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Abstract

The utilization of slag-based materials as non-carbonated CaO sources has attracted increasing at-
tention as a strategy to reduce limestone consumption and CO2 emissions in cement manufacturing.
However, compressive strength development in cementitious systems incorporating slag and CaCO3

replacement is governed by complex interactions among slag chemistry, mixture design, and physical
properties, which makes systematic interpretation and prediction challenging. In this study, a struc-
tured dataset was compiled from previously published experimental investigations on clinker and
cement systems incorporating various slag types and CaCO3 replacement levels. The dataset integrates
slag chemical composition, mixture design parameters, and physical properties with compressive
strength measured at 3 and 28 days. Based on observed experimental trends, compressive strength
prediction at multiple curing ages was formulated as a multi-output regression problem to explicitly
account for the correlated nature of strength development over time. The results reveal clear nonlinear
relationships between compressive strength, curing age, and multiple material parameters. Mixed-slag
systems generally exhibit higher early-age strength compared to single-slag systems at comparable
CaCO3 replacement levels, while differences among systems become less pronounced at later ages.
These findings indicate that compressive strength at different curing ages is interrelated and influenced
by shared material characteristics rather than independent variables. Overall, this study provides
a data-driven analysis of strength development trends in slag-blended cementitious materials and
establishes a consistent literature-based dataset framework suitable for multi-age strength modeling.
The proposed approach offers a transparent basis for future predictive modeling and optimization of
cement systems incorporating slag-based non-carbonated CaO sources.

Keywords: supplementary cementitious materials; slag cement; compressive strength; multi-output
prediction; deep neural networks

1. Introduction
The demand for sustainable cementitious materials has intensified in response to the need to

reduce CO2 emissions and natural resource consumption in the cement industry [1–4]. One widely
adopted strategy is the partial replacement of clinker with supplementary cementitious materials,
such as blast-furnace slag, together with mineral additives including calcium carbonate CaCO3 [5–7].
Slag-based materials are particularly attractive due to their potential to reduce limestone usage while
maintaining acceptable mechanical performance, especially at later curing ages [8–12]. However,
the compressive strength development of slag–limestone blended cementitious systems is governed
by complex interactions among slag chemistry, replacement ratio, and physical properties, making
systematic interpretation challenging [13].

Compressive strength remains one of the most critical performance indicators for cement-based
materials, as it directly influences structural design and serviceability [14]. Experimental studies have
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shown that both early-age and later-age compressive strength are sensitive to multiple interacting
parameters, including chemical composition of slag, fineness, and CaCO3 replacement level [15,16]. In
particular, increasing CaCO3 replacement generally leads to a reduction in early-age strength due to
clinker dilution, while its influence on later-age strength is often less pronounced. Despite extensive
experimental efforts, these effects are typically reported within isolated studies focusing on specific
material combinations, which limits the extraction of general trends applicable across different cement
systems.

In recent years, data-driven modeling techniques have emerged as useful tools for analyzing
complex, nonlinear relationships in cementitious materials. Machine learning and deep learning
approaches have been applied to predict compressive strength using chemical composition, mixture
proportions, and curing age as input features [17,18]. However, most existing studies treat compressive
strength at each curing age as an independent prediction target [19]. This single-output formulation
neglects the inherent correlation between early-age and later-age strength, even though both responses
originate from the same hydration and microstructural development processes [20].

From a materials perspective, compressive strength values measured at different curing ages
are not independent properties but rather reflect different stages of a continuous strength evolution
process [21]. Early-age hydration behavior influences the formation of the microstructural framework
that governs later-age strength development. Consequently, compressive strength at early and later
ages is expected to exhibit shared dependencies on material parameters, while also showing age-
dependent sensitivity [22]. Modeling these strengths independently may therefore fail to capture the
coupled nature of strength development in slag-blended cementitious systems.

