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Abstract

Machine learning is increasingly used to predict the compressive strength of self-
compacting concrete with recycled coarse aggregate (SCRCAC), with coefficients of deter-
mination of 0.81–0.87 reported in the literature. This paper first shows that the widely used
reference dataset of 603 mixtures contains only 504 unique compositions, with 84 groups of
identical and 21 contradictory ones, so that identical mixtures leak between the training
and test sets. Under an objective, leakage-free evaluation (with the model re-tuned on the
deduplicated dataset), the coefficient of determination drops to about 0.73, a correction that
applies to all models on this dataset. We then propose an interpretable, hyperparameter-
optimized LightGBM model that (i) reaches the level of the best published results under the
standard protocol (seed-averaged five-fold cross-validation (CV) R2 = 0.813); (ii) provides a
calibrated uncertainty interval for each prediction via split-conformal prediction, achieving
an empirical coverage of 0.906 at the 90% nominal level; and (iii) remains fully explainable
(SHAP (SHapley Additive exPlanations), partial dependence), with cement as the dom-
inant predictor, followed by water and the mineral admixture. Under a 70/30 protocol
averaged over 25 splits, it achieves an R2 = 0.794 ± 0.038 and a root mean squared error
(RMSE) = 6.20 ± 0.48 MPa, exceeding all four machine learning models of the reference
study. Aspects in which the reference study retains an advantage are also discussed.

Keywords: self-compacting concrete; recycled aggregate; compressive strength; LightGBM;
data leakage; conformal prediction; uncertainty quantification; explainable machine
learning; SHAP

1. Introduction
The drive toward sustainable construction encourages replacing natural aggregate

with recycled aggregate obtained from construction waste. Concrete production is responsi-
ble for a significant share of global carbon dioxide emissions, while the depletion of natural
aggregate deposits further burdens the environment [1,2]. Incorporating recycled coarse
aggregate into self-compacting concrete simultaneously reduces the amount of disposed
waste and the consumption of natural resources, making it an attractive solution within the
circular economy [3].
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Recycled aggregate, however, introduces pronounced variability into the properties
of concrete. Residual old mortar on the grains increases water absorption and porosity
and weakens the interfacial transition zone, which makes it harder to reach the target
strength [4,5]. In self-compacting concrete, which is sensitive to fines content and su-
perplasticizer dosage, this variability is further pronounced [6]. A reliable estimate of
compressive strength from mixture composition, without extensive and costly laboratory
testing, has great practical value for quality mix design and quality control.

Classical empirical formulas fail to capture the nonlinear interactions of constituents in
such a heterogeneous material, so in recent years machine learning methods have gradually
taken over the role of standard tools [1,7]. The most commonly applied models, artificial
neural networks (ANNs), act as a “black box”. They yield accurate predictions but do not
reveal why. This limits engineers’ trust and their broader use in practice [8,9].

Recent research therefore turns to tree-based models and gradient boosting, which
stand out in the literature for their reliability, and complements them with methods of
explainable artificial intelligence (XAI), especially SHAP analysis [8,9]. The reliability of the
explanations themselves and their relation to prediction uncertainty have also become the
subject of systematic study [10]. A detailed review of relevant works is given in Section 2.

The two central contributions of this work are a systematic data-leakage assessment of
this widely used benchmark, which lowers the realistic accuracy from about 0.81 to about
0.73, and a calibrated conformal uncertainty interval for every prediction. Neither analysis
has been reported in the published literature on this dataset. A complementary study by the
same authors, conducted as a separate investigation, examines the same benchmark using
a stacking ensemble under a robust multi-split protocol. The data-quality analysis is sum-
marized in both studies so that each remains self-contained, while the modeling approach,
the uncertainty quantification, and the conclusions are distinct. Starting from the reference
study by Jagadesh et al. [4], which compared a neural network with several machine
learning models (Random Forest, Extra Trees, XGBoost, LightGBM), the aim of this work
is to propose a single, hyperparameter-optimized gradient-boosting model (LightGBM)
and its systematic interpretation, shifting the emphasis from merely maximizing accuracy
toward reliability. The contribution is manifold: (1) detecting and quantifying data leakage
in a widely used dataset (repeated and contradictory compositions), it is found that the
reported accuracy on this dataset is inflated (for all models in the literature, including the
model developed in this work), which yields a leakage-free evaluation; (2) each prediction
is equipped with a calibrated uncertainty interval through conformal prediction; (3) an
interpretable LightGBM is developed that, under the standard protocol, reaches the level of
the best published results, with full explainability (SHAP, partial dependence); and (4) a
comparative analysis is carried out against the reference and the most recent studies on the
same dataset under an identical protocol. In this way, instead of a single point estimate
from one split, a transparent and uncertainty-equipped estimate is obtained.

