~0.5]
lab, pooled polynomial models

>10,000 observations, | Machine learning vs.

Young et al. [17 . 8
g [17] heterogeneous classical regression

ML > regression

This inverse relationship between dataset scale/heterogeneity and reported R2
is not a contradiction between studies but a structural feature of pooled,
observational data: as the sampled range of materials, aggregate sources, and
testing programs widens, sources of variance that are not captured by the six
or seven routinely recorded mixture variables (cement type, aggregate
mineralogy, mixing procedure, curing environment) increasingly dominate
the residual, unexplained variance. Practitioners should therefore calibrate
their accuracy expectations to the scale and diversity of the dataset underlying
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any given model, rather than assuming that a high R2 reported for a small,
single-source study will transfer to a different set of materials or a different
project.

7. Research Gaps and Future Directions

e Independent validation practices are inconsistent: many of the SPSS-
based single-source studies reviewed report only calibration-set R?
and do not test the fitted equation against an independent hold-out
sample, which risks over-stating practical predictive accuracy.

e Supplementary cementitious materials (fly ash, slag, silica fume) and
chemical admixtures, particularly superplasticisers, are largely absent
from the reviewed regression datasets, despite their increasing use in
practice; extending predictor sets to include these materials is a clear
opportunity for future work.

e Interaction effects between predictors (for example, between cement
content and curing age, or between water-cement ratio and aggregate
proportioning) are rarely modelled explicitly in the linear-regression
literature, even though several studies note nonlinear or conditional
relationships qualitatively.

e Reporting of dataset provenance (single-source versus pooled,
aggregate type, testing standard used) is uneven across studies, which
complicates like-for-like comparison of reported accuracy metrics
and motivates more standardised reporting practice.

e Comparative studies that apply both classical regression and machine-
learning techniques to the same dataset, with consistent independent
validation, remain relatively rare outside of a few large-database
studies (Young et al., 2018; Bansal et al., 2023), limiting the evidence
base for choosing between transparency and raw predictive accuracy
in a given practical context.

e Mix-specific or project-specific calibration, as demonstrated for
mass-concrete dam construction (Daregholi & Hosseinzadeh, 2021),
appears to substantially outperform generic multi-source equations
but has not yet been systematically compared across a range of project
types and scales.
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8. Practical Implications for Engineering Practice

For practicing engineers, the reviewed literature supports a differentiated use
of statistical prediction tools depending on the scale and homogeneity of the
available calibration data. Where a firm or ready-mix producer can calibrate a
regression equation on its own historical batch records, using materials and
mix designs specific to its operations, the reviewed single-source SPSS studies
suggest that very high accuracy (R2 above 0.90) is achievable, making such
equations suitable for closer, near-decision-grade quality screening. Where
only generic, literature-derived or multi-source equations are available, as in
large pooled databases, the achievable accuracy is materially lower (R2
between 0.50 and 0.65, with errors sometimes exceeding 30%). Therefore,
such equations are best used as early, approximate screening tools that flag
batches for closer follow-up rather than as a substitute for standard 28-day
compliance testing under ACI, ASTM, or EN provisions.

In either case, the water-cement ratio and cement content should be treated as
the primary variables to record and control, given their consistent dominance
across the reviewed literature, while curing age should be incorporated using
a nonlinear (logarithmic or quadratic) transformation rather than a linear term
to better represent its diminishing-returns relationship with strength gain.

9. Conclusions

e This review has synthesized more than thirty studies applying
statistical regression and machine-learning techniques to the
prediction of concrete compressive strength based on mixture
proportions and curing age.

e The water-cement ratio and cement content emerge as the most
consistently dominant predictors across the literature, with curing age
contributing a positive but nonlinear effect.

e A clear and recurring relationship links reported model accuracy to
dataset scale and homogeneity: small, single-source SPSS-based
studies report very high goodness-of-fit, whereas large, pooled, multi-
source databases report more moderate, but arguably more realistic,
accuracy.
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e  Persistent gaps remain around independent validation practice, the
treatment of supplementary cementitious materials and admixtures,
interaction-effect modelling, and the standardized reporting of dataset
provenance.

e Addressing these gaps, together with wider adoption of mix-specific
calibration and more systematic head-to-head comparison between
regression and machine-learning techniques, represents a productive
agenda for future research and offers practical guidance for engineers
selecting an appropriate early-age strength prediction approach for
their own materials and projects.

10. Recommendations

The following recommendations translate the review's findings into concrete
actions for practising engineers and for researchers extending this line of
work.

10.1 Recommendations for Practising Engineers

e Calibrate SPSS-based multiple linear regression equations on in-
house historical batch records rather than relying on generic literature-
derived equations; very high accuracy (R2 above 0.90) is realistically
achievable only when the calibration data are drawn from the firm's
own materials and mix designs.

e Treat water-cement ratio and cement content as the primary variables
to record and control on site, and represent curing age using a
nonlinear (logarithmic or quadratic) transformation rather than a
linear term, consistent with its diminishing-returns effect on strength
gain.

e Use generic, multi-source, or pooled-database equations only as early,
approximate screening tools that flag batches for closer follow-up, not
as a substitute for standard 28-day compliance testing under ACI,
ASTM, or EN provisions.

e Where supplementary cementitious materials or admixtures (fly ash,
slag, silica fume, superplasticisers) are used on site, extend or
recalibrate in-house prediction models accordingly, since these
materials are largely absent from the regression datasets reviewed.
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e Record and retain dataset provenance (single-source versus pooled,
aggregate type, testing standard used) whenever developing or
adopting a predictive equation, to support later validation and to avoid
misapplying a model beyond the conditions it was calibrated on.

10.2 Recommendations for Researchers

e Report independent hold-out validation performance alongside
calibration-set R2, since many of the SPSS-based single-source
studies reviewed report only calibration-set fit and may over-state
practical predictive accuracy.

e Extend predictor sets to include supplementary cementitious materials
and chemical admixtures, particularly superplasticisers, which remain
largely absent from the regression datasets reviewed despite their
increasing use in practice.

e Model interaction effects explicitly (for example, between cement
content and curing age, or between water-cement ratio and aggregate
proportioning) rather than relying solely on additive linear terms.

e Adopt standardised reporting of dataset provenance and scale (single-
source versus pooled, aggregate type, testing standard) to enable like-
for-like comparison of reported accuracy metrics across studies.

e Conduct more comparative studies applying both classical regression
and machine-learning techniques to the same dataset, with consistent
independent validation, to build a stronger evidence base for choosing
between transparency and raw predictive accuracy.

e Systematically compare mix-specific or project-specific calibration,
as demonstrated for mass-concrete dam construction (Daregholi &
Hosseinzadeh, 2021), against generic multi-source equations across a
wider range of project types and scales.
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