At the same time, a large volume of high-quality experimental data on slag- and limestone-
containing cement systems has already been reported in the literature. These datasets are often
underutilized beyond their original experimental objectives, despite their potential to support broader
trend analysis and modeling [23]. Systematically integrating published experimental results into a
structured dataset provides an opportunity to extract additional insights, identify general behavior,
and explore modeling strategies without the need for extensive new experimentation.

In this context, the present study proposes a data-driven analysis of compressive strength develop-
ment in cementitious systems incorporating slag-based non-carbonated CaO and CaCO3 replacement.
A literature-based dataset is constructed by integrating slag chemical composition, mixture design
parameters, and physical properties with compressive strength measured at 3 and 28 days. Based
on observed experimental trends, compressive strength prediction at multiple curing ages is formu-
lated as a multi-output regression problem to explicitly account for the correlated nature of strength
development over time.

The objective of this study is not to establish a definitive predictive model with optimized
accuracy, but rather to demonstrate the feasibility and usefulness of multi-age data-driven modeling
for interpreting strength development trends in slag–limestone blended cementitious materials. By
combining literature-based data integration with multi-output learning, this work aims to provide a
transparent framework for analyzing early-age and later-age strength behavior and to offer insights
that can support future experimental design and modeling efforts.

2. Materials and Methods
2.1. Dataset Compilation and Variables

The dataset used in this study was compiled from previously published experimental investi-
gations on cementitious systems incorporating blast-furnace slag and calcium carbonate (CaCO3) as
partial cement replacements. Only studies reporting detailed information on material composition,
mixture design parameters, and compressive strength were considered to ensure consistency and relia-
bility of the collected data. By integrating experimental results from multiple sources, the constructed
dataset covers a broad range of slag compositions and mixture conditions, enabling systematic trend
analysis beyond individual experimental studies.
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The compiled dataset includes descriptors at both the raw material level and the cement level. At
the raw material level, the chemical composition of slag is characterized by the mass fractions of SiO2,
Al2O3, Fe2O3, CaO, MgO, and SO3, expressed in wt.%. These variables represent the intrinsic chemical
characteristics of slag that influence hydration reactions and strength development. At the cement
level, mixture design parameters such as the CaCO3 replacement ratio and slag replacement ratio are
included, together with physical properties represented by fineness and mortar flow.

Compressive strength measured at curing ages of 3 and 28 days is selected as the output variables
of interest. These two curing ages are commonly reported in the literature and represent early-age
and later-age mechanical performance, respectively. Rather than treating these strength values as
independent responses, they are considered as correlated outputs reflecting different stages of a
continuous strength development process.

Table 1 summarizes the statistical characteristics of all input and output variables in the compiled
dataset, including the minimum, maximum, mean, and standard deviation values. The CaCO3

replacement ratio investigated in the collected studies ranges from 0 to 12 wt.%, while the slag
replacement ratio spans a wide interval depending on the original experimental design. The resulting
dataset provides a consistent basis for subsequent data-driven modeling and qualitative interpretation
of compressive strength development in slag–limestone blended cementitious systems.

Table 1. Summary statistics of input and output variables used for data-driven modeling.

Chemical composition of slag (raw material level)

Variable Unit Min Max Mean Std.Dev.

SiO2 wt. % 10.20 34.81 20.37 12.45
Al2O3 wt. % 3.37 23.10 12.33 8.42
Fe2O3 wt. % 0.94 34.94 14.73 15.03

CaO wt. % 35.51 45.00 42.01 3.95
MgO wt. % 3.34 6.30 4.66 1.23
SO3 wt. % 0.06 3.87 1.32 1.52

Mixture design and physical properties (cement level)

Variable Unit Min Max Mean Std.Dev.

CaCO3 replacement ratio wt.% 0 12 6.0 4.74
Slag replacement ratio wt.% 0 23.10 10.79 8.02
Fineness cm2/g 3610 4066 3860 125
Mortar flow mm 185 207 196 7

Output variables (compressive strength)

Compressive strength (3 d) MPa 12.1 42.8 27.6 8.9
Compressive strength (28 d) MPa 31.4 71.2 52.3 10.7

Note: The summarized variables represent the input and output features used for subsequent data-driven modeling and
analysis.

