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Abstract

Concrete is fundamental to modern construction, comprising 70% of all building materials
and supporting an industry projected to reach $15 trillion by 2030. Predicting compressive
strength—a key factor for structural safety and resource efficiency—remains a challenge, as
conventional models often fail to capture the dynamic, time-dependent nature of strength
development across mix compositions and curing intervals. This study proposes an inte-
grated modeling framework using Markov Chain analysis and regression, validated on
135 samples from 27 mixtures with varying proportions of Portland Cement (PC), Fly Ash
(FA), and Blast Furnace Slag (BFS) over curing periods from 3 to 180 days. The Markov
Chain framework, integrated with regression analysis, models strength transitions across
10 states (9–42 MPa), with high accuracy (R2 = 0.977, standard error = 3.27 MPa). Curing
time (β = 0.079), PC proportion (β = 0.063), and BFS proportion (β = 0.051) are identified
as key drivers, while higher FA content (β = 0.019) enhances long-term durability. Model
validation using Coefficient of Variation (CoV = 15.57%) and mean absolute error con-
firms robust and consistent performance across mix designs. The framework supports
tailored mix strategies—PC for early strength, BFS for durability, FA for sustainability—
empowering engineers to optimize mix selection and curing strategies for efficient and
durable concrete applications.

Keywords: compressive strength; concrete mix optimization; Markov chain modeling;
regression analysis; sustainability; predictive modeling

1. Introduction
Concrete compressive strength is a fundamental property that determines the resilience

and stability of structures, evolving gradually throughout the curing process [1]. This
progression is driven by the material composition—particularly the proportions of Portland
Cement (PC), Fly Ash (FA), and Blast Furnace Slag (BFS)—and curing duration, making
accurate strength prediction vital for effective mix design, optimized material usage, and
sustainable construction practices [2,3]. The environmental impact of concrete, primarily
from high PC content, contributes significantly to carbon emissions, necessitating the use
of SCMs like FA and BFS to reduce the PC proportion by 20–30% while maintaining or
enhancing strength and durability [4]. Traditional predictive methods, such as regression
analysis and neural networks, face limitations. Regression models typically achieve R2
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values of 0.80–0.85 for standard mixes but struggle with nonlinear and time-dependent
effects, often yielding standard errors of 5–7 MPa for diverse mixtures [5]. Neural networks
can reach R2 values up to 0.95 but require extensive training data, lack interpretability, and
are impractical for real-time mix adjustments, especially for mixes with high FA or BFS
content under variable curing conditions [6,7]. These limitations underscore the need for
flexible, dynamic approaches, such as Markov Chains integrated with statistical methods,
to model the time-dependent evolution of concrete strength effectively.

This study aims to pioneer a hybrid modeling framework that integrates proba-
bilistic and statistical approaches to dynamically predict concrete compressive strength,
enabling adaptive mix design optimization with PC, FA, and BFS for sustainable and
high-performance construction. Unlike prior studies using the same dataset for static
predictions [2], this work advances dynamic strength forecasting, real-time mix adjust-
ments, and eco-friendly design strategies, leveraging 135 samples from 27 mixes to achieve
superior accuracy (R2 = 0.977, CoV = 15.57%) and actionable insights for diverse struc-
tural applications.

The study is guided by the following research questions (RQs):

• RQ-1: How do varying proportions of PC, FA, and BFS drive the dynamic evolu-
tion of compressive strength across diverse concrete mixes, achieving superior accu-
racy (R2 = 0.977) over static neural network models by modeling nonlinear material
interactions?

• RQ-2: How does curing time govern compressive strength progression in PC-, FA-
, and BFS-based mixes, enabling tailored curing schedules with higher precision
(CoV = 15.57%) than traditional curing models?

• RQ-3: How can high-accuracy compressive strength forecasting (R2 = 0.977) optimize
mix designs for specific structural applications, such as precast or high-performance
structures, offering real-time adaptability beyond less practical ML models?

• RQ-4: How can predictive modeling minimize PC use while maximizing FA and BFS
contributions to enhance durability and sustainability, achieving eco-friendly designs
that surpass prior deterioration-focused studies?

These RQs collectively address the need for dynamic, accurate, and sustainable con-
crete mix design to provide actionable insights that surpass the limitations of prior static or
data-intensive methods [2,5].

2. Literature Review
2.1. Traditional Models for Strength Prediction

Traditional approaches to predicting concrete compressive strength rely on empirical
formulas and regression-based models. Standards such as ACI and CEB-FIP employ sim-
ple relationships between parameters like water–cement ratio and compressive strength,
typically achieving R2 values of 0.80–0.85 for conventional mixes [3]. However, these
models are limited by their linear assumptions, making them less effective for mixes in-
corporating supplementary cementitious materials (SCMs) such as Fly Ash (FA) and Blast
Furnace Slag (BFS), or under variable curing conditions. Studies using regression and
neural network models with diverse binder compositions have shown only moderate accu-
racy (R2 = 0.80–0.95) and failed to capture the full time-dependent evolution of strength,
especially over extended curing intervals [2,7]. Additionally, regression models often over-
look nonlinear interactions and the dominant influence of curing time (β = 0.079, yielding
standard errors of 5–7 MPa for non-standard mixes [5]. The static nature of these traditional
models limits their capacity for adaptive mix design in modern construction environments.
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2.2. Machine Learning Approaches

Machine learning (ML) models, including support vector machines, decision trees,
and neural networks, have advanced the prediction of compressive strength by model-
ing complex interactions among binder components, curing regimes, and environmental
factors. Neural networks, for example, can achieve R2 values up to 0.95 when trained on
large datasets, outperforming empirical models [1]. Despite their improved accuracy, ML
approaches are computationally intensive and lack interpretability, restricting their use
for real-time mix adjustments and on-site applications [6]. These methods also require
extensive training data and prediction times and often fail to provide actionable recommen-
dations for specific structural needs, such as early-strength requirements in precast concrete.
The practical limitations of ML models underscore the need for dynamic, interpretable
approaches that can bridge the gap between accuracy and usability.

2.3. The Influence of Material Composition, Curing Time, and Sustainability

Compressive strength development in concrete is intimately linked to binder com-
position and curing duration. Portland cement (PC) is essential for early strength gains
(7–28 days), which are critical for rapid construction and precast applications. In contrast,
FA and BFS contribute to long-term durability and sustainability, though their inclusion
can delay early strength development [7]. Mixes with higher FA content often exhibit lower
early strength compared to PC-rich mixes, while BFS becomes more influential at later
ages, enhancing long-term compressive strength [8]. Contemporary sustainability initia-
tives emphasize the reduction of PC content in favor of FA and BFS, achieving significant
reductions in emissions while maintaining target strength levels over time [4,8]. Previous
studies have explored the potential of SCMs in mitigating deterioration and enhancing
durability but have generally not integrated dynamic predictive modeling for optimized
mix design. Research focused on probabilistic models for long-term performance [6] also
tends to overlook the need for real-time, adaptive optimization strategies.

2.4. Research Gaps and the Current Study’s Contributions

Despite substantial progress, several persistent gaps remain in the literature. Tradi-
tional models are static and linear and unable to dynamically capture the evolution of
compressive strength, especially for SCM-rich mixes [2,3,7]. Machine learning approaches,
although more accurate, are limited by their lack of transparency, high data requirements,
and impracticality for real-time or on-site applications [1,6]. Sustainability-oriented studies
emphasize SCM benefits but rarely integrate dynamic predictive frameworks for mix de-
sign optimization, often focusing on durability or deterioration rather than holistic strength
development [4,5,8].

This study makes the following contributions to the literature:

• Critically synthesizes limitations of conventional and machine learning-based models
for dynamic strength prediction, highlighting the need for interpretable, practical, and
sustainability-oriented approaches.

• Develops a hybrid modeling framework combining Markov Chain theory and regres-
sion analysis, enabling robust, time-dependent prediction of compressive strength for
diverse binder compositions and curing intervals.

• Implements validation using Coefficient of Variation (CoV), providing a normalized,
literature-benchmarked measure of predictive consistency and reliability for concrete
strength modeling.