2. Literature Review
Research on predicting the compressive strength of recycled-aggregate concrete using

machine learning can be viewed along three thematic axes: the choice and architecture of
the model, the drive toward explainability, and the gradual shift toward gradient-boosting
methods. Most earlier works rely on artificial neural networks (ANNs), whose ability
to map nonlinear dependencies has enabled them to outperform classical regression in
modeling the compressive strength of concrete [1,2].

The first thematic axis concerns the network architecture and the training algorithm.
De-Prado-Gil et al. [6] compared the Levenberg–Marquardt, Bayesian regularization, and
scaled conjugate gradient algorithms, identifying Bayesian regularization as the most
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resistant to overfitting for recycled material. The same algorithm-comparison approach
was applied by Nikmehr et al. [11] to a geopolymer self-compacting concrete (SCC) with
coated aggregate, achieving very high accuracy on a strictly controlled database. Boudali
et al. [5] modeled the influence of fine recycled powder as a micro-filler, while de-Prado-Gil
et al. [12] introduced a partitioning of the database by target strength and derived explicit
engineering equations. The reference study [4] used in this work belongs to this axis, with
an extension to a comparison with machine learning models.

The second axis is explainability (XAI). Recent works abandon the “black box” and
introduce SHAP analysis to quantify the contribution of each constituent. For example,
Yang, Chen, and Xu [8] and Almutairi [9] show that SHAP makes the model physically
rational and singles out cement, water, and superplasticizer as the dominant factors. The
third axis is the shift toward trees and gradient boosting, where several studies find that tree
ensembles and boosting outperform ANNs in consistency and interpretability. For instance,
Yang, Sun, and Xu [13] for Random Forest, Almutairi [9] for XGBoost, and Alyaseen et al. [7]
report weaker generalization of ANNs compared with alternative models. Comprehensive
reviews [3] confirm these trends. The most recent studies extend them to interpretable
gradient-boosting models with SHAP analysis, applied to predicting the compressive
strength of conventional concrete [14]. Explainable models with metaheuristic optimiza-
tion have been applied to the properties of self-compacting concrete [15], while hybrid
generative–ensemble approaches have been used for recycled-aggregate concrete [16].

The research presented in this work is most similar to the recently published paper
by Abood et al. [17], who, on the same dataset from Jagadesh et al. [4], apply a single
gradient-boosting model optimized by Bayesian optimization (BO-GBRT) together with
SHAP analysis, reporting a five-fold cross-validation R2 = 0.806 and a test R2 = 0.868 on a
single 90/10 split. Their approach, however, remains a single-model point prediction and
considers neither prediction uncertainty nor the repetition of identical compositions in the
dataset. The research in this work starts from the same family of models but goes further
toward systematic explainability, conformal uncertainty intervals, and a leakage-aware
evaluation, as detailed in Section 5.

Uncertainty quantification, which is central to this work, has only recently been in-
troduced into this field in the research by Dong and Zhang [18], who developed a hybrid
deep learning framework (an FT-Transformer combined with a masked multilayer percep-
tron and two-level stacking) for predicting the compressive strength of self-compacting
concrete with recycled aggregate. The framework was equipped with split-conformal inter-
vals and SHAP interpretation, and was utilized on a dataset of 289 mixtures described by
18 variables (including curing age and the water-to-binder ratio), with particular robustness
to missing data. The study by Dong and Zhang [18] confirms the timeliness of conformal
prediction in this field and is complementary to this work. Here, the conformal framework
is applied to the broader reference benchmark dataset [4], with a considerably poorer
mixture description (eight variables), using a single fully interpretable gradient-boosting
model, with the emphasis shifted to data quality (repeated and contradictory compositions)
and robust evaluation across multiple splits.