2.2. Dataset Structure and Representative Examples

The compiled dataset encompasses a variety of cementitious systems, including ordinary Portland
cement (OPC) as a reference, single-slag blended cements, and mixed-slag blended cements incorpo-
rating different slag types. These systems reflect the diversity of experimental conditions reported in
the literature and allow the analysis of compressive strength development across a broad range of
material combinations.

For single-slag systems, the dataset includes mixtures containing one dominant slag type with
varying CaCO3 replacement ratios and fineness levels. Mixed-slag systems consist of combinations of
blast-furnace slag with other industrial slags, such as basic oxygen furnace slag, representing more
complex raw material scenarios. This distinction enables the examination of strength development
behavior under both relatively simple and more heterogeneous slag compositions.
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Rather than presenting the entire dataset in tabular form, representative examples are summarized
to illustrate the structure and scope of the data used for modeling. These examples highlight key input
variables, including slag type, CaCO3 replacement ratio, fineness, and selected chemical composition
indicators, together with the corresponding compressive strength values at 3 and 28 days. This
approach provides transparency regarding the dataset organization while avoiding unnecessary
redundancy.

Table 2 presents representative dataset entries employed for data-driven modeling. The selected
entries demonstrate the variability in mixture design parameters and compressive strength outcomes
across different cement systems. It should be noted that these examples are intended to illustrate the
dataset structure rather than to serve as an exhaustive listing of all collected data.

Table 2. Representative dataset entries used for data-driven modeling of compressive strength.

System Slag
type

CaCO3
repl.(%)

Fineness
(cm2/g)

Slag
CaO

(wt.%)

Slag
SiO2

(wwt.%)

3d
(MPa)

28d
(MPa)

OPC - 0 3652 - - 32.2 70.5

Single slag LF 3 3610 45.00 10.20 29.5 67.9
Single slag LF 6 3757 45.00 10.20 27.1 67.1

Mixed slag (H) BF+KR+LF 3 3848 44.26 23.79 34.3 70.5
Mixed slag (H) BF+KR+LF 6 3855 44.26 23.79 33.9 69.1
Mixed slag (H) BF+KR+LF 9 3984 44.26 23.79 31.0 62.4
Mixed slag (H) BF+KR+LF 12 3865 44.26 23.79 29.5 62.8

Mixed slag (P) BF+BOF 3 3886 39.57 29.02 38.4 68.4
Mixed slag (P) BF+BOF 6 3851 39.57 29.02 35.9 69.0
Mixed slag (P) BF+BOF 9 4066 39.57 29.02 32.8 68.6
Mixed slag (P) BF+BOF 12 3979 39.57 29.02 30.6 63.3

Note: The listed entries represent selected examples from the compiled literature-based dataset and are provided to illustrate
the structure of the data used for modeling rather than the complete dataset.

By organizing the dataset in this manner, the present study ensures that the modeling framework
is trained on diverse yet systematically structured information. This structure supports the subsequent
analysis of strength development trends while maintaining consistency with the heterogeneous nature
of literature-based experimental data.

2.3. Modeling Framework

To analyze compressive strength development in slag–limestone blended cementitious systems, a
data-driven modeling framework was adopted. The primary objective of the modeling approach was
not to achieve maximum predictive accuracy, but to explore general trends in strength development
and to investigate the coupled behavior of early-age and later-age compressive strength based on
literature-derived experimental data.

The compiled dataset was formulated as a regression problem, in which the input features
consisted of slag chemical composition at the raw material level, mixture design parameters, and
physical properties at the cement level. The output variables were defined as compressive strength
measured at curing ages of 3 and 28 days. Given that these two strength values represent different
stages of a continuous hydration and microstructural development process, they were treated as
correlated outputs rather than independent prediction targets.