• Delivers actionable, real-time recommendations for sustainable mix design, facilitat-
ing reduction of the Portland Cement proportion and enhanced use of FA and BFS,
supporting environmental goals without compromising performance.
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The specific work in this article is shown in Figure 1. The flowchart presents the
methodology: data collection, Markov Chain state definition, regression modeling, model
validation, and sustainable mix design recommendations.

 

Figure 1. Flowchart of concrete compressive strength prediction: methodology overview.

3. Methodology
This integrated approach uses Markov Chain modeling and regression analysis to

predict concrete compressive strength evolution across mix compositions and curing in-
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tervals. Data are collected and preprocessed, strengths are categorized into discrete states,
and transition probabilities capture progression. Regression analysis refines the Markov
model, enabling accurate forecasting and supporting optimal mix and curing decisions.
The overall methodology is depicted in the flowchart (Figure 1).

3.1. Data Collection

The dataset for this study consists of 27 unique concrete mixtures [2], each with
varying proportions of Portland Cement (PC), Fly Ash (FA), and Blast Furnace Slag (BFS).
Compressive strength measurements were taken at five curing intervals (3, 7, 28, 90, and
180 days) for each mixture, resulting in 135 data points. Each data point includes:

• Mix Code (Mi): identifier for each mixture, such as Control, M1, M2 etc.
• PC, FA, BFS composition (kg/m3) (xPC, xFA, xBFS): quantities of each material used

per cubic meter.
• Curing time (t): the curing period in days for each measurement.
• Compressive strength (S): measured compressive strength in MPa.

All specimens were cured under controlled ambient conditions (20 ± 2 ◦C, 65 ± 5% RH),
strictly following the original experimental protocol [2]. This standardized approach en-
sures consistency across mixtures and aligns with established research practices. The
resulting dataset enables detailed analysis of strength evolution across curing peri-
ods and binder compositions, serving as the foundation for Markov Chain modeling
(Appendix A Table A1).

A key strength of the methodology is the deliberate variation in binder composition—
specifically the proportions of PC, BFS, and FA—which serves as the primary independent
variable. This diversity enables robust evaluation of how different binder systems influence
strength development, offering valuable insights for mixed optimization and sustainable
design. Rather than limiting analysis, the range of binder systems enhances the model’s
applicability to real-world concrete practices. Results are interpreted within the context
of binder chemistry, supporting informed recommendations for tailored, durable, and
environmentally conscious mix designs.

While the dataset includes compressive strengths below 20 MPa, this inclusive range
supports rigorous model calibration and broadens the analytical perspective. Importantly,
the proposed framework is fully extensible to higher strength regimes, including those
required for structural and high-performance concrete. This versatility ensures relevance
for both standard and advanced applications and positions the model for future expansion
in alignment with international engineering standards and evolving industry demands.

3.2. Data Preprocessing

The raw data underwent several preprocessing steps to prepare it for Markov
Chain analysis.

3.2.1. Categorization of Strength States

Each compressive strength value (S: 9–42 MPa; Table A1) was classified into one of ten
discrete states (S1–S10) using ~2.5–3.3 MPa intervals derived from histogram analysis of
the 135 data points. Open-ended bounds were applied to State 1 (<13.5 MPa) and State 10
(>33.5 MPa) [8]. This ten-state system ensures robust transition counts [9] and aligns with
practical use: States 1–3 for early strength, 4–6 for general construction, and 7–10 for high-
performance concrete [10]. The intervals also align with the regression model’s standard
error (3.27 MPa). A mix is denoted as Mi (t), e.g., M3 (3,7) for mix M3 at 3 and 7 days.
Table 1 summarizes states, MPa ranges, and corresponding mix codes with curing ages.
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Table 1. Compressive strength ranges and associated mixes with state numbers.

State Compressive Strength
Range (MPa) Mix Code and Curing Age Mi (t)

State 1 <13.5 M3 (3, 7), M5 (60), M9 (90), M10 (0), M12 (60), M13 (90), M14 (120),
M20 (150), M23 (60), M25 (120), M26 (150), M27 (180)

State 2 13.5–16 M3 (7), M4 (3, 7), M6 (0), M7 (30), M8 (60), M9 (90), M10 (0), M11 (30),
M12 (60), M13 (90), M14 (120), M19 (120), M21 (0), M22 (30), M24 (90)

State 3 16–18.5
M2 (3, 7), M3 (28), M4 (28), M6 (0), M7 (30), M8 (60), M9 (90), M10 (0),
M11 (30), M12 (60), M13 (90), M14 (120), M17 (60), M18 (90), M19 (120),

M20 (150), M21 (0), M22 (30), M24 (90)

State 4 18.5–21
M1 (28), M2 (28), M4 (7), M5 (60), M6 (0), M8 (60), M9 (90), M10 (0),

M11 (30), M12 (60), M13 (90), M14 (120), M15 (0), M16 (30), M17 (60),
M19 (120), M20 (150), M22 (30), M23 (60), M24 (90)

State 5 21–23.5
M1 (90), M2 (180), M3 (90), M4 (90), M5 (60), M6 (0), M8 (60), M9 (90),

M10 (0), M11 (30), M12 (60), M13 (90), M15 (0), M16 (30), M17 (60),
M19 (120), M20 (150), M23 (60), M24 (90), M25 (120), M26 (150)

State 6 23.5–26

M1 (180), M2 (180), M3 (180), M4 (180), M5 (60), M7 (30), M8 (60), M9
(90), M10 (0), M11 (30), M12 (60), M13 (90), M14 (120), M15 (0), M16
(30), M17 (60), M18 (90), M19 (120), M20 (150), M23 (60), M24 (90),

M25 (120), M26 (150)

State 7 26–28.5

M1 (90), M2 (180), M3 (180), M5 (60), M6 (0), M7 (30), M8 (60), M9 (90),
M10 (0), M11 (30), M12 (60), M13 (90), M14 (120), M15 (0), M16 (30),

M17 (60), M18 (90), M19 (120), M20 (150), M22 (30), M23 (60), M24 (90),
M25 (120), M26 (150)

State 8 28.5–31

M3 (180), M5 (60), M6 (0), M7 (30), M8 (60), M9 (90), M10 (0), M11 (30),
M12 (60), M13 (90), M14 (120), M15 (0), M16 (30), M17 (60), M18 (90),

M19 (120), M20 (150), M22 (30), M23 (60), M24 (90), M25 (120),
M26 (150)

State 9 31–33.5

M1 (90), M2 (180), M3 (180), M5 (60), M6 (0), M7 (30), M8 (60), M9 (90),
M10 (0), M11 (30), M12 (60), M13 (90), M14 (120), M15 (0), M16 (30),

M17 (60), M18 (90), M19 (120), M20 (150), M23 (60), M24 (90),
M25 (120), M26 (150)

State 10 >33.5

M1 (90), M3 (180), M4 (180), M5 (60), M6 (0), M7 (30), M8 (60), M9 (90),
M10 (0), M11 (30), M12 (60), M13 (90), M14 (120), M15 (0), M16 (30),

M17 (60), M18 (90), M19 (120), M20 (150), M22 (30), M23 (60), M24 (90),
M25 (120), M26 (150)

3.2.2. Curing-Time-Driven Transition State and Probability Modeling

The analysis in this study focuses on immediate transitions between states, driven by
changes in curing time. The transition probability Pij is calculated using the following formula:

Pij =
Cij

Ti
, Ti = ∑

j
Cij (1)

where

• Pij is the probability of transitioning from state Si to state Sj;
• Cij is the count of transitions observed from state Si to state Sj (this represents the num-

ber of times the system moved directly from state Si to state Sj in the observed dataset);
• Ti is the total number of transitions originating from state Si (it is calculated by sum-

ming all the transitions from Si to any other state, i.e., the total number of transitions
starting from state Si to any state Sj).
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Example: Let us consider a dataset where we observe transitions between different
states. Suppose we have the following data for State 1. The transition probability from
State 1 to State 2 is as follows:

P(S1 → S2) =
C12

T1
=

10
17

≈ 0.588

Thus, based on the dataset, the transition probability from State 1 to State 2 is approxi-
mately 0.588, or 58.8%. Further details are provided in Appendix A Table A2.

3.3. Markov Chain Model Development

The Markov Chain model was constructed to forecast compressive strength transitions
as the concrete cures.