Despite the clear trend toward boosting and explainability, a single, hyperparameter-
optimized leaf-wise gradient-boosting model (LightGBM), accompanied by a systematic
explainability analysis (SHAP and partial dependence) and a robust evaluation across
multiple splits, has not been sufficiently investigated for self-compacting concrete with
recycled coarse aggregate. Existing works mostly use Random Forest or XGBoost. More
broadly, even the most recent works on this dataset remain single-point predictions, without
uncertainty quantification or a data-quality check. This paper fills these gaps and proposes
an interpretable LightGBM model, complemented by conformal uncertainty intervals and
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a leakage-aware evaluation, thereby achieving a favorable balance of accuracy, simplicity,
explainability, and reliability.

3. Materials and Data
In this research, the publicly available dataset presented in the reference study [4]

was used. The dataset comprises 603 mixtures of self-compacting concrete with recycled
coarse aggregate, which the authors of the reference study collected from a large number
of published experimental studies (61 sources over 14 years). Each mixture is described
by eight composition components and the compressive strength measured at the age of
28 days (fck). The variables and their units are given in Table 1. All specimens in this
benchmark are tested at the same age of 28 days, so the curing age is constant across the
dataset and cannot act as an input variable. Moreover, the compressive strength determined
at the age of 28 days is the standard reference metric defined by structural design codes
worldwide for concrete classification and quality control, which makes it the primary focus
of this benchmark. Datasets with a variable curing age, such as the dataset of Dong and
Zhang [18] with eighteen variables, permit that extension, which is noted as a direction for
future work (Section 6.3). Since the data come from different laboratories and recipes, the
dataset is diverse but also noisy, which poses a realistic challenge for a predictive model.

Table 1. Description of variables.

Symbol Description Unit

Cement Cement content kg/m3

Water Water content kg/m3

FA Natural fine aggregate kg/m3

RFA Recycled fine aggregate kg/m3

CA Natural coarse aggregate kg/m3

RCA Recycled coarse aggregate kg/m3

MA Mineral admixture kg/m3

CHA Chemical admixture (superplasticizer) kg/m3

fck 28-day compressive strength (output) MPa

Table 2 presents the descriptive statistics of the input and output variables. The
range of the compressive strength (7.2–81.9 MPa) and of cement content (78–635 kg/m3)
confirms the diversity of the mixtures, while the very large standard deviations of the
recycled fractions (RFA, RCA) reflect different degrees of replacement of natural aggregate
by recycled aggregate. Zeros for the aggregate components indicate their absence in a given
mixture, and the largest deviation is shown by the chemical admixture, with a maximum
of 320 kg/m3, far above the mean (about 6 kg/m3). These extreme admixture values were
retained in the modeling. Only a single mixture lies above the 99th percentile, and gradient-
boosted trees split on thresholds rather than distances, which makes them robust to such
outliers. Discarding physically real mixtures without evidence of error would introduce
selection bias. A sensitivity check confirms this choice: removing the extreme-admixture
row or winsorizing it at the 99th percentile changes the seed-averaged five-fold R2 by at
most 0.004 (from 0.813 to 0.810 and 0.813, respectively).

Table 2. Descriptive statistics of the input and output variables.

Variable Mean Std. Min. Max. Unit

Cement 362.22 107.94 78.0 635.0 kg/m3

Water 183.72 26.98 105.0 277.0 kg/m3

FA 684.09 295.08 0.0 1200.0 kg/m3

https://doi.org/10.3390/jcs10080379

https://doi.org/10.3390/jcs10080379


J. Compos. Sci. 2026, 10, 379 5 of 22

Table 2. Cont.