Based on this consideration, a multi-output learning strategy was employed. In this formulation,
a single model simultaneously predicts compressive strength at both curing ages, allowing shared
information between early-age and later-age responses to be exploited during training. This approach
contrasts with conventional single-output models, which independently predict strength at each curing
age and may overlook the intrinsic relationship between strength values measured at different times.
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Several representative modeling approaches were considered to evaluate the general behavior
of data-driven prediction, including linear regression, tree-based ensemble methods, and a multi-
task deep neural network. Linear regression serves as a baseline model to assess the limitations of
linear assumptions, while tree-based methods are capable of capturing nonlinear interactions among
input variables. The multi-task deep neural network is specifically designed to handle multi-output
regression by learning shared and task-specific representations for strength prediction at different
curing ages.

Figure 1 illustrates the overall workflow of the proposed modeling framework, including data
acquisition from the literature, feature definition, multi-output learning, and subsequent evaluation
and interpretation. This framework provides a consistent basis for examining strength development
trends and assessing the feasibility of multi-age data-driven modeling for complex cementitious
material systems.

1
Literature-based

experimental
data

DATA COLLECTION FEATURE DEFINITION
MODEL

DEVELOPMENT
MODEL

ASSESSMENT

Input features were defined at both
the raw material level and the

cement level, including slag chemical
composition, CaCO$_3$

replacement ratio, fineness, and
physical properties relevant to

strength development.

A multi-output regression
framework was adopted to

simultaneously predict
compressive strength at 3 and 28

days, allowing shared information
between early-age and later-age

strength development to be
captured.

Model predictions were
evaluated using standard

error metrics, and the results
were interpreted to identify

general strength
development trends and the

influence of key material
parameters.

2 3 4
Input feature

construction (raw
material + cement level

Multi-output learning
model (3d and 28d

strength)

Model evaluation and
interpretation

DATA-DRIVEN MODELING FRAMEWORK

Experimental data on slag–
limestone blended cement

systems were collected from
previously published studies.

Only datasets reporting material
composition, mixture design
parameters, and compressive

strength at different curing ages
were considered.

Figure 1. Data-driven modeling framework illustrating the workflow from literature-based data collection and
input feature definition to multi-output learning for compressive strength prediction and subsequent model
evaluation and interpretation.

2.4. Model Training and Evaluation Strategy

Prior to model training, all input variables were preprocessed to ensure numerical consistency
across different feature scales. Continuous input features, including chemical composition parameters,
mixture design variables, and physical properties, were normalized to eliminate scale-related bias
during model learning. This preprocessing step is particularly important for literature-based datasets,
where input variables originate from heterogeneous experimental sources.

The compiled dataset was randomly divided into training and testing subsets. The training set
was used to fit the data-driven models, while the testing set was reserved for independent evaluation
of model behavior. This strategy allows the generalization capability of the models to be examined
without relying on the same data used for training.

Model performance was assessed using commonly adopted error metrics, including mean ab-
solute error (MAE), root mean square error (RMSE), and the coefficient of determination (R2). These
metrics were selected to provide complementary information on prediction accuracy and overall agree-
ment between predicted and measured compressive strength values. Performance evaluation was
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conducted separately for compressive strength at 3 and 28 days to capture age-dependent prediction
behavior.

It should be emphasized that the primary purpose of model evaluation in this study is not
rigorous performance benchmarking, but rather the identification of general prediction trends and the
assessment of the feasibility of multi-output learning for compressive strength analysis. Consequently,
model comparison is interpreted in a qualitative and relative manner, focusing on consistency and
robustness of prediction behavior across different curing ages rather than on absolute optimization of
accuracy.

2.5. Scope and Limitations

The scope of the present study is limited to the analysis of compressive strength development
in slag–limestone blended cementitious systems based on previously published experimental data.
The constructed dataset integrates results from multiple literature sources, which enables broad trend
analysis but also introduces inherent variability associated with differences in experimental conditions,
testing standards, and material sources.

It should be noted that the compiled dataset is heterogeneous in nature, reflecting the diversity of
slag types, mixture designs, and curing conditions reported in the literature. Although this hetero-
geneity may influence quantitative prediction accuracy, it is considered appropriate for the primary
objective of this study, which is to identify general strength development trends rather than to establish
a strictly optimized predictive model.

