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Explainable Machine Learning Framework for
Predicting and Optimizing Fly Ash Slag Concrete
Mixture Composition Based on SHAP Analysis and
Multi-Algorithm Benchmarking

Ichwan Hadi Saputra*, Eko Wahyu Abryandoko, Widyo Nugroho, Moh. Nurudduja, Nayla Farikha Zahra

Abstract—Optimizing fly ash slag concrete mixtures is a
complex material-engineering problem because mixture
variables interact non-linearly, making conventional single
variable approaches inadequate. This study develops an
interpretable  prediction-and-optimization ~ framework
comprising three contributions: (1) benchmarking five
machine-learning algorithms Support Vector Regression
(SVR), Artificial Neural Network (ANN), Random Forest,
XGBoost, and LightGBM using hyperparameters optimized
through Bayesian optimization (Optuna/TPE); (2) applying
SHAP analysis to identify the contribution of each mixture
variable; and (3) using a Genetic Algorithm (GA) to optimize
concrete mixtures for three strength classes based on the best
performing surrogate model. Starting from the 1,030-sample
UCI concrete strength benchmark dataset, records were
screened according to three Indonesian standards (SNI
2847:2019, SNI 2461:2011, and SNI 8297:2016), resulting in
542 samples that satisfied the specified technical limits. Data
augmentation was evaluated using six noise levels, with 2%
identified as optimal, producing a final dataset of 1,074
samples. Five-fold cross-validation demonstrated that SVR
achieved the highest predictive performance (C=193.39,
gamma=0.658, epsilon=0.146), with R2=0.939+0.020 and
RMSE=3.30+0.45 MPa, followed by XGBoost (R?=0.934),
LightGBM (R2=0.931), ANN (R2=0.925), and Random Forest
(R?=0.920). SHAP analysis identified cement, age, and
superplasticizer as the most influential variables, consistent
with cement hydration mechanisms and Abrams’ law. GA
optimization produced three mix designs corresponding to
target strengths of 15.00, 27.50, and 54.99 MPa for Classes I-
111, respectively. The proposed framework provides an
accurate, interpretable, and standards-compliant approach
for preliminary sustainable concrete mixture design across
different structural applications.

Index Terms—Concrete Compressive Strength, Fly Ash,
Genetic Algorithm, SHAP, Support Vector Regression.

I. INTRODUCTION

ustainable concrete development requires a balance
between environmental considerations and the
mechanical performance demanded by construction
applications. One approach that has received considerable
attention is the partial replacement of Portland cement with
supplementary materials derived from industrial by-
products, including fly ash and blast furnace slag. The use
of these materials can reduce the amount of Portland
cement required in a mixture and consequently contribute
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to lowering the environmental burden associated with
concrete production [1]-[2]. However, determining
suitable proportions remains challenging because concrete
strength is governed by the combined effects of binder
composition, water content, aggregate proportions,
admixtures, and curing conditions. Conventional trial-and-
error mixture design can therefore become time-
consuming, material-intensive, and difficult to reproduce
consistently ~ when  several  variables interact
simultaneously [3].

Machine learning has become an increasingly useful tool
for estimating concrete compressive strength because it
can learn nonlinear relationships between mixture
characteristics and measured mechanical performance.
Previous studies have applied approaches such as Artificial
Neural Networks (ANN), Support Vector Machines or
Support Vector Regression (SVM/SVR), Random Forest,
and gradient-boosting algorithms to concrete-strength
prediction [4]-[9]. Ensemble-based models have
demonstrated strong predictive capability, while ANN-
based methods have also been reported to capture
complicated interactions among mixture constituents
effectively. Similar applications to geopolymer and waste-
derived concrete further demonstrate that machine-
learning models can represent relationships between
constituent materials and mechanical properties that are
difficult to formulate using conventional empirical
equations [10]-[11].