Variable Mean Std. Min. Max. Unit

RFA 157.91 268.91 0.0 1200.0 kg/m3

CA 426.75 332.45 0.0 1170.0 kg/m3

RCA 334.46 323.59 0.0 1115.0 kg/m3

MA 153.74 109.58 0.0 449.0 kg/m3

CHA 6.05 14.62 0.0 320.0 kg/m3

fck 43.62 13.77 7.17 81.9 MPa

A uniqueness check of the compositions reveals that behind the 603 rows lie 504 dis-
tinct compositions. In total, 84 groups of mixtures share an identical composition, and in 21
of them the same composition corresponds to different measured strengths. Two mixtures
were treated as identical only when all eight input variables (Table 1) coincided exactly,
at the numerical precision reported in the source dataset, with no numerical tolerance
applied. Groups of identical compositions associated with different measured strengths
were labeled contradictory. The data thus contain identical and mutually inconsistent
records, which set an upper bound on the attainable accuracy (irreducible noise) and, if not
removed before splitting, can lead to information leakage between the training and test
sets (data leakage) and hence to an overestimation of model performance. To objectively
prevent this effect, performance is reported in this work in two ways. First, on the original
dataset of 603 rows, for direct comparability with the reference study [4]. Second, on
a deduplicated dataset, in which identical compositions are merged and the 21 contra-
dictory groups (same composition, different measured strength) are assigned the mean
value, yielding 504 unique compositions on which the model is re-tuned and evaluated
(Section 5). In this way, the reported result does not rely on a potentially inflated value.
Instead, an objective, leakage-free estimate is provided alongside it. Such an analysis is
in the spirit of recent findings that careful scrutiny of widely used benchmark datasets
can reveal their hidden limitations and redundancy, and thereby refine the realistically
attainable performance [19]. From a physical standpoint, the contradictory records are
expected: the eight compositional variables do not capture every factor that governs the
measured strength, including the properties and origin of the recycled aggregate (residual
mortar content, absorption), the curing regime, and the specimen and testing procedure.
Nominally identical mixtures, in several cases drawn from different source studies, there-
fore genuinely yield different strengths, reflecting laboratory-to-laboratory variation and
the usual experimental scatter of concrete. Occasional transcription errors in the original
compilation cannot be excluded either. The contradictions are thus mainly a consequence
of an incomplete mixture description rather than of necessarily erroneous data, and they
form part of the irreducible noise.

Compressive strength ranges from 7.2 to 81.9 MPa (mean 43.6 MPa). The distributions
of the input variables, shown in standardized form in Figure 1, exhibit pronounced asym-
metry, the presence of zeros for recycled aggregates (mixtures without that component),
and a few extreme values, particularly for the chemical admixture.
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Figure 1. Distributions of the standardized input variables (violin plot); asymmetry and extreme
values of some admixtures are visible (all 603 mixtures).

4. Methodology
4.1. Underlying Techniques and Theoretical Background

The proposed model belongs to the field of artificial intelligence (AI) and its subfield
of machine learning (ML). Within supervised learning, where a known output is associated
with each input example, predicting continuous compressive strength is a regression prob-
lem. For tabular data with nonlinear interactions, ensembles based on decision trees, and
gradient boosting in particular, are today the standard, often outperforming neural net-
works on datasets of moderate size. Current research compares boosting with modern deep
architectures on real tabular problems [20] and also combines it with neural components
into hybrid models [21]. This work uses one such model, LightGBM [22].

The basic element is the regression decision tree [23], which, through recursive binary
splits, partitions the input space into disjoint regions, predicting a constant in each leaf. The
variable and the split threshold are chosen by minimizing the sum of squared deviations in
the resulting subsets (L, R):

SSE(s) = ∑ i∈L(yi − yL)
2 + ∑ i∈R(yi − yR)

2, (1)

and the leaf prediction equals the average of the target values within it:

ŷRm =
1

|Rm| ∑ i∈Rm yi , (2)

where L and R denote the sets of samples that fall, respectively, to the left and right of the
split threshold on the chosen variable, and yL and yR are the mean measured strengths
within those two subsets. A single tree has high variance, which motivates combining them
into ensembles.

Gradient boosting [24] builds an additive model sequentially, with each successive
tree correcting the errors of the previous ones:

FM(x) = F0(x) + ∑M
m=1 νγmhm(x), (3)
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where F0 is the initial constant, hm the m-th tree, γm its coefficient, and ν the learning rate.
The model is initialized with the constant that minimizes the loss function L:

F0(x) = argminγ∑n
i=1 L(yi, γ). (4)

At each iteration, the pseudo-residuals are computed as the negative gradient of the
loss with respect to the current prediction:

rim = −
[

∂L(yi, F(xi))

∂F(xi)

]
F=Fm−1

. (5)

The new tree is fit to these residuals, and the model is updated with scaling by the
learning rate ν (a smaller ν gives slower but more stable learning):

Fm(x) = Fm−1(x) + νγmhm(x), 0 < ν ≤ 1. (6)

Modern implementations (XGBoost [25], LightGBM [22], CatBoost [26]) introduce a
second-order Taylor approximation of the objective. For sample i with gradient gi and
Hessian hi of the loss, the contribution of the m-th tree is approximated as