Furthermore, the analysis focuses on compressive strength measured at curing ages of 3 and
28 days, as these ages are most commonly reported in published studies. Strength development
at other curing ages, as well as additional durability-related properties, are not considered in the
present framework. Consequently, the applicability of the proposed modeling approach is restricted to
early-age and later-age strength behavior within the investigated age range.

Finally, the data-driven models employed in this study are intended to support qualitative inter-
pretation and comparative trend analysis. The modeling results should therefore be interpreted as
complementary to experimental investigations rather than as a replacement for detailed laboratory
testing. Future studies may extend the proposed framework by incorporating larger datasets, addi-
tional curing ages, and more comprehensive material descriptors to further enhance the robustness
and interpretability of data-driven analysis in cementitious material research.

3. Results and Discussion
3.1. Strength Development Trends in the Compiled Dataset

The strength development behavior of slag–limestone blended cementitious systems was first
examined at the dataset level to establish baseline trends prior to data-driven modeling. Figure 2
presents multiple complementary perspectives on the influence of CaCO3 replacement on compressive
strength development at early and later curing ages.

Figure 2(a) shows the absolute compressive strength values measured at curing ages of 3 and
28 days. At early age, compressive strength generally decreases with increasing CaCO3 replacement,
indicating a pronounced sensitivity of early-age strength to clinker dilution and limited early hydration
of slag. In contrast, 28-day compressive strength exhibits a comparatively milder reduction over the
same replacement range, suggesting partial compensation through continued slag hydration and filler
effects at later ages.
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(a) (b)

(c) (d)

Figure 2. Effects of CaCO3 replacement on compressive strength development at early and later curing ages: (a)
absolute compressive strength at 3 and 28 days; (b) strength retention index normalized to the reference mixture
without CaCO3; (c) strength maturity ratio (28 d / 3 d) illustrating the relative contribution of later-age strength
development; and (d) bootstrap-based median trends with 95% uncertainty bands reflecting variability in the
compiled literature-based dataset.

To reduce the influence of absolute strength magnitude and highlight relative performance,
Figure 2(b) presents the strength retention index normalized to the reference mixture without CaCO3

replacement. This normalization reveals a clear divergence between early-age and later-age behavior,
with early-age strength showing a more rapid decline as CaCO3 content increases, while later-age
strength remains relatively stable across moderate replacement levels.

Further insight into strength development behavior is provided by the strength maturity ratio
shown in Figure 2(c), defined as the ratio of 28-day to 3-day compressive strength. The non-linear
variation of this ratio with CaCO3 replacement reflects changes in the balance between early-age and
later-age strength contributions. Higher maturity ratios at increased CaCO3 contents indicate a greater
reliance on later-age hydration processes to achieve mechanical performance.

Given the heterogeneous nature of literature-based experimental data, uncertainty associated with
observed trends was explicitly considered. Figure 2(d) illustrates bootstrap-based median strength
trends together with 95% uncertainty bands for both curing ages. The width of the uncertainty bands
reflects variability arising from differences in slag chemistry, mixture design, and experimental condi-
tions across the compiled studies. Despite this variability, the overall trends observed in Figure 2(a)–(c)
remain consistent, supporting the robustness of the identified strength development patterns.

Overall, the combined analyses in Figure 2(a)–(d) demonstrate that CaCO3 replacement exerts
a stronger influence on early-age compressive strength than on later-age strength, while later-age
hydration processes mitigate early strength loss to some extent. These dataset-level observations
provide a mechanistic basis for subsequent evaluation of data-driven model predictions and justify the
adoption of a multi-output learning framework to jointly analyze early-age and later-age compressive
strength.

3.2. Prediction Behavior of Data-Driven Models

The prediction behavior of the data-driven models was examined to evaluate their ability to
capture general compressive strength trends across different curing ages. Figure 3 compares the
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prediction errors of representative models for compressive strength at 3 and 28 days, providing insight
into age-dependent prediction characteristics rather than absolute performance ranking.