Despite the progress achieved in machine-learning-
based concrete prediction, several methodological gaps
remain. A considerable number of previous investigations
evaluate only a small selection of learning algorithms,
limiting the extent to which their predictive performance
can be compared with alternative ensemble techniques
such as XGBoost and LightGBM [12]-[13]. In addition,
hyperparameter selection is frequently conducted through
manual experimentation, which may not efficiently
explore the available parameter space and may produce
results that are difficult to reproduce. Another important
limitation concerns model interpretability. A highly
accurate prediction does not necessarily explain the
contribution of individual mixture variables or the reason
for a particular prediction. This issue becomes particularly
relevant in engineering applications, where model
transparency is important for examining whether
computational results remain compatible with established
material behavior [14]-[15].

SHAP (SHapley Additive exPlanations) provides a
framework for examining the contribution of individual
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input variables to machine-learning predictions. The
method is derived from the Shapley-value concept in
cooperative game theory and assigns a contribution value
to each feature according to its effect on the model output.
In material-property prediction, SHAP can therefore be
used not only to establish a global ranking of influential
variables but also to investigate the direction and
magnitude of their contributions for individual
observations. Previous applications to modified concrete
systems indicate that this type of analysis can expose
response patterns that can subsequently be interpreted in
relation to known engineering mechanisms [14]-[15].

Concrete mixture formulation involves several
competing considerations, including the required strength
level, material proportions, durability, constructability,
and environmental impact. Because the feasible design
space may contain nonlinear relationships and interacting
constraints, evolutionary search methods provide an
alternative to conventional sequential trial-and-error
approaches. Genetic Algorithms (GA) are particularly
suitable for this type of problem because candidate
solutions can be evolved through population-based
selection, crossover, and mutation operations [6], [16]—
[17]. In the present study, the optimization search is
restricted by the technical requirements adopted from SNI
2847:2019, SNI 2461:2011, and SNI 8297:20186, allowing
the generated candidate mixtures to remain within the
composition limits defined for the analysis.

Building on the ANN- and GA-based prediction-
optimization framework developed in previous research,
this study aims to extend and strengthen that framework
through three  methodological contributions: (1)
comprehensive  benchmarking of five prediction
algorithms using systematic and reproducible Bayesian-
optimized hyperparameters, addressing the need for cross-
algorithm validation that has rarely been performed
thoroughly in similar studies; (2) SHAP analysis to reveal
the relative contribution of composition variables to
compressive strength prediction, providing interpretability
insights that structural engineers can directly use to
understand and verify the rationality of model decisions;
and (3) determination of the synthetic data augmentation
level based on quantitative sensitivity analysis, rather than
assumption-based determination. Together, these three
contributions produce a more accurate, transparent, and
scientifically accountable prediction-optimization
framework to support the design of fly ash slag concrete
mixtures that comply with national standards.

Il. MATERIAL AND METHOD

A. Data Collection and Preprocessing

The experimental database used in this research is Yeh's
Concrete Compressive Strength dataset obtained from the
UCI Machine Learning Repository [18]. It consists of
1,030 laboratory observations, with each observation
containing eight explanatory variables and one response
variable. The predictors comprise cement, slag, fly ash,
water, superplasticizer, coarse aggregate, fine aggregate,
and curing age, whereas compressive strength in MPa is
used as the target variable. The combination of mixture
composition and curing-age information provides the basis

for modeling the relationship between concrete
formulation and its measured compressive performance.
Before the prediction models were trained, the original
observations underwent a standards-based screening
process. The filtering criteria were established with
reference to SNI 2847:2019 for structural concrete, SNI
2461:2011 for aggregate requirements, and SNI 8297:2016
for geopolymer concrete. The retained mixtures were
required to have a water-to-binder ratio between 0.3 and
0.8, a fly-ash fraction of no more than 30% of the total
binder mass, and a slag fraction not exceeding 70% of the
binder mass. Application of these criteria reduced the
original database to 542 valid observations, which were
subsequently used as the basis for data augmentation and
model development. Descriptive statistics for the eight
input variables and the target variable in the filtered dataset
are presented in Table 1, which provides an overview of
the technical value ranges and data variability underlying

the subsequent modeling stage.
TABLE |. DESCRIPTIVE STATISTICS OF THE DATASET AFTER SNI

FILTERING
Variable Unit Min Max  Mean Std
Cement kg/m?  140.00 500.00 290.03 88.68
Slag kg/ms3 0.00  342.10 83.82 90.34
Fly Ash kg/m? 0.00 148.10 31.79 49.05
Water kg/m?  145.00 247.00 190.39 18.76