L(t) ≃ ∑n
i=1

[
gi ft(xi) +

1
2

hi f 2
t (xi)

]
+ Ω( ft), (7)

from which, for a fixed structure, the optimal leaf weight follows

w∗
j = −

∑ i∈Ij gi

∑ i∈Ij hi + λ
, (8)

where λ denotes the L2 regularization and Ω(ft) the tree-complexity penalty. The penalty
combines an L2 term on the leaf weights (coefficient λ), an L1 term on the leaf weights
(coefficient α), and a term proportional to the number of leaves T (coefficient γ). In
LightGBM, these map directly to the tuned hyperparameters: λ to reg_lambda, α to
reg_alpha, and T to num_leaves (additionally constrained by min_child_samples). Their
values are listed in Table 3.

Table 3. Tuned hyperparameters of the proposed LightGBM model.

Hyperparameter Value Role

n_estimators 770 Number of boosting trees
num_leaves 45 Max. leaves per tree (leaf-wise capacity)
max_depth 10 Max. tree depth

learning_rate 0.037 Shrinkage ν
subsample 0.54 Row subsampling

colsample_bytree 0.76 Column subsampling
min_child_samples 7 Min. samples per leaf

reg_alpha 0.045 L1 regularization
reg_lambda 0.049 L2 regularization

LightGBM [22] introduces several key improvements over classical boosting. First,
instead of considering all values of a variable, it uses histogram-based binning. Continuous
values are grouped into discrete bins, so that the search for the best split reduces to a pass
over the histogram, with the information gain of a split on variable j and threshold d:
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Vj(d) =
1
n


(

∑ xi∈Ol(j,d)gi

)2

nl(j, d)
+

(
∑ xi∈Or(j,d)gi

)2

nr(j, d)

, (9)

where Ol and Or are the sets of instances to the left and right of the threshold. For the
squared-error loss used here, the Hessian is constant, so this split-gain is presented in the
simplified, variance-based form. In the general case, LightGBM uses the full second-order
objective of Equations (7) and (8), which retains both the gradient and the Hessian statistics
of each leaf. Second, unlike level-wise growth, LightGBM uses leaf-wise growth. At each
step it splits the leaf that yields the largest gain:

(j∗, d∗) = argmaxj,dVj(d), (10)

which yields deeper, more accurate trees for the same number of leaves (but requires
regularization against overfitting). Third, gradient-based one-side sampling (GOSS) keeps
all instances with a large gradient (fraction a) and randomly samples a portion (fraction b)
of those with a small gradient, compensating their weight by a factor (1 − a)/b so that the
gain estimate remains unbiased:

∼
V j(d) =

1
n


(

∑ xi∈Al gi +
1−a

b ∑ xi∈Bl gi

)2

nj
l(d)

+

(
∑ xi∈Ar gi +

1−a
b ∑ xi∈Br gi

)2

nj
r(d)

. (11)

Finally, exclusive feature bundling (EFB) bundles sparse, mutually exclusive features
into one, reducing dimensionality. The conflict measure of two features is the number of
instances in which both are simultaneously nonzero:

Conflict(xj, xk) = ∑n
i=1 1

[
xij ̸= 0 ∧ xik ̸= 0

]
. (12)

The main tunable parameters are the number of leaves (num_leaves), maximum
depth, learning rate, number of trees, row and column subsampling, the minimum number
of samples per leaf (min_child_samples), and L1/L2 regularization. The related boost-
ers XGBoost [25] and CatBoost [26] share the same basis but differ in their growth and
regularization strategies. Here they are used only as a reference framework.