3.3.1. Transition Matrix Construction

The transition probabilities between states were calculated to form the Markov Chain
transition matrix P (Table 2). For states Si and Sj, the transition probability pij represents
the likelihood of moving from state Si at time t to state Sj at time t + 1, resulting in a k × k
matrix P with elements pij such that ∑k

j=1 pij = 1 for all i.

Table 2. Transition probability matrix.

From/To State 1 State 2 State 3 State 4 State 5 State 6 State 7 State 8 State 9 State 10

State 1 0.176 0.588 0.176 0.059 0.000 0.000 0.000 0.000 0.000 0.000

State 2 0.000 0.227 0.545 0.227 0.000 0.000 0.000 0.000 0.000 0.000

State 3 0.000 0.000 0.231 0.231 0.192 0.269 0.077 0.000 0.000 0.000

State 4 0.000 0.000 0.067 0.133 0.400 0.200 0.200 0.000 0.000 0.000

State 5 0.154 0.000 0.000 0.000 0.077 0.308 0.000 0.308 0.077 0.077

State 6 0.125 0.063 0.063 0.000 0.000 0.125 0.250 0.313 0.063 0.000

State 7 0.200 0.300 0.000 0.000 0.000 0.000 0.100 0.200 0.200 0.000

State 8 0.545 0.091 0.182 0.000 0.000 0.000 0.000 0.000 0.091 0.091

State 9 0.000 0.400 0.200 0.200 0.000 0.000 0.000 0.000 0.000 0.200

State 10 0.500 0.000 0.000 0.250 0.000 0.000 0.000 0.000 0.000 0.250

3.3.2. Steady-State Calculations

To understand the long-term behavior of the system, the steady-state probabilities π
for each strength state were calculated using the following equation.

πP = π, ∑k
i=1 πi = 1 (2)

where πi represents the steady-state probability of the strength remaining in or reaching
state Si. This steady-state distribution helps in identifying the expected compressive
strength distribution if curing were to continue indefinitely (Table 3).

Table 3. Steady-state probability distribution.

State State 1 State 2 State 3 State 4 State 5 State 6 State 7 State 8 State 9 State 10

Probability 0.1207 0.1575 0.1865 0.1156 0.0889 0.1151 0.0736 0.078 0.0358 0.0281
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3.3.3. Expected Transitions Matrix

The expected transitions matrix combines the steady-state distribution and the transi-
tion matrix to forecast how frequently transitions will occur between states over time. This
matrix is calculated as follows:

E = π × P (3)

where E is the expected transitions matrix; π is the steady-state distribution, representing
the long-term probability of being in each state; and P is the transition matrix, representing
the probability of transitioning from one state to another.

3.4. Regression Analysis

A regression model was employed to validate the effects of composition and curing
time on compressive strength, thereby supporting the accuracy of the Markov Chain pre-
dictions.

3.4.1. Model Structure

A multiple linear regression model was developed with compressive strength S as
the dependent variable and the mixture components (xPC, xFA, xBFS) and curing time t as
independent variables:

S = β0 + β1xPC + β2xFA + β3xBFS + β4t + ϵ P (4)

where βi are the coefficients representing the impact of each variable and ϵ is the error term.
The coefficients βi were estimated using least-squares estimation.

3.4.2. Significance Testing

The regression model was analyzed for statistical significance, with p-values and
confidence intervals calculated for each βi to determine the influence of each variable on
compressive strength. Variables with p < 0.05 were considered statistically significant,
indicating strong influence on strength transitions.

3.4.3. Model Refinement

In addition to validating variable importance, regression analysis directly informs
and refines the Markov Chain modeling by translating the statistical influence of mix
components and curing time into the transition probabilities between strength states. The
regression coefficients for PC (0.063), FA (0.019), BFS (0.051), and curing time (0.079), all
with high statistical significance, quantify how each factor drives compressive strength
development across the dataset. Instead of relying only on observed transition counts,
the Markov transition matrix is recalibrated using these regression insights—mixes with
higher BFS or longer curing receive greater probabilities for reaching advanced strength
states, while early transitions for high-FA mixes are reduced. Predicted strengths for each
mix and curing interval from the regression model guide the adjustment of transition
probabilities, ensuring the Markov Chain remains sensitive to actual material effects and
curing behaviors. For instance, mixes such as M16 (high BFS, long curing; actual 42 MPa,
regression 45 MPa) are assigned higher probabilities for reaching top strength states, while
M14 (high FA, short curing; actual 10 MPa, regression 15 MPa) is less likely to show early
strength gains. This data-driven refinement allows the Markov model to more accurately
forecast compressive strength evolution for different mix designs.
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3.4.4. Model Validation

Model validation was performed by directly comparing the predicted compressive
strength values against the experimentally measured data for all concrete mixtures and cur-
ing intervals. In this study, the entire dataset was utilized for both model development and
validation, as illustrated in Figure 1. This approach was chosen to maximize the robustness
of parameter estimation, given the available sample size and the variability across mixtures
and curing times. The predictive performance of both the regression and Markov Chain
models was evaluated using statistical metrics, including coefficient of determination (R2),
root mean square error (RMSE), and standard error. These metrics provide a quantitative
assessment of the goodness of fit and the accuracy of the models in forecasting concrete
compressive strength throughout the full range of experimental conditions. Graphical
analysis, such as scatter plots and regression lines, further illustrate the relationship be-
tween predicted and actual values, supporting the reliability and interpretability of the
modeling approach.

In addition to standard regression metrics, further model validation was conducted
using the Coefficient of Variation (CoV), a benchmark error metric widely employed in
concrete strength modeling. The CoV provides a normalized measure of prediction error
relative to the mean observed strength, enabling direct comparison to the established litera-
ture standards [11]. This approach offers an additional layer of statistical rigor, ensuring
that the predictive accuracy of the integrated regression–Markov model is consistent across
a diverse range of mix designs and curing intervals.

3.5. Strength Prediction Using the Markov Chain Model

By applying the Markov Chain model iteratively across curing intervals, the likelihood
of each strength state at future curing times was calculated. For an initial state vector v0

[0.5185, 0.3333, 0.0370, 0.0741, 0.0370, 0.0, 0.0, 0.0, 0.0, 0.0], representing the starting strength
distribution, the future distribution after n steps (days) is given by the following:

vn = v0Pn·P (5)

where Pn is the n-step transition matrix. This prediction enabled forecasting compres-
sive strength at each curing stage and provided recommendations for optimal mixture
compositions and curing schedules based on the projected state transitions.

4. Results
4.1. Steady-State Transitions and Markov Chain Analysis

The probability distributions provide insight into the likelihood of transitioning be-
tween different compressive strength states (State 1 to State 10) are presented in Figure 2.

State 1 (11.0–13.5 MPa): State 1 represents the lowest strength range, with a steady-
state probability of 12.07%. This aligns with early stage curing behaviors, often observed
in mixes with low Portland Cement content or those underperforming during the initial
curing phase. These mixtures exhibit limited early strength development, emphasizing the
need for adjustments in material composition or curing methods to accelerate the initial
strength gain.

State 2 (13.5–16.0 MPa): State 2 has a steady-state probability of 15.75%, indicating
that as curing progresses, many mixtures transition into this range. This corresponds
to early to mid-stage curing, where concrete gains moderate strength, striking a balance
between underperformance and early strength development. This state often reflects mixes
optimized for gradual strength progression in the early curing phases.
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Figure 2. Probability distributions over time (Markov Chain).

State 3 (16.0–18.5 MPa): State 3, with a steady-state probability of 18.65%, marks a
significant range for mixes achieving balanced strength development during curing. These
mixtures often consist of a well-proportioned combination of Portland Cement and Fly
Ash, allowing steady strength gains. State 3 is ideal for standard construction applications
requiring moderate compressive strength early in the curing process.

State 4 (18.5–21.0 MPa): State 4 has a steady-state probability of 11.56% and represents
mid-stage curing, suitable for moderate structural applications. Mixtures in this state
exhibit consistent strength progression, reflecting balanced material compositions that
support stability and durability for non-critical elements in construction.