Superplasticizer kg/m3 0.00 20.00 4.37 4.97
Coarse Aggregate kg/m?  801.00 1145.00 963.80 74.77
Fine Aggregate kg/mé  594.00 945.00 759.56 78.94
Age days 7.00 365.00 56.25 75.93

Compressive MPa 8.00 81.75 36.81 13.87
Strength

Table 1 shows a wide range of values for cement (140
500 kg/m3) and slag (0 342.1 kg/m?3), indicating
representative composition variation across different
concrete quality classes. The high standard deviation of
age (75.93 days) reflects a broad distribution of testing
ages, ranging from 7 to 365 days, so that models trained on
this dataset are likely to capture cement hydration
dynamics across a wide curing time range a data
characteristic relevant to the non-linear pattern of the age
variable revealed through the SHAP analysis in the Results
and Discussion section.

B. Concrete Quality Classification

For subsequent optimization and engineering
interpretation, the measured compressive-strength values
were divided into three predefined quality categories.
Class | represents strengths below 20 MPa and is
associated with applications having relatively low
structural demand. Class Il covers the interval from 20 to
35 MPa and represents commonly encountered residential-
scale structural applications. Class 11l includes strengths
greater than 35 MPa and corresponds to applications
requiring a higher level of load-carrying capacity. The
three categories provide target ranges that can be used to
evaluate the candidate mixtures generated by the
optimization procedure, as summarized in Table 2.
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TABLE Il. CONCRETE QUALITY CATEGORIES BASED ON COMPRESSIVE

STRENGTH
. — Concrete
Class Main Usage Description Strength (fc”) Category
| Applications with minimal <20 MPa Low

structural demand walkways,
unpaved-road overlays, and other
lightly loaded elements not
intended to carry significant load

Il Typical residential-scale 2035 MPa  Medium
construction, including slab-on-

grade floors, modest beam

sections, and columns in low-rise

housing

Il Structural elements requiring >35MPa High
higher load capacity tall building
frames, bridge components, and
construction in earthquake-prone
regions

C. Sensitivity Analysis of the Data Augmentation Level

To enrich the variation of training data without
distorting the physical validity of the mixture composition,
synthetic data augmentation was applied in the form of
proportional Gaussian noise added to the original
numerical values. To determine the optimal noise level in
a data-driven manner, a sensitivity analysis was conducted
across six noise levels (0%, 2%, 5%, 10%, 15%, 20%)
using an SVR probe model with a consistent 5-fold cross-
validation evaluation scheme. Each augmented sample
was re-validated against the SNI technical limits so that the
resulting synthetic data remained within a physically
realistic composition range and did not violate concrete
engineering technical constraints. The results of the

sensitivity analysis are presented in Table 3.
TABLE Ill. SENSITIVITY ANALYSIS RESULTS FOR THE NOISE
AUGMENTATION LEVEL

Noise Number of RMSE
Level Samples e (MPa)
0% 542 0.825 £ 0.053 5.64 +0.83
2% 1,074 0.881 £ 0.030 4.65+0.47
5% 1,062 0.840 £ 0.049 5.38+0.77
10% 1,034 0.750 £ 0.034 6.79 +0.52
15% 1,002 0.664 £ 0.045 7.92+£0.49
20% 969 0.617 £0.030 8.54 +0.44

The results in Table 3 show that the best performance is
achieved at a 2% noise level (R?2=0.881+0.030), higher
than both no augmentation and higher noise levels. The
consistent performance decline at noise levels above 5%
indicates that excessive augmentation distorts the physical
relationships among composition variables and introduces
prediction bias, so the 2% level was chosen as the optimal
point between adding data variation and preserving the
validity of the concrete mixture composition. The final
dataset used in the modeling stage consists of 1,074
samples, comprising 542 original samples and 532
augmented samples that have been re-validated against the
SNI limits.

D. Development and Tuning of Prediction Models

Five different learning approaches were considered in
the comparative modeling stage: Support Vector
Regression (SVR) with an RBF kernel, a multilayer-
perceptron Artificial Neural Network (ANN), Random
Forest [19], XGBoost [20] and LightGBM [21]. The
selected methods represent distinct learning paradigms.