4.2. Application to the Present Problem

The choice of LightGBM as the single model was guided by the nature of the problem
and the aims of the work. The dataset is tabular, of moderate size (603 examples, eight vari-
ables), strongly nonlinear, and noisy. For such data, gradient boosting as a rule delivers top
accuracy. Unlike a stacking ensemble, a single model was deliberately chosen because the
goal is not maximal accuracy at any cost but a favorable balance of accuracy, training speed,
simplicity, and explainability. LightGBM is particularly suitable because histogram-based
binning and GOSS enable fast repeated validation, while native support for importance
measures and compatibility with SHAP analysis make the model interpretable. The eight
raw constituents were used directly as inputs. Supplying engineered ratios such as the
water-to-cement ratio explicitly was also tested, but it did not improve accuracy. A variant
enriched with domain ratios (including the water-to-cement and water-to-binder ratios)
gave a seed-averaged five-fold R2 of 0.802, against 0.813 for the raw inputs. This is expected,
because gradient-boosted trees can already reconstruct such ratios through successive splits.
The SHAP analysis in Section 5.3 further confirms the primacy of cement, with water among
the most influential variables, consistent with the water-to-cement ratio and Abrams’ law.
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Regarding this type of regression problem, individual boosting typically achieves an
R2 of about 0.74–0.79. With careful tuning, performance in the upper part of that range is
expected, at the level of or above the best reproducible model of the reference study. Since
a single estimator is used, there are neither two levels nor a serial dependence among the
outputs of multiple models. The data flow is simple. The input X of dimension n × 8 (eight
numerical variables in kg/m3) maps directly to a scalar output (the predicted fck in MPa).

The hyperparameters were optimized with the Optuna library [27] (Tree-structured
Parzen Estimator (TPE) search, five-fold cross-validation exclusively on the training set,
without access to the test set). The parameters that most affect the bias–variance trade-off
were tuned, while the boosting type (gbdt) and the loss function (L2 regression) were
kept at their default values, since alternative choices did not bring consistent gains. The
specific configuration is given in Table 3. The optimization used 150 TPE trials with a fixed
random seed for reproducibility, and the objective was the mean five-fold cross-validation
R2 computed on the training part of the reference split, so the test set was never accessed
during tuning. The search ranges were as follows: number of trees 100–1200; number of
leaves 7–127; maximum depth 2–12; learning rate 0.005–0.3 on a logarithmic scale; row and
column subsampling 0.5–1.0; minimum number of samples per leaf 3–40; and L1 and L2
regularization 0.001–10 on a logarithmic scale. The hyperparameters were optimized once
and then reused across all evaluation protocols. The optimization was not repeated within
each cross-validation fold, which is legitimate because the objective already uses an internal
five-fold split of the training data and never sees the held-out test set. For the deduplicated
evaluation, the model was re-tuned on the deduplicated training data (Section 5).

Reasons for the chosen settings were as follows: num_leaves and learning_rate most
strongly control the model’s capacity and tendency to overfit, so they were carefully tuned
together with the number of trees. Row and column subsampling and the L1/L2 penalties
additionally regularize the model on a relatively small dataset. Values of num_leaves well
below 2ˆmax_depth deliberately limit leaf-wise growth and prevent overfitting.

4.3. Evaluation Protocol

For comparison with the reference study [4], the 70% training/30% test split was re-
tained. To avoid the bias of a single split, performance is reported as the mean ± standard
deviation over 25 independent random splits, with the diagnostics shown on a represen-
tative (median R2) split. This protocol is in line with recommendations for the reliable
estimation of the generalization error of regression models [28]. The metrics used are the
coefficient of determination, the root mean squared error, and the mean absolute error:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 , (13)

RMSE =

√
1
n∑n

i=1(yi − ŷi)2, (14)

MAE =
1
n∑n

i=1|yi − ŷi|. (15)

The implementation is in Python 3.11.9 (Python Software Foundation, Wilmington,
DE, USA) using the LightGBM 4.6.0 (Microsoft Corporation, Redmond, WA, USA) [22],
scikit-learn 1.8.0 [29], SHAP 0.51.0 [30], and Optuna 4.8.0 (Preferred Networks, Inc., Tokyo,
Japan) [27] libraries.

4.4. Uncertainty Quantification (Conformal Prediction)

In addition to a point estimate, a measure of prediction uncertainty is important for
engineering use, which the reference and related works on this dataset do not provide
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(on a related dataset it was recently introduced by a hybrid deep model [18], discussed
in Section 6). Uncertainty quantification is also becoming established more broadly in
engineering applications of artificial intelligence; for example, through Bayesian neural
networks for predicting the response of offshore platforms [31]. Therefore, split-conformal
prediction [32] is applied, which, under mild assumptions, yields intervals with guaranteed
coverage. The training set is divided into a proper-training part and a calibration part. On
the calibration part, the absolute residuals are computed, and their (1 − α) quantile defines
the half-width of the interval:

q̂1−α = Quantile1−α

({∣∣∣yi − f̂ (xi)
∣∣∣ : i ∈ Ical

})
, (16)

so the prediction interval for a new sample is [ŷ − q̂, ŷ + q̂]. In this way, together with
the strength estimate, the engineer also obtains a confidence range, which is crucial for
safety-side decisions.