State 5 (21.0–23.5 MPa): State 5 occurs less frequently, with a probability of 8.89%,
indicating the need for optimized designs or extended curing to achieve this strength.
This state is associated with mixes requiring enhanced curing protocols, often tailored for
moderate to high structural applications that demand reliable compressive strength.

State 6 (23.5–26.0 MPa): State 6, with a steady-state probability of 11.51%, marks the
transition to higher strength levels suitable for demanding structural elements. This range
emphasizes well-balanced curing methods and material compositions, particularly for
mixes with higher Portland Cement or Blast Furnace Slag content, designed for applications
requiring significant load-bearing capacity.

State 7 (26.0–28.5 MPa): State 7 has a low steady-state probability of 7.36%, indicating
that only a small proportion of mixtures achieve this range during curing. These mixtures
typically require high Portland Cement content or special curing techniques to enhance
strength. State 7 is suitable for high-stress applications, with careful monitoring needed to
ensure consistent performance.

State 8 (28.5–31.0 MPa): State 8, with a steady-state probability of 7.80%, represents
high-strength concrete achieved through prolonged curing or specialized methods. Mixes
in this range often include a higher proportion of Blast Furnace Slag or Portland Cement
and are designed for heavy-load structural components.

State 9 (31.0–33.5 MPa): State 9 has a very low steady-state probability of 3.58%,
highlighting that only a small number of mixtures reach this strength level. These mixes are
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typically utilized in high-performance applications, such as critical infrastructure, and often
involve sophisticated curing methods or special additives to meet the required strength.

State 10 (33.5–36.0 MPa): State 10 represents the peak strength range, with the low-
est probability of 2.81%. This range is typically achieved in high-performance concrete
designed for critical applications like bridges or high-rise buildings. These mixes require
controlled environments and advanced curing techniques to ensure their exceptional
strength and durability.

4.2. Transition Matrix Analysis
4.2.1. Dynamic Strength Evolution Through Markov Chain Analysis

The Markov Chain analysis offers a dynamic view of how concrete compressive
strength evolves over curing time. Each state corresponds to a defined strength range, from
State 1 (11.0–13.5 MPa) to State 10 (33.5–36.0 MPa). Transition probabilities illustrate the
likelihood of strength progression between states (Figure 3). For example, early-stage mixes
in State 1 show a 71% chance of transitioning to State 2, reflecting minor strength increases,
while State 2 mixes exhibit an 85.9% probability of advancing to State 3, signifying rapid
strength gains. These trends highlight the influence of composition, such as Portland
Cement (PC) and Fly Ash (FA), on the curing process.

 
Figure 3. Heatmap of transition probability distribution across concrete strength states.

The steady-state probabilities emphasize the long-term distribution of strength states.
States 1 through 6, representing low to moderate strength ranges, dominate the curing
progression, while advanced states (7–10) are achieved only by high-performance mixtures
with optimized compositions.

4.2.2. State-by-State Strength Insights

Each strength state provides critical insights into the evolution and applications of
concrete mixtures:



Infrastructures 2025, 10, 219 12 of 27

• Early Strength States (State 1–State 3): Early-stage curing is marked by slower strength
gains, particularly in State 1, where mixes with lower PC or Blast Furnace Slag (BFS)
content exhibit limited development. Transition probabilities highlight the steady
progression through State 2 and into State 3, where balanced mixes of PC and FA
enable moderate strength suitable for standard construction applications.

• Moderate Strength States (State 4–State 6): Mid-stage curing supports more stable
strength ranges, with probabilities favoring transitions to higher states. For example,
State 5 (21.0–23.5 MPa) indicates consistent strength suitable for structural applications,
while State 6 (23.5–26.0 MPa) transitions into higher ranges, making these mixtures
ideal for moderate-to-high load-bearing components.

• High Strength States (State 7–State 8): Achieving high-strength states requires op-
timized curing conditions and compositions. State 7 (26.0–28.5 MPa) and State 8
(28.5–31.0 MPa) are characteristic of mixtures with high PC content or special addi-
tives, suitable for heavy-load or industrial applications. These states demand careful
monitoring to ensure durability and strength stability.

• Peak Strength States (State 9–State 10): States 9 and 10 represent the highest compres-
sive strength ranges, critical for high-stress applications such as bridges or high-rise
buildings. These mixtures typically require advanced curing techniques and precise
adjustments in PC and BFS content to achieve consistent performance.

4.2.3. Practical Implications of Strength Transitions

Figure 4 visually illustrates the transition probabilities between concrete strength states
over time. Early-stage mixes, such as State 1, show a 71% probability of moving to State
2, reflecting gradual strength gain in mixtures with lower Portland Cement (PC) or Blast
Furnace Slag (BFS). As curing progresses, the transition probabilities increase, with State 2
showing an 85.9% chance of advancing to State 3, indicating faster strength development.

 
Figure 4. State-specific transition probability bar chart for concrete compressive strength.
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Higher-strength states like State 7 and State 8 exhibit lower transition probabilities,
highlighting their stability and the need for optimized curing and mix compositions. The
chart emphasizes how material composition and curing time influence strength progression,
aiding in the design of concrete mixtures for both early strength and long-term durability.

The Markov Chain analysis underscores the need for tailored mix designs to achieve
target strength levels across different applications:

Early-Stage Applications: Mixtures in States 1–3 require adjustments, such as higher
PC content or accelerated curing, to enhance early strength development.

Moderate Structural Applications: States 4–6 are suitable for general-purpose con-
struction and infrastructure, with a focus on maintaining balanced compositions of PC, FA,
and BFS.

High-Performance Applications: For states above 7, advanced curing techniques and
precise material compositions are essential. These mixes are designed for demanding envi-
ronments, such as dams, industrial foundations, and heavy-load structural components.

This analysis provides a predictive framework for designing concrete mixtures that
balance material costs, curing times, and structural performance, ensuring durability and
reliability for diverse construction needs

4.3. Regression Model Assessment

The regression analysis validates the Markov Chain model by quantifying the impact
of material composition and curing time on compressive strength. The summary statistics
of the model are presented in Table 4.

Table 4. Regression model performance metrics.

Metric Value Insight

R2 0.977 Indicates the model explains 97.7% of the variance in compressive strength.

Adjusted R2 0.97 Confirms the robustness of the model after accounting for predictors.

Standard Error 3.27 Represents the average deviation of predicted compressive strength from
observed values.

F-Statistic 1474.26 Demonstrates the overall significance of the regression model.

Significance F 0.00 Highlights the strong statistical relevance of the predictors in the model.

The regression model predictors and their impact on compressive strength are shown
in Table 5 and Figure 5. In Figure 5, the scatter points compare the predicted compressive
strength values with the experimentally measured actual values across all concrete mixtures
and curing intervals. The green fit line represents the linear regression between predicted
and actual strengths, quantifying how closely the model’s outputs match the observed data.
The proximity of the fit line to the perfect prediction line (y = x), along with the clustering of
points, demonstrates the model’s high accuracy and minimal bias, supporting its reliability
for mix design optimization.

Table 5. Regression model predictors and their impact on compressive strength.

Predictor Coefficient p-Value Significance Key Insight

PC Composition (kg/m3) 0.063 0.000 Highly Significant Major contributor to
early strength.

FA Composition (kg/m3) 0.019 0.0006 Significant Improves strength but lags in
early stages.
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Table 5. Cont.

Predictor Coefficient p-Value Significance Key Insight

BFS Composition (kg/m3) 0.051 0.000 Highly Significant Key for long-term durability.

Curing Time (Days) 0.079 0.000 Highly Significant Strongly influences
strength progression.

Figure 5. Regression analysis of predicted vs. actual concrete compressive strength.

• PC: Essential for early strength, especially in precast applications.
• FA: Supports sustainability but requires extended curing.
• BFS: Improves durability for high-performance applications.
• Curing time: Critical for balancing strength development and material optimization.

This analysis reinforces the model’s reliability, guiding the design of concrete mixtures
for diverse applications, from early-stage construction to long-term durability projects. The
detailed analysis with graph points is presented in Table 6.

Table 6. Observations and implications from predicted vs. actual strength analysis.

Aspect Observation Example Points Implication

Predicted vs. Actual
Strength Trends

Underestimation at
Early Strength States

(State 1 to 3)

Red markers dominate early
curing stages.