SVR provides a margin-based regression approach, ANN
represents nonlinear neural-network learning, and Random
Forest, XGBoost, and LightGBM represent tree-based
ensemble strategies. Evaluating these different model
families under the same dataset and validation procedure
provides a more consistent basis for determining their
relative predictive capability.

Hyperparameter configuration was performed using
Bayesian optimization through the Tree-structured Parzen
Estimator (TPE) sampler available in Optuna [22]-[23].
The optimization process uses information obtained from
previous trials to identify promising regions of the
parameter space, rather than evaluating all combinations
through an exhaustive grid. The average RMSE obtained
from the internal validation process was used as the
optimization  criterion. The resulting parameter
configurations for each prediction algorithm are provided
in Table 4.

TABLE IV. BEST HYPERPARAMETERS FROM BAYESIAN TUNING
(OPTUNA/TPE) FOR THE FIVE MODELS

Model Best Hyperparameters

SVR Kernel=RBF; C=193.39; gamma=0.658;
epsilon=0.146

Random n_estimators=420; max_depth=17;

Forest min_samples_split=2; min_samples_leaf=1

XGBoost n_estimators=416; max_depth=6;
learning_rate=0.059; subsample=0.588;
colsample_bytree=0.975

LightGBM n_estimators=636; num_leaves=63; max_depth=8;
learning_rate=0.189; subsample=0.945

ANN 64-128-32 neuron architecture (ReLU);
dropout=0.084; learning_rate=0.00122

All models were evaluated using an identical 5-fold
cross-validation scheme: in each iteration, four data
subsets (80%) were used for training and one subset (20%)
for testing, so that each sample was used exactly once as
test data across all iterations. This uniform evaluation
scheme ensures a fair performance comparison among
models, with evaluation metrics including the coefficient
of determination (R2), root mean squared error (RMSE),
mean absolute error (MAE), and mean absolute percentage
error (MAPE) The use of multiple complementary error
and fitness indicators provides a more comprehensive
assessment of predictive performance than relying on a
single metric [24].

E. Explainability Analysis (SHAP)

Model interpretation was conducted using SHAP
(SHapley Additive exPlanations), which provides feature-
level attribution based on the Shapley-value framework
[25]. For each prediction, SHAP decomposes the model
output into contributions associated with the individual
input variables relative to a baseline prediction. This
makes it possible to distinguish variables that increase the
predicted compressive strength from those that contribute
negatively for a particular observation.

SHAP analysis was applied to the model with the best
cross-validation performance from the benchmarking
stage. Three forms of analysis were produced: (1) a global
feature ranking based on the mean absolute SHAP value,
ranking the eight composition variables by the average
magnitude of their influence on predictions across all
samples; (2) a summary plot visualizing the distribution of
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SHAP values for each variable along with the direction of
influence (positive or negative) based on the variable’s
value level; and (3) dependence plots for key variables
revealing non-linear relationship patterns and potential
interactions among composition variables. These three
forms of analysis are presented and discussed in detail in
the Results and Discussion section, with interpretations
directly linked to civil engineering principles concerning
cement hydration processes and the pozzolanic reaction
mechanisms of supplementary materials.

F. Genetic Algorithm Optimization for Mixture Design

The final stage of the framework is mixture composition
optimization using a Genetic Algorithm (GA), aimed at
producing mixture designs representative of the three
concrete quality classes (Class I, 11, and 111) as classified in
Table 2, rather than merely maximizing compressive
strength in absolute terms. An initial population of 30
individuals was randomly generated within the limits of
SNI 2847:2019, SNI 2461:2011, and SNI 8297:20186, then
evolved over 50 generations using blend crossover (BLX-
o) and Gaussian mutation operations. Each individual in
the population represents one candidate mixture
composition (cement, slag, fly ash, water, superplasticizer,
coarse aggregate, fine aggregate, and age content), whose
fitness is evaluated using the best prediction model from
the benchmarking stage as a surrogate function unlike
conventional approaches that fix the surrogate model a
priori, the model selection in this study was based on
empirical cross-validation performance evidence, so the
GA objective function represents the most accurate
prediction model available.