Across all modeling approaches, prediction errors at 28 days are generally lower than those
at 3 days. This observation indicates that later-age compressive strength exhibits more consistent
relationships with the selected input features, whereas early-age strength is more sensitive to variations
in mixture design and slag characteristics. The higher variability associated with early-age hydration
processes contributes to increased uncertainty in 3-day strength prediction.

Models employing a multi-output learning formulation demonstrate more balanced prediction
behavior between the two curing ages compared with single-output formulations. By jointly learning
early-age and later-age strength responses, the multi-output models are able to exploit shared informa-
tion between correlated outputs, resulting in improved consistency of prediction trends. In particular,
extreme prediction deviations observed at early age are partially mitigated when strength values at
both curing ages are learned simultaneously.

Differences among individual model types primarily reflect their ability to represent nonlinear
relationships between material parameters and compressive strength. Linear regression models
tend to exhibit larger prediction errors, especially at early age, suggesting limitations in capturing
complex interactions among slag chemistry, CaCO3 replacement, and physical properties. In contrast,
nonlinear models, including tree-based methods and neural network architectures, show reduced
error dispersion and more stable prediction trends.

It is emphasized that the purpose of this comparison is not strict performance benchmarking,
but rather the qualitative assessment of model behavior and robustness. The trends observed in
Figure 3 indicate that data-driven models can reasonably capture compressive strength development
patterns, particularly when multi-output learning is adopted. These results support the feasibility of
applying data-driven approaches to analyze strength development in heterogeneous, literature-based
cementitious material datasets.

Linear
regression

Tree-based
model

Multi-output
NN

Model type

0

1

2

3

4

5

6

7

R
M

SE
 (

M
Pa

)

3 d
28 d

Figure 3. Comparison of prediction error trends for representative data-driven models at curing ages of 3 and 28
days.
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3.3. Agreement Between Predicted and Measured Compressive Strength

The agreement between predicted and measured compressive strength was further evaluated
using parity and residual analyses, as shown in Figure 4. This combined representation provides
complementary insight into prediction accuracy, dispersion, and potential bias at different curing ages.

Figure 4(a) presents the relationship between predicted and measured compressive strength
at curing ages of 3 and 28 days. For both ages, most data points are distributed close to the ideal
one-to-one line, indicating that the data-driven models are able to capture the overall magnitude of
compressive strength across a wide strength range. The agreement is particularly strong at 28 days,
where predictions cluster tightly around the ideal line, reflecting the more stable and systematic nature
of later-age strength development.

In contrast, the scatter observed at 3 days is comparatively larger, especially at lower strength
levels. This behavior is consistent with the higher sensitivity of early-age strength to variations in
mixture composition, slag reactivity, and curing conditions. The increased dispersion at early age
highlights the inherent uncertainty associated with predicting early hydration-controlled strength in
heterogeneous, literature-based datasets.

Additional insight is provided by the residual analysis shown in Figure 4(b), where prediction
residuals are plotted against measured compressive strength. Residuals for both curing ages are
generally centered around zero, suggesting the absence of systematic prediction bias across the
investigated strength range. However, residual dispersion is wider for 3-day strength, whereas 28-day
residuals remain more narrowly distributed, further confirming the improved prediction consistency
at later age.

Overall, the combined parity and residual analyses demonstrate that the proposed data-driven
modeling framework yields physically meaningful and reasonably unbiased predictions of compres-
sive strength. While deviations are unavoidable due to dataset heterogeneity, the observed agreement
supports the robustness of the modeling approach and provides confidence in subsequent interpreta-
tion of model-based trends and material insights.

(a) (b)

Figure 4. Agreement between predicted and measured compressive strength obtained from the data-driven
models: (a) parity plot comparing predicted and measured strength at curing ages of 3 and 28 days with the
ideal one-to-one line; and (b) corresponding prediction residuals as a function of measured compressive strength,
illustrating prediction dispersion and potential bias across the investigated strength range.