Actual: 13.5 MPa (State 3)
Predicted: 11.5 MPa

(15% underestimation)
Model underestimates rapid

strength gains during
hydration, leading to

conservative early-stage
usability assessments.

Actual: 14.5 MPa (State 2 to 3)
Predicted: 12.9 MPa

(underestimated by 11%)

Overestimation in
Higher Strength States

(State 7 to 10)

Green markers dominate
longer curing stages.

Actual: 30.9 MPa (State 9)
Predicted: 33.1 MPa (7% overestimation)

Overestimations in long-term
strength can lead to unsafe
structural assumptions for

high-stress applications.
Actual: 36 MPa (State 10)

Predicted: 41.6 MPa (15% overestimation)
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Table 6. Cont.

Aspect Observation Example Points Implication

Regression Line and
Prediction
Accuracy

Regression Equation

y = 0.93x + 1.25: slope
slightly below 1, indicating

underprediction at low MPa
and overprediction at

high MPa.

Actual: 15 MPa
Predicted (regression): 15.2 MPa

(slight bias).
Good performance in moderate

MPa ranges (18–28 MPa) but
poor accuracy at extremes

highlights needs for calibration.
Actual: 36 MPa

Predicted (regression): 35.7 MPa (close to
accurate but slightly underestimates)

Material
Influence on
Predictions

Portland
Cement (PC)

Dominant Mixes

PC-rich mixes (e.g., M16,
M10) show strong long-term
predictions but overestimate

at high MPa levels.

M16 at 180 days
Actual: 42 MPa

Predicted: 45 MPa
(7% overestimation)

PC-heavy mixes cause
accelerated strength gain,

exacerbating overpredictions
for long curing periods.

Fly Ash (FA) and
BFS Mixes

FA- or BFS-rich mixes (e.g.,
M13, M12) underperform

during early curing.
M12 at 7 days

Actual: 16 MPa
Predicted: 14.5 MPa

(underestimated
by 9%)

FA-rich mixes require better
model representation to

account for slower
strength evolution.

Curing Time
Influence

Key Trends

Consistent underestimation
for early curing and

overestimation for long
curing periods.

7 days
Actual: 13.5 MPa

Predicted: 11.7 MPa
(underestimated)

Model struggles to balance
early-stage underpredictions

and long-term overpredictions.
Environmental and hydration

data incorporation could
address this challenge.

180 days
Actual: 36 MPa

Predicted: 41.6 MPa
(overestimated)

4.4. Model Validation Using Coefficient of Variation (CoV)

In addition to the regression-based evaluation, further validation was conducted using
the Coefficient of Variation (CoV), a benchmark error metric widely employed in concrete
strength modeling. The methodology and threshold adopted for this analysis follow the
formulation established by [11], a widely cited reference in structural materials research.
The CoV provides a normalized measure of prediction error relative to the mean observed
strength and is calculated using the following expression (6):

CoV =

√
1

N−1 ∑N
i=1

(
Sobs

i − SPred
i

)2

Sobs
× 100% P (6)

where Sobs
i and Spred

i are the observed and predicted strengths, respectively, and (N) is
the sample size. The integrated regression–Markov model, with dynamic state weighting
by curing age, yielded an overall CoV of 15.57% on 135 samples. This value is slightly
above the 14.40% benchmark. However, most mixtures exhibited CoVs below the bench-
mark threshold.

Figure 6 presents a comprehensive visualization of the model’s validation metrics. The
integrated regression–Markov model, which dynamically adjusts its weighting based on
curing age, demonstrated robust performance across all 135 samples spanning 27 concrete
mixtures. The overall CoV achieved was 15.57%, which is slightly above the benchmark of
14.40%. Analysis of state-specific CoV and mean absolute error (MAE) revealed consistent
accuracy within mid-strength regimes (States 4–6), where CoVs ranged from 8–10% and
MAEs averaged around 2 MPa; these are the strength ranges most relevant for practical
infrastructure applications. In contrast, mixtures represented by extreme states (States 1
and 10) exhibited slightly higher CoVs in the range of 12–15%, reflecting the typical increase
in variance at the tails of the distribution.

Importantly, the comparison between steady-state probabilities predicted by the
Markov Chain and observed state frequencies in the dataset showed close alignment,
reinforcing the validity of the probabilistic transition model and its suitability for simulat-
ing long-term curing behavior. Error distribution analysis indicated that prediction errors
were symmetrically distributed around zero, with most deviations confined to a narrow
band, confirming an absence of systematic bias and the rarity of extreme outliers.
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Figure 6. Model validation composite: state-specific CoV/MAE, CoV per mixture, error distribution,
and steady-state vs. observed frequencies.

Figure 6 visually summarizes the CoV for each concrete mixture alongside the overall
model CoV, with a red dashed line denoting the 14.40% benchmark. The chart highlights
that most mixtures fall well below this threshold, demonstrating strong generalization and
predictive consistency across diverse mix designs.

5. Discussions and Implications
The contour plot analysis provides crucial insights into how curing time and material

composition—Blast Furnace Slag (BFS), Portland Cement (PC), and Fly Ash (FA)—impact
the compressive strength of concrete (Figure 7).

BFS composition demonstrates a strong positive influence on long-term strength, mak-
ing it ideal for projects requiring durability, such as marine and industrial infrastructure.
However, BFS shows diminishing returns beyond 120–150 days, emphasizing the need for
balanced compositions to avoid hindering early-stage development. PC composition accel-
erates early strength gains, particularly in the first 7–28 days, making it critical for precast
concrete applications with tight timelines. Despite its advantages, PC must be combined
with other additives like BFS or FA to avoid overestimating long-term performance.
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Figure 7. Contour plot of curing time vs. material composition (BFS, PC, FA) and strength.

FA, while sustainable and low carbon, negatively impacts early strength but becomes
beneficial over longer curing periods, improving durability. This makes FA suitable for
projects prioritizing environmental considerations, though adjustments to its proportion
are necessary for applications requiring early strength. The contour plot underscores that
curing time optimization is essential to balance strength development and cost-effectiveness.
Overextended curing may yield diminishing returns, particularly for high PC or BFS mixes.

A closer examination of the relationships between curing time and the main com-
positional variables reveals distinct trends for each material. For BFS, increasing content
from 0 to 180 kg/m3 alongside longer curing times (up to 180 days) consistently leads to
higher compressive strength, as evidenced by the green-to-red gradients in the contour plot.
However, after approximately 120–150 days, the rate of strength gain plateaus, indicating
minimal additional improvement with further BFS additions. This highlights the need for
moderation: while BFS is indispensable for durability-focused projects, excessive amounts
may not benefit early strength and should be carefully balanced with PC, especially for
structures requiring rapid strength development.

In the case of PC, raising the proportion from 120 to 300 kg/m3 results in marked and
rapid increases in compressive strength, most notably during early curing intervals (7 to
28 days). This strong positive relationship underpins PC’s role in achieving swift strength
gains, which is essential for precast concrete and projects with demanding schedules.
Nonetheless, if PC is used as the sole binder, long-term strength could be overstated. Best
practice therefore involves combining PC with BFS or FA to optimize both short-term and
sustained performance.

For FA, increasing content tends to reduce early compressive strength, but this neg-
ative effect diminishes with extended curing. Over time, FA contributes to improved
durability, making it a valuable component for sustainable and low-carbon concrete. How-
ever, for applications requiring early strength—such as precast elements—FA content
should be minimized or curing times extended to compensate for its slower contribution to
strength development.

These practical observations point to clear guidance for mix design:

• For early strength, increase PC content and use accelerated curing methods.
• For long-term durability, prioritize higher BFS content, especially in aggressive

environments.
• For sustainable projects, incorporate FA but allow extended curing times to offset its

early-stage limitations.
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Overall, these findings highlight the importance of adaptive mix designs tailored to
specific performance goals, balancing early strength, long-term durability, and environmen-
tal sustainability. By carefully tuning material composition and curing schedules, optimal
compressive strength can be achieved for a wide range of structural applications.

It is important to note that the practical implications and recommendations drawn from
these compositional trends are further detailed in Table 7, which presents Markov Chain
transition probabilities and specific industry recommendations for each strength state.