The fitness function was designed based on per-class
targets: for each class, the GA is directed to produce a
composition with a predicted compressive strength as
close as possible to the midpoint of that class’s range
(Class I: target 15 MPa; Class Il: target 27.5 MPa; Class
I11: target 55 MPa), while remaining within the targeted
class range. Solutions falling outside the class range are
penalized proportionally to their distance from that range,
so the GA remains driven toward the correct range even
before reaching an optimal solution. The three
optimization processes were run independently, producing
three mixture designs, each representing a different
structural application scenario non-structural, general
residential, and multi-story/high-seismic-zone structures.

These same code-derived bounds a 0.3-0.8 water-to-
binder window, a 30%-of-binder ceiling on fly ash, and a
70%-of-binder ceiling on slag were enforced as hard
constraints  throughout every generation of the
evolutionary search, so no candidate mixture violating the
SNI limits could survive selection. Applying these
constraints during both the crossover and mutation stages
ensures that all candidate solutions explored by the GA not
only the final recommendation remain within realistic
composition limits and comply with concrete structural
engineering practices, so the optimization results can be
directly considered as a starting point for trial mix
formulation in the field.

I1l. RESULTS AND DISCUSSION

A. Prediction Model Benchmarking Results

The five models were evaluated using an identical 5-fold
cross-validation scheme as described in the Methods
section. A summary of each model’s performance is
presented in Table 5 to facilitate comparison among

models.
TABLE V. BENCHMARKING RESULTS OF THE FIVE MODELS USING AN
IDENTICAL 5-FOLD CROSS-VALIDATION SCHEME

RMSE MAE MAPE
(MPa) (MPa) (%)

330+ 207+ 634%
0.45 0.19 0.63

341+ 234+ 720+
0.55 0.28 0.58

352+ 238+ 740%
0.53 0.28 0.77

366+ 272+ 825%

Model R2 (meanzstd)

SVR 0.939 +£0.020

XGBoost 0.934 +0.027

LightGBM  0.931 +0.026

ANN 0925£0026 oot Taet 0O
Random 3.78 + 262+ 814+
Forest 0.920£0033 60”32 055

Among the five evaluated algorithms, SVR aobtained the
highest mean R? of 0.939, with XGBoost and LightGBM
following at 0.934 and 0.931, respectively. ANN achieved
an Rz of 0.925, while Random Forest recorded 0.920. SVR
also produced the lowest RMSE, MAE, and MAPE values
reported in Table 5. Although the differences between the
models are relatively small, the combination of these
indicators identifies SVR as the model with the strongest
overall validation performance for the present dataset.
Although the performance gap across all models is
relatively small (R2 range of 0.920 0.939), the consistent
advantage of SVR indicates that for a medium-sized
dataset (1,074 samples) with eight continuous numerical
variables that are physically correlated with one another
for example through the water-cement ratio and binder
proportion the RBF kernel in SVR is able to capture the
non-linearity of the composition-strength relationship
well, without the higher overfitting risk associated with
higher-capacity models such as tree-based ensembles.

From a materials engineering perspective, this finding is
consistent with the characteristics of the concrete
compressive strength dataset, which essentially follows a
relatively smooth physical relationship among the water-
cement ratio, binder content, and curing age a data
structure that naturally aligns with the maximum-margin
assumption of SVR. Per-fold result analysis further reveals
that Random Forest, XGBoost, LightGBM, and ANN
experienced a consistent performance decline at the 4th
fold (R? dropping to a range of 0.86 0.89), while SVR
remained relatively stable on the same fold (R2=0.924),
indicating SVR’s superior robustness to data subset
variability likely containing extreme concrete-age
combinations or less common mixture proportions.