3.4. Mechanistic Interpretation of CaCO3 Replacement Effects

The combined dataset-level analysis and model-based results provide mechanistic insight into
the role of CaCO3 replacement in controlling compressive strength development of slag–limestone
blended cementitious systems [24–26]. The observed strength behavior indicates that the influence of
CaCO3 replacement is strongly dependent on curing age, reflecting the interplay between dilution
effects, slag reactivity, and microstructural evolution [27].
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At early curing age (3 days), compressive strength exhibits pronounced sensitivity to increasing
CaCO3 replacement [28]. This behavior can primarily be attributed to clinker dilution, which reduces
the availability of early-reacting clinker phases responsible for rapid strength gain. As CaCO3 content
increases, the reduced clinker fraction limits the formation of calcium silicate hydrate during the
initial hydration period. In addition, slag hydration is generally limited at early age due to its latent
hydraulic nature, particularly in systems where alkalinity is reduced by clinker dilution [29–34]. These
combined effects explain both the systematic reduction and the increased variability of early-age
strength observed across the compiled dataset.

Beyond dilution, the heterogeneity of slag chemical composition further contributes to early-age
strength variability. Differences in CaO content, glass structure, and fineness influence the onset and
rate of slag hydration, resulting in non-uniform early-age strength responses under similar CaCO3

replacement levels. This variability is reflected in the broader dispersion of early-age prediction results
and highlights the sensitivity of early-age performance to subtle material differences.

In contrast, the influence of CaCO3 replacement on later-age (28 days) compressive strength is
comparatively less severe [35]. Continued hydration of slag contributes progressively to the formation
of additional calcium silicate hydrate, partially compensating for early-age strength loss associated
with clinker dilution. Furthermore, finely divided CaCO3 particles can act as physical fillers, improving
particle packing density and refining pore structure. CaCO3 may also serve as nucleation sites for
hydration products, facilitating more uniform microstructural development at later ages [36]. These
mechanisms collectively contribute to the more stable later-age strength trends observed in the dataset.

The strength maturity ratio provides further insight into the shifting contribution of strength
development mechanisms with increasing CaCO3 content. Higher maturity ratios at elevated replace-
ment levels indicate that a greater proportion of the final compressive strength is achieved during later
hydration stages rather than at early age. This behavior suggests a transition from clinker-dominated
early hydration to slag-controlled long-term strength development as CaCO3 replacement increases.
Such a transition underscores the importance of multi-age evaluation when assessing the performance
of slag–limestone blended cementitious systems [37].

The parity and residual analyses support these mechanistic interpretations by revealing distinct
age-dependent prediction characteristics. While early-age predictions exhibit greater dispersion,
residuals remain centered around zero, indicating that the observed variability primarily reflects
inherent material heterogeneity rather than systematic bias introduced by the modeling framework. At
later age, the narrower residual distribution suggests that compressive strength is governed by more
consistent structure–property relationships, which are more readily captured by data-driven models.

From a broader perspective, the mechanistic interpretation of CaCO3 replacement effects high-
lights a fundamental trade-off between early-age performance and later-age strength development.
While increased CaCO3 replacement may compromise early-age strength due to dilution-dominated
mechanisms, later-age performance can be partially recovered through slag hydration and microstruc-
tural refinement. These findings emphasize that evaluations based solely on early-age strength may
underestimate the long-term performance potential of slag–limestone blended systems and reinforce
the need for modeling frameworks capable of jointly analyzing strength development across multiple
curing ages.

3.5. Implications for Data-Driven Modeling and Material Design

The mechanistic interpretation of CaCO3 replacement effects provides several implications for
both data-driven modeling strategies and the design of slag–limestone blended cementitious systems.
These implications highlight how strength development behavior can be more effectively analyzed
and utilized when early-age and later-age responses are considered simultaneously.