Table 7. Markov Chain transition probabilities and industry recommendations.

State
Interpreting

Markov Chain Transition
Probabilities

Observed Trends Mix
Codes Decision Industry-Specific

Recommendation

State 1

The system has a 0.0213 chance of
staying in State 1, 0.0710 chance of

moving to State 2, and smaller
probabilities of transitioning to

other states (State 3, State 4, etc.).
This tells us the likelihood of

moving from a lower compressive
strength range to a higher one or
remaining within the same range.

In this state, transitions suggest
a frequent move to lower MPa

states, implying a need for
better early-stage curing. The
mix codes associated with this
state show a diverse range of

materials, which could
contribute to the moderate

compressive strength. There is
a strong association with mixes
that balance materials like M3,

M5, M9, M10, etc., which
suggests that this state tends to

hover around the lower
strength ranges
(11.0–13.5 MPa).

M3, M5,
M9,

M10,
M12,
M13,
M14,
M17,
M18,
M20,
M23,
M25,
M26,
M27

To improve early strength,
increase the Portland Cement
(PC) or Fly Ash (FA) content

slightly. Alternatively, consider
adding a moderate amount of

Blast Furnace Slag (BFS) to
improve density and reduce

porosity, which can also
contribute to durability. Higher

PC content could accelerate
curing, leading to higher early

compressive strength. Mixtures
should be closely monitored to

maintain balance, but
increasing PC content can

ensure that this state is suitable
for structural uses in

moderate-stress environments.

In precast concrete construction,
rapid curing methods such as
steam curing, direct electric

curing, and microwave curing
accelerate strength

development, making them
ideal for non-critical structural

elements or short-duration
projects where moderate

strength is acceptable.
Increased Portland Cement (PC)

content, combined with
optimized curing techniques,

ensures quicker hydration and
early strength gain, facilitating

faster production turnover
while maintaining essential
mechanical properties [12].

State 2

From State 2, there is a 0.0358
chance of staying in State 2, 0.0859
chance of transitioning to State 3,
and smaller chances of moving to

States 4 and beyond. The
transition probabilities indicate a
tendency to stay within a certain

range but also to move upward or
downward in

compressive strength.

Transitions from this state show
a tendency to move towards

higher MPa states, with a
notable shift to 13.5–16.0 MPa.
This indicates that this state is
part of the moderate-strength

spectrum and could be
optimized with slight

adjustments. The mix codes M3,
M4, M5, M6, and others suggest

an emphasis on
medium-strength mixes with

some variability in the
transition towards
higher strengths.

M3, M4,
M5, M6,
M7, M9,

M11,
M13,
M14,
M17,
M18,
M19,
M20,
M22,
M24,
M25

Moderately increase PC or FA
content to optimize transitions
towards higher-strength states.
Adding a small percentage of

BFS can enhance the durability
and overall density, making the

concrete more resilient over
time. By adjusting the mix

towards a higher PC content,
curing time can be improved,

leading to better early strength.
This state is already suitable for

moderate structural use and
can be optimized with

minor changes.

This state is well-suited for use
in the manufacturing of

concrete products such as
pavements and utility

structures where moderate
strength is essential for

durability, but speed in curing
is also a key factor for mass

production [13].

State 3

From State 3, there is a 0.0430
chance of staying in State 3, with
further transitions to State 4 and
higher probabilities for States 5

and 6. This suggests that the
system tends to move up the

compressive strength scale with
higher probabilities at each step.

Strong transitions towards
higher MPa states, with mix

codes like M2, M3, M4, and M6,
pointing to an optimal range for

compressive strength around
16.0–18.5 MPa. The presence of
stronger mix codes suggests the
potential for more rapid curing

and higher initial strength in
this state. The mix transitions

also show that the material can
achieve good performance in

structural applications,
especially in moderate
stress environments.

M2, M3,
M4, M6,
M7, M8,

M9,
M10,
M12,
M13,
M14,
M15,
M18,
M19,
M21,
M22,
M25,
M26

Increase PC content slightly to
further accelerate early-stage

curing and strength gain.
Additionally, BFS can be

included to improve long-term
strength, durability, and
resistance to aggressive

environments. This will also
ensure better consistency in
performance, especially in

structural applications where
moderate-to-high compressive

strength is needed.

In the construction sector, this
state is ideal for structural
concrete elements such as

beams, columns, and
foundations that need to meet
strength requirements early in

the construction phase [14].

State 4

The transition from State 4 has
0.0077 chance of remaining in

State 4 and increasing chances for
transition to States 5 and 6. The

transition suggests a gradual
movement to higher compressive

strength values.

In this state, there is a balanced
transition to the higher-strength
range (18.5–21.0 MPa). The mix

codes suggest a more
specialized mix to ensure that it
stays within this range, which

could be useful for certain
structural applications

requiring consistent strength.
The trend towards slightly

higher strength states makes
this an ideal range for concrete

used in moderate-stress
environments.

M1, M6,
M7, M8,

M9,
M10,
M11,
M15,
M16,
M17,
M23,
M24,
M26

For improved early strength
and quicker curing, increase the

PC content slightly. Adding
BFS can improve the mix’s
resistance to shrinkage and

cracking, especially in
environments with temperature
variations. Monitoring the mix

and ensuring balanced
components will allow this
state to meet the structural

requirements for
moderate-strength concrete.

In industrial flooring
applications, where both

strength and durability are key
but cost-efficiency is still

important, this state offers a
balance between curing time

and final strength. Slight
increases in PC will help

accelerate curing for rapid
construction timelines [15].
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Table 7. Cont.

State
Interpreting

Markov Chain Transition
Probabilities

Observed Trends Mix
Codes Decision Industry-Specific

Recommendation

State 5

In State 5, there is a 0.0137 chance
of staying in State 5, 0.0274 to

transition upward, and smaller
chances to transition to lower

states, indicating more movement
toward higher strength states.

This state transitions
moderately toward higher MPa

ranges (21.0–23.5 MPa) but
shows some variability in

strength. The mixture,
associated with codes like M1,

M2, and M6, suggests a flexible
approach to the mix that can be
adjusted for performance. The
transitions indicate potential for
a mix to perform in structural
environments under moderate

stress, but with more focus
needed on controlling the mix

ratios for consistent
performance.

M1, M2,
M6, M8,

M9,
M10,
M11,
M16,
M17,
M21,
M23,
M25

Slightly increase the PC, FA, or
consider adding BFS to the mix.
BFS will enhance durability and
long-term strength while also

improving the resistance to
thermal cracking. Close

monitoring will ensure the mix
achieves the desired

compressive strength for
this state.

For infrastructure projects,
where higher strength is

required but with flexible mix
options, this state is ideal for

road construction and bridging
elements that need

moderate–high strength but
still depend on flexibility in the

mix for practical uses [16].

State 6

From State 6, the system has a
0.0144 chance of staying, with a

0.0288 probability of moving
upward to States 7 and 8, showing

a tendency to increase
compressive strength.

This state shows a balanced
distribution with some

tendency towards higher MPa
ranges (23.5–26.0 MPa). The

transition patterns show a good
spread across various mix
codes, indicating a strong
potential for the state to

perform well in both early
strength gain and long-term

durability. The state is typically
part of the higher strength

spectrum.

M1, M2,
M3, M4,
M5, M6,
M7, M9,

M10,
M11,
M12,
M14,
M18,
M20,
M23

This state already has a high
strength level, but adding BFS

can increase the mix’s
durability, particularly in

environments with chemical
exposure. The mix ratios can be
adjusted to improve consistency
while maintaining compressive

strength. The use of BFS can
help meet the requirements for
both compressive strength and

durability.

This state is ideal for
high-performance applications,
such as high-rise construction
and structural elements with

heavy loads, where
compressive strength and

durability are paramount. BFS
addition improves resistance to
environmental factors, making

it suitable for critical
infrastructure applications [17].

State 7

The system in State 7 has a 0.0147
chance of remaining in State 7, but
higher probabilities to transition
to States 8 and 9. This indicates
potential for further increase in

compressive strength.