G. Explainability Analysis of the Best Model

Because SVR produced the strongest cross-validation
performance, this model was selected for the subsequent
explainability analysis. SHAP was then used to quantify
the contribution of the eight input variables to the predicted
compressive strength. The global feature ranking is
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presented in Fig. 1, while the distribution of individual
SHAP contributions is illustrated in Fig. 2.
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Cement and age were identified as the two most
influential variables in compressive strength prediction,
consistent with the fundamental civil engineering principle
regarding the role of cement hydration as the primary
determinant of concrete strength development. To reveal
more detailed relationship patterns, Fig. 5 presents SHAP
dependence plots for three key variables side by side: (A)
cement, (B) age, and (C) water.
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Fig. 3. SHAP dependence plots for (A) cement, (B) age, and (C) water

Fig. 3 (A) shows a strong, nearly linear, positive
monotonic relationship between cement and the SHAP
value: the higher the cement content, the greater its
positive contribution to compressive strength prediction.
The coloring pattern in this panel also indicates a cement-
slag interaction, in which, at high cement levels, samples
with low slag content tend to have a larger SHAP
contribution than samples with high slag content at an
equivalent cement level indicating a partial cement-
substitution effect by slag that proportionally reduces
cement’s marginal contribution to compressive strength,
consistent with the secondary hydration mechanism of
slag, which proceeds more slowly than Portland cement
hydration.

Fig. 3 (B) reveals a non-linear pattern with a saturating
effect on the age variable: the SHAP contribution rises
sharply from very young concrete ages to intermediate
ages, then levels off at later ages. This pattern aligns with
the classic cement hydration curve, which approaches an
asymptote after a certain curing period (generally 28 90
days), and confirms that the SVR model successfully
captures the physical dynamics of the cement hydration
process without needing to be explicitly stated in the form
of reaction kinetics equations in the input data.

Fig. 3 (C) Water exhibits a predominantly negative
association with the SHAP contribution to predicted
compressive strength. Higher water content is generally
accompanied by a lower contribution to the model output.
This tendency is compatible with the established
relationship between water-to-cement ratio and concrete
strength, in which excessive water can increase the
capillary pore structure of hardened cement paste and
consequently reduce compressive performance. The
agreement between the learned response and this
established engineering relationship provides supporting
evidence that the model has captured physically
meaningful patterns in the dataset.

Fly ash showed the lowest SHAP influence among the
eight variables analyzed (Fig. 1), indicating that its
contribution to compressive strength within the testing age
range in this dataset is relatively smaller than that of slag.
This finding is consistent with the pozzolanic reaction of
fly ash, which proceeds more slowly than the cementitious
properties of slag, so its contribution to early-age strength
tends to be lower although in the long term, fly ash still
plays an important role in durability and reducing concrete
permeability, aspects that fall outside the scope of the
short-term compressive strength target variable in the
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dataset used.

H. Genetic Algorithm Optimization Results

GA optimization was run independently for the three
concrete quality classes, with SVR as the surrogate model
(selected based on its best cross-validation performance in
the benchmarking stage). The optimal composition results
for each class are presented in Table 6.

TABLE VI. OPTIMAL MIXTURE COMPOSITIONS FROM GENETIC

ALGORITHM OPTIMIZATION FOR THE THREE CONCRETE QUALITY
CLASSES (SVR AS SURROGATE MODEL)

Class Class

Class |
. (target I o
Variable 15 (target  (target
MPa) 27.5 55
MPa) MPa)
Cement (kg/m3) 268.29 141.03  495.69
Slag (kg/m3) 350.00 204.96 12.53
Fly Ash (kg/m?) 65.44 48.60 101.13
Water (kg/m3) 249.99 236.67 232.65
Superplasticizer (kg/m3) 1.73 8.77 13.97
Coarse Aggregate (kg/m?3) 119142 1117.84 782.23
Fine Aggregate (kg/m3) 736.49 500.66  650.63
Age (days) 20.53 206.54 74.97
Predicted Compressive Strength 15.00 2750 54.99
(MPa)
Water-Binder Ratio (w/b) 0.366 0.600 0.382
Slag Substitution (% binder) 51.2% 51.9% 2.1%
Fly Ash Substitution (% binder) 9.6% 12.3%  16.6%

The results in Table 6 show that the GA successfully
achieved predicted compressive strengths very close to the
target of each class Class | reached 15.00 MPa (target 15
MPa), Class Il reached 27.50 MPa (target 27.5 MPa, an
exact match), and Class Il reached 54.99 MPa (target 55
MPa) demonstrating excellent GA convergence toward the
designed target-based fitness function. All three
compositions were also validated as meeting all SNI
constraints, including the water-binder ratio within the 0.3
0.8 range and the fly ash and slag substitution limits
relative to total binder.