From a data-driven modeling perspective, the results demonstrate the importance of jointly
learning compressive strength at multiple curing ages [38,39]. Early-age and later-age strengths
are governed by related, yet distinct, physical mechanisms, leading to correlated but non-identical
responses. Multi-output learning frameworks are therefore particularly well suited for such systems,

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 February 2026 doi:10.20944/preprints202602.0671.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0671.v1
http://creativecommons.org/licenses/by/4.0/


11 of 15

as they allow shared information between curing ages to be exploited while preserving age-specific
behavior. This approach improves the robustness of trend capture, especially in heterogeneous
literature-based datasets where exact numerical prediction is inherently challenging [40].

The analysis also indicates that later-age compressive strength exhibits more consistent and
predictable relationships with material descriptors than early-age strength. Consequently, data-driven
models trained on later-age data tend to show reduced dispersion and improved stability [41]. This
observation suggests that modeling strategies emphasizing trend consistency and relative performance,
rather than strict pointwise accuracy, may be more appropriate for literature-based cementitious
datasets.

From a material design standpoint, the findings suggest that CaCO3 replacement should be
evaluated in relation to the intended performance requirements and curing age of interest [42]. Systems
targeting high early-age strength may require careful limitation of CaCO3 content or additional
activation strategies to mitigate dilution effects. In contrast, applications where later-age performance
is prioritized may accommodate higher CaCO3 replacement levels without substantial compromise in
compressive strength, provided that sufficient slag hydration is achieved [43–45].

The results further emphasize the importance of multi-age performance assessment in the design
and evaluation of blended cement systems. Reliance on early-age strength alone may underestimate
long-term performance potential, particularly in systems where later-age hydration mechanisms
contribute significantly to strength development. Integrating data-driven modeling with mechanistic
understanding therefore offers a promising pathway for balancing sustainability-driven material
substitution with performance requirements.

Overall, the implications drawn from this study underscore the value of combining literature-
based datasets, data-driven modeling, and mechanistic interpretation to support informed decision-
making in the design and evaluation of slag–limestone blended cementitious materials.

4. Conclusions
This study investigated compressive strength development in slag–limestone blended cemen-

titious systems using a literature-based dataset combined with data-driven modeling. By jointly
analyzing early-age and later-age strength behavior, the following conclusions can be drawn:

• Dataset-level analysis revealed that CaCO3 replacement exerts a stronger influence on early-age
compressive strength than on later-age strength. Early-age strength is highly sensitive to clinker
dilution and delayed slag hydration, whereas later-age strength exhibits more stable behavior
due to continued slag hydration and filler-related effects.

• Normalized and ratio-based indicators highlighted a shift in strength contribution from early
to later age with increasing CaCO3 replacement, underscoring the importance of multi-age
evaluation when assessing the performance of slag–limestone blended systems.

• Data-driven models were able to capture general strength development trends across curing
ages, with prediction behavior at 28 days showing reduced dispersion compared with early-
age predictions. This reflects the more systematic nature of later-age strength development in
heterogeneous literature-based datasets.

• The adoption of a multi-output learning framework improved the consistency of prediction trends
by jointly learning early-age and later-age compressive strength, providing a robust approach for
analyzing correlated strength responses.

• Parity and residual analyses demonstrated that model predictions are generally unbiased and
physically meaningful, despite unavoidable variability arising from differences in slag chemistry,
mixture design, and experimental conditions across the compiled studies.

In summary, the integration of literature-based data, data-driven modeling, and mechanistic
interpretation provides a systematic framework for analyzing strength development in slag–limestone
blended cementitious materials. The findings emphasize the necessity of considering curing-age-
dependent behavior and offer practical insight for balancing sustainability-driven material substitution
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The following abbreviations are used in this manuscript:

CaCO3 Calcium carbonate
CaO Calcium oxide
OPC Ordinary Portland cement
SCM Supplementary cementitious material
BF Blast furnace slag
BOF Basic oxygen furnace slag
LF Ladle furnace slag
GGBFS Ground granulated blast furnace slag
C–S–H Calcium silicate hydrate
RMSE Root mean square error
MAE Mean absolute error
R2 Coefficient of determination
DNN Deep neural network
ML Machine learning
MPa Megapascal
wt.% Weight percentage
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