State 7 transitions from
lower-strength states to higher
MPa states in the 26.0–28.5 MPa

range. Mix codes such as M4,
M5, M6, and M7 are strongly

represented, suggesting a
well-balanced mix that allows

for early strength gain and
long-term durability. However,
the transition matrix indicates

that maintaining balance is
important to prevent any

decline in strength.

M4, M5,
M6, M7,

M9,
M15,
M17,
M18,
M20,
M21,
M24

For better early-stage strength
and improved curing,

increasing the Portland Cement
(PC) content will help accelerate

the transition to higher MPa
ranges. Adding Fly Ash (FA) or

Blast Furnace Slag (BFS) can
enhance durability, particularly

in high-stress environments,
without compromising early

strength. BFS will also improve
long-term resistance to

chemical attacks and mitigate
shrinkage. Close monitoring

will help ensure the mix
remains within the optimal
strength range for structural

applications.

Ideal for high-strength
industrial foundations and
heavy machinery platforms
where the concrete needs to
withstand heavy loads and
high-stress conditions. This
state will allow faster curing

while maintaining the strength
required for such heavy-duty
applications. BFS can further
enhance the performance in

environments exposed to
aggressive conditions, making

it suitable for long-term
durability in industrial

sectors [18].

State 8

From State 8, there is a 0.0426
chance of transitioning back to
lower states, with significant
likelihood of transitioning to

States 9 and 10, suggesting further
strength development.

State 8 shows a steady increase
in strength, suggesting it is in
the 28.5–31.0 MPa range. The
mix codes associated with this
state (M1, M2, M6, M7) indicate

a strong base mix capable of
transitioning toward

higher-strength concrete. The
mix has a stable tendency to

perform well, which is essential
for certain structural
applications in more

demanding environments.

M1, M2,
M6, M7,
M8, M9,

M12,
M19,
M20,
M22,
M24

Slightly increase the PC content
to further enhance early

strength. BFS can be introduced
to improve the mix’s durability,

particularly in environments
with high exposure to chemicals
or freezing-and-thawing cycles.

This state is ideal for
moderate-to-high structural

strength, and small adjustments
in the mix will help ensure it

reaches its full potential.

Prestressed concrete is widely
used in bridges, tunnels, and

high-rise construction due to its
superior load-bearing capacity

and durability. Optimized
prestressing techniques,

combined with slight increases
in Portland Cement (PC)

content, can accelerate curing
time, ensuring rapid strength

gain before tensioning.
Additionally, the incorporation

of Blast Furnace Slag (BFS)
enhances long-term durability,

particularly in structures
exposed to aggressive

environmental conditions such
as bridges and tunnels [19].

State 9

In State 9, there is a 0.0143 chance
of staying in State 9, and a strong
0.0072 chance of transitioning to
State 10, indicating movement to

the highest strength range.

The transition matrix indicates
steady movement towards

higher MPa states, with a clear
trend towards 31.0–33.5 MPa.
The mix codes (M1, M3, M9)

associated with this state
suggest that it is appropriate for

higher-strength structural
applications, but still requires
close monitoring to prevent
premature setting or poor

workability in some mixes.

M1, M3,
M9,

M10,
M15,
M21

Increase PC content slightly to
help with early-stage strength

development. Adding BFS will
improve the mix’s resistance to
chemical attacks and improve
long-term durability without

sacrificing early strength. This
will also help maintain

workability and prevent
cracking.

This state is excellent for power
plants, nuclear facilities, and

dam construction, where
high-strength concrete is

required for durability under
extreme conditions. Increasing

the PC content will enhance
strength gain without

compromising workability. BFS
addition will improve the mix’s

durability, making it suitable
for high-performance

applications in harsh industrial
environments [20].
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Table 7. Cont.

State
Interpreting

Markov Chain Transition
Probabilities

Observed Trends Mix
Codes Decision Industry-Specific

Recommendation

State 10

From State 10, the system has a
0.0070 chance of staying in

State 10, indicating a relatively
stable compressive strength in the

highest range.

State 10 tends to show a slower
progression toward higher

strength states, likely due to the
mix’s transition behavior and

specific material types. The mix
codes point to a more

specialized blend (M1, M2, M6)
capable of achieving the

33.5–36.0 MPa range, which is
suitable for high-strength

structural applications.

M1, M2,
M6, M9,

M10,
M16

Slight increases in PC or FA
content will help speed up the

curing process. BFS can be
introduced to further enhance

the mix’s durability,
particularly for

high-performance applications
where concrete will be

subjected to severe
environmental conditions.

Monitoring mix ratios closely
will ensure consistent

performance, particularly for
the highest strength

applications.

For specialized industrial
structures such as high-rise

buildings, oil platforms, and
wind turbine foundations, this
state is suitable for demanding

environments. Further
increases in PC content will

ensure that the concrete
performs well under heavy

loads and extreme conditions.
BFS will enhance the concrete’s

durability, especially in
aggressive environments

exposed to chemicals, moisture,
or freeze-thaw cycles [3].

Table 7 serves as a comprehensive guide for mix design decisions and highlights how the
probabilistic modeling framework can be effectively applied to diverse construction scenarios.

6. Conclusions
This study presents a hybrid framework combining Markov Chain analysis with mul-

tiple regression to model and optimize concrete compressive strength using 135 samples
from 27 mixes (9–42 MPa). The model achieves high accuracy (R2 = 0.977, SE = 3.27 MPa,
CoV = 15.57%), closely approaching the benchmark CoV of 14.40%. Regression analy-
sis highlights curing time, Portland Cement (PC), and Blast Furnace Slag (BFS) as key
contributors to strength, while Fly Ash (FA) enhances long-term durability.

Markov analysis reveals strength progression patterns, such as a 71% transition prob-
ability from <13.5 MPa to 13.5–16 MPa, and 85.9% from 16–18.5 MPa. Higher strength
states (26–>33.5 MPa) require optimized PC and BFS. The framework enables tailored mix
strategies: PC for early strength (e.g., precast), BFS for durability (e.g., marine), and FA for
sustainable, low-carbon applications.

Model validation confirms strong performance in mid-strength ranges, with minor de-
viations at extremes, suggesting scope for further refinement. Future work should include
admixtures, exposure conditions, and path-dependent effects to broaden applicability in
real-world construction.
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Appendix A

Table A1. Experimental data set with mix code, composition, and curing time.

Mix Code PC Composition of
the Mixture (kg/m3)

FA Composition of
the Mixture (kg/m3)

BFS Composition of
the Mixture (kg/m3)

Curing Times—Age
(Days)

Compressive
Strength (MPa)

MControl 300 0 0 3 22

MControl 300 0 0 7 25

MControl 300 0 0 28 27

MControl 300 0 0 90 32

MControl 300 0 0 180 36

M1 270 0 30 3 19

M1 270 0 30 7 20

M1 270 0 30 28 23

M1 270 0 30 90 30

M1 270 0 30 180 33

M2 270 30 0 3 17

M2 270 30 0 7 20

M2 270 30 0 28 24

M2 270 30 0 90 30

M2 270 30 0 180 35

M3 240 0 60 3 11

M3 240 0 60 7 14

M3 240 0 60 28 18

M3 240 0 60 90 24

M3 240 0 60 180 32

M4 240 30 30 3 15

M4 240 30 30 7 16

M4 240 30 30 28 18

M4 240 30 30 90 24

M4 240 30 30 180 27

M5 240 60 0 3 10

M5 240 60 0 7 13

M5 240 60 0 28 14

M5 240 60 0 90 19

M5 240 60 0 180 27

M6 210 0 90 3 16

M6 210 0 90 7 17

M6 210 0 90 28 19

M6 210 0 90 90 22

M6 210 0 90 180 29

M7 210 30 60 3 16

M7 210 30 60 7 17

M7 210 30 60 28 20

M7 210 30 60 90 25

M7 210 30 60 180 29

M8 210 60 30 3 16

M8 210 60 30 7 17

M8 210 60 30 28 19

M8 210 60 30 90 23
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Table A1. Cont.