The binder substitution pattern in Table 6 reveals an
interesting and engineering-relevant trend: for Class | and
Il (low-medium strength), the GA tends to utilize a high
proportion of slag substitution (51 52% of binder) to
achieve the strength target with lower cement content,
consistent with the principle of cost efficiency and
industrial waste utilization in non-structural and light
structural applications that do not demand high early
strength. Conversely, for Class Il (high strength), the GA
drastically reduces the slag proportion (2.1%) and
increases cement content close to the SNI upper limit
(495.69 kg/m3 out of a limit of 500 kg/m3), consistent with
the SHAP analysis findings in Table 6 that cement is the
most influential variable for high compressive strength,
while slag which reacts through slower secondary
hydration is less effective for pursuing high-strength
targets within a reasonable curing age range. This pattern
shows that the GA framework not only produces
mathematically optimal figures but also captures
meaningful engineering trade-offs between the use of
supplementary materials and achieving structural strength
targets.

From a construction sustainability perspective, the Class
I1 results, which show a low slag substitution (2.1%),

indicate that for very high strength targets, the contribution
of supplementary materials to reducing Portland cement
use is relatively limited compared to Class | and Il. If a
specific sustainability goal demands a certain minimum
substitution proportion even for high-strength classes, the
GA abjective function would need to be reformulated into
a multi-objective optimization that explicitly considers the
binder substitution proportion alongside achieving the
strength target a development direction discussed further
in the future research recommendations section.

1V. CONCLUSION

An integrated machine-learning framework was
developed to predict and optimize fly ash-slag concrete
mixtures while incorporating the composition restrictions
adopted from the relevant SNI standards. The sensitivity
analysis of synthetic-data augmentation identified 2%
proportional noise as the most suitable setting, producing
an SVR probe-model R? of 0.881. Comparative evaluation
of five prediction algorithms after Bayesian
hyperparameter tuning subsequently showed that SVR
achieved the highest predictive performance, with an R2 of
0.939, followed by XGBoost, LightGBM, ANN, and
Random Forest. These findings demonstrate the usefulness
of systematic hyperparameter optimization and uniform
cross-validation when evaluating alternative learning
methods for concrete-strength prediction.

The SHAP results indicate that cement content and
curing age have major contributions to the predicted
compressive strength, while superplasticizer is also
identified as an influential variable in the overall model
interpretation. The dependence patterns observed for
cement, age, and water exhibit trends that are compatible
with established concepts of cement hydration and the
relationship between water-to-cement ratio and strength.
These results provide an interpretable perspective on the
behavior learned by the SVR model. In the optimization
stage, the Genetic Algorithm generated candidate mixtures
with predicted strengths of 15.00 MPa for Class I, 27.50
MPa for Class Il, and 54.99 MPa for Class Ill. The
candidate solutions satisfied the specified SNI-based
composition constraints.

The  combination of model benchmarking,
augmentation-level sensitivity ~ analysis, SHAP
interpretation, and target-based Genetic Algorithm
optimization provides a unified computational workflow
for preliminary fly ash—slag concrete mixture formulation.
The framework can assist in narrowing the mixture-design
search space while also providing information about the
variables associated with the model predictions.
Nevertheless, the optimized compositions represent
computationally generated candidates rather than
experimentally  confirmed  concrete  formulations.
Laboratory preparation and compressive-strength testing,
or validation using independent experimental datasets
outside the UCI database, are therefore required before the
proposed mixtures can be considered for practical
implementation.

Further development of the framework should consider
multiple design objectives simultaneously. Future
optimization could combine compressive strength with fly
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ash and slag utilization, mixture cost, and other indicators
of industrial-waste incorporation. Algorithms such as Non-
dominated Sorting Genetic Algorithm Il (NSGA-II) could
be investigated to generate a set of Pareto-optimal mixtures
representing different compromises between mechanical
and sustainability objectives. In addition, expanding the
database with fly ash and slag obtained from different
regions and material sources in Indonesia would provide
broader variability in material characteristics and could
improve the applicability of the model to local concrete-
material conditions.
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