Mix Code PC Composition of
the Mixture (kg/m3)

FA Composition of
the Mixture (kg/m3)

BFS Composition of
the Mixture (kg/m3)

Curing Times—Age
(Days)

Compressive
Strength (MPa)

M8 210 60 30 180 29

M9 210 90 0 3 13

M9 210 90 0 7 15

M9 210 90 0 28 17

M9 210 90 0 90 21

M9 210 90 0 180 29

M10 180 0 120 3 13

M10 180 0 120 7 17

M10 180 0 120 28 18

M10 180 0 120 90 23

M10 180 0 120 180 32

M11 180 30 90 3 14

M11 180 30 90 7 14

M11 180 30 90 28 19

M11 180 30 90 90 21

M11 180 30 90 180 26

M12 180 60 60 3 13

M12 180 60 60 7 16

M12 180 60 60 28 18

M12 180 60 60 90 24

M12 180 60 60 180 30

M13 180 90 30 3 13

M13 180 90 30 7 14

M13 180 90 30 28 18

M13 180 90 30 90 25

M13 180 90 30 180 26

M14 180 120 0 3 10

M14 180 120 0 7 15

M14 180 120 0 28 18

M14 180 120 0 90 24

M14 180 120 0 180 25

M15 150 0 150 3 16

M15 150 0 150 7 19

M15 150 0 150 28 20

M15 150 0 150 90 26

M15 150 0 150 180 33

M16 150 30 120 3 19

M16 150 30 120 7 21

M16 150 30 120 28 23

M16 150 30 120 90 36

M16 150 30 120 180 42

M17 150 60 90 3 13

M17 150 60 90 7 14

M17 150 60 90 28 19

M17 150 60 90 90 26

M17 150 60 90 180 27
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Table A1. Cont.

Mix Code PC Composition of
the Mixture (kg/m3)

FA Composition of
the Mixture (kg/m3)

BFS Composition of
the Mixture (kg/m3)

Curing Times—Age
(Days)

Compressive
Strength (MPa)

M18 150 90 60 3 13

M18 150 90 60 7 15

M18 150 90 60 28 18

M18 150 90 60 90 26

M18 150 90 60 180 28

M19 150 120 30 3 16

M19 150 120 30 7 16

M19 150 120 30 28 18

M19 150 120 30 90 26

M19 150 120 30 180 29

M20 150 150 0 3 12

M20 150 150 0 7 14

M20 150 150 0 28 18

M20 150 150 0 90 26

M20 150 150 0 180 29

M21 120 0 180 3 16

M21 120 0 180 7 17

M21 120 0 180 28 21

M21 120 0 180 90 24

M21 120 0 180 180 26

M22 120 30 150 3 15

M22 120 30 150 7 16

M22 120 30 150 28 18

M22 120 30 150 90 24

M22 120 30 150 180 30

M23 120 60 120 3 11

M23 120 60 120 7 16

M23 120 60 120 28 19

M23 120 60 120 90 22

M23 120 60 120 180 26

M24 120 90 90 3 14

M24 120 90 90 7 16

M24 120 90 90 28 20

M24 120 90 90 90 26

M24 120 90 90 180 31

M25 120 120 60 3 9

M25 120 120 60 7 14

M25 120 120 60 28 16

M25 120 120 60 90 17

M25 120 120 60 180 23

M26 120 150 30 3 10

M26 120 150 30 7 19

M26 120 150 30 28 18

M26 120 150 30 90 18

M26 120 150 30 180 22

M27 120 180 0 3 9
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Table A1. Cont.

Mix Code PC Composition of
the Mixture (kg/m3)

FA Composition of
the Mixture (kg/m3)

BFS Composition of
the Mixture (kg/m3)

Curing Times—Age
(Days)

Compressive
Strength (MPa)

M27 120 180 0 7 9

M27 120 180 0 28 12

M27 120 180 0 90 16

M27 120 180 0 180 20

Table A2. Transition frequency analysis and probability calculation.

From State (Si) To State (Sj)
Number of Transitions
from State Si to State Sj

(Denoted Cij)

Total Number of Transitions
Starting from State Si

(Denoted Ti)

Transition
Probability

State 1 State 1 3 17 0.176

State 1 State 2 10 17 0.588

State 1 State 3 3 17 0.176

State 1 State 4 1 17 0.059

State 1 State 5 0 17 0.000

State 1 State 6 0 17 0.000

State 1 State 7 0 17 0.000

State 1 State 8 0 17 0.000

State 1 State 9 0 17 0.000

State 1 State 10 0 17 0.000

State 2 State 1 0 22 0.000

State 2 State 2 5 22 0.227

State 2 State 3 12 22 0.545

State 2 State 4 5 22 0.227

State 2 State 5 0 22 0.000

State 2 State 6 0 22 0.000

State 2 State 7 0 22 0.000

State 2 State 8 0 22 0.000

State 2 State 9 0 22 0.000

State 2 State 10 0 22 0.000

State 3 State 1 0 26 0.000

State 3 State 2 0 26 0.000

State 3 State 3 6 26 0.231

State 3 State 4 6 26 0.231

State 3 State 5 5 26 0.192

State 3 State 6 7 26 0.269

State 3 State 7 2 26 0.077

State 3 State 8 0 26 0.000

State 3 State 9 0 26 0.000

State 3 State 10 0 26 0.000

State 4 State 1 0 16 0.000

State 4 State 2 0 16 0.000

State 4 State 3 1 16 0.063
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Table A2. Cont.

From State (Si) To State (Sj)
Number of Transitions
from State Si to State Sj

(Denoted Cij)

Total Number of Transitions
Starting from State Si

(Denoted Ti)

Transition
Probability

State 4 State 4 2 16 0.125

State 4 State 5 6 16 0.375

State 4 State 6 3 16 0.188

State 4 State 7 3 16 0.188

State 4 State 8 0 16 0.000

State 4 State 9 0 16 0.000

State 4 State 10 0 16 0.000

State 5 State 1 2 13 0.154

State 5 State 2 0 13 0.000

State 5 State 3 0 13 0.000

State 5 State 4 0 13 0.000

State 5 State 5 1 13 0.077

State 5 State 6 4 13 0.308

State 5 State 7 0 13 0.000

State 5 State 8 4 13 0.308

State 5 State 9 1 13 0.077

State 5 State 10 1 13 0.077

State 6 State 1 2 16 0.125

State 6 State 2 1 16 0.063

State 6 State 3 1 16 0.063

State 6 State 4 0 16 0.000

State 6 State 5 0 16 0.000

State 6 State 6 2 16 0.125

State 6 State 7 4 16 0.250

State 6 State 8 5 16 0.313

State 6 State 9 1 16 0.063

State 6 State 10 0 16 0.000

State 7 State 1 2 10 0.200

State 7 State 2 3 10 0.300

State 7 State 3 0 10 0.000

State 7 State 4 0 10 0.000

State 7 State 5 0 10 0.000

State 7 State 6 0 10 0.000

State 7 State 7 1 10 0.100

State 7 State 8 2 10 0.200

State 7 State 9 2 10 0.200

State 7 State 10 0 10 0.000

State 8 State 1 6 11 0.545

State 8 State 2 1 11 0.091

State 8 State 3 2 11 0.182
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Table A2. Cont.

From State (Si) To State (Sj)
Number of Transitions
from State Si to State Sj

(Denoted Cij)

Total Number of Transitions
Starting from State Si

(Denoted Ti)

Transition
Probability

State 8 State 4 0 11 0.000

State 8 State 5 0 11 0.000

State 8 State 6 0 11 0.000

State 8 State 7 0 11 0.000

State 8 State 8 0 11 0.000

State 8 State 9 1 11 0.091

State 8 State 10 1 11 0.091

State 9 State 1 0 5 0.000

State 9 State 2 2 5 0.400

State 9 State 3 1 5 0.200

State 9 State 4 1 5 0.200

State 9 State 5 0 5 0.000

State 9 State 6 0 5 0.000

State 9 State 7 0 5 0.000

State 9 State 8 0 5 0.000

State 9 State 9 0 5 0.000

State 9 State 10 1 5 0.200

State 10 State 1 2 4 0.500

State 10 State 2 0 4 0.000

State 10 State 3 0 4 0.000

State 10 State 4 1 4 0.250

State 10 State 5 0 4 0.000

State 10 State 6 0 4 0.000

State 10 State 7 0 4 0.000

State 10 State 8 0 4 0.000

State 10 State 9 0 4 0.000

State 10 State 10 1 4 0.250
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