In addition to the basic (symmetric, split) variant, an adaptive variant, conformalized
quantile regression (CQR) [33], is also considered, in which, instead of a single half-width,
two quantile-regression models are used (for the lower and upper quantiles), so the interval
adapts to the local uncertainty and its width varies from sample to sample. Both variants
retain guaranteed coverage, and their comparison is presented in Section 5.

5. Results
5.1. Predictive Performance

Under the repeated 70/30 protocol, the proposed LightGBM achieves an
R2 = 0.794 ± 0.038, an RMSE = 6.20 ± 0.48 MPa, a mean squared error (MSE) = 38.7 ± 6.0 MPa2,
and a mean absolute error (MAE) = 4.00 ± 0.32 MPa. On a representative split, the model
achieves an R2 = 0.798 and a correlation coefficient r = 0.895 (Figure 2). Table 4 presents the
values of the proposed model (R2 = 0.794, RMSE = 6.20 MPa) and of the four machine learning
models from the reference study (R2 = 0.7249–0.7635, RMSE = 6.80–7.34 MPa). The comparisons
are shown graphically in Figure 3 (R2) and Figure 4 (the RMSE and MSE errors).

Figure 2. Predicted vs. measured compressive strength (representative median R2 split of the
25 × 70/30 protocol); color encodes absolute prediction error.
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Table 4. Comparison with the reference study (proposed model: mean over 25 × 70/30). Bold
indicates the proposed model.

Model R2 RMSE (MPa) MSE (MPa2)

Random Forest (reference) 0.7249 7.34 53.80
Extra Trees (reference) 0.7474 7.03 49.40

LightGBM (reference, default) 0.7437 7.08 50.13
XGBoost (reference, best) 0.7635 6.80 46.26

Proposed LightGBM 0.794 6.20 38.7

Figure 3. Comparison of the coefficient of determination (R2) with models from the reference study
(proposed model: mean over the 25 × 70/30 splits; reference values as reported in [4]).

Figure 4. Comparison of error (RMSE and MSE) with the reference study (proposed model: mean
over the 25 × 70/30 splits; reference values as reported in [4]).

5.2. Residual Analysis and Stability

The residuals on the representative split are approximately normally distributed, as
shown by the Q–Q plot (Figure 5), without pronounced systematic bias. The learning
curve (Figure 6) shows that the validation R2 stabilizes as the number of samples increases,
with a moderate gap between the training and validation curves, indicating controlled
overfitting. Across the 25 splits, the error is not uniform over the strength range. The mean
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absolute error is lowest in the middle tercile (about 3.3 MPa) and higher in the low and high
terciles (about 4.2 and 4.5 MPa), consistent with the slightly lower conformal coverage at
the extremes (Section 5.6). By mixture type, recycled-aggregate mixtures (RCA > 0) are not
predicted less accurately than mixtures with natural coarse aggregate only (mean absolute
error 3.9 against 4.1 MPa).

Figure 5. Q–Q plot of residuals against the normal distribution (representative split); the red line
denotes the reference normal distribution.

Figure 6. Learning curve of the proposed model (five-fold cross-validation on the full dataset).

5.3. Model Explainability

Unlike a “black box,” the proposed model is fully interpreted. The native importance
measure (total gain, Figure 7) and the SHAP analysis [30] (Figure 8) jointly single out cement
as the dominant predictor, followed by water and the mineral and chemical admixtures.
These rankings are stable across the 25 random splits. Cement ranks first in every split,
and the overall ordering is highly consistent (mean pairwise Spearman correlation 0.93
for gain and 0.94 for SHAP), with water and the mineral admixture alternating in the next
positions. Cement is unambiguously the most influential variable under both measures.
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For the second position, the water content leads by the gain measure while the mineral
admixture leads by the SHAP measure, and the two are comparable. This refines the initial
description of cement and water alone as jointly dominant. Beyond the clear primacy of
cement, water and the mineral admixture contribute comparably. This is consistent with
established knowledge about concrete (the water-to-cement ratio, Abrams’ law), giving
the model a physically meaningful interpretation. Partial dependence (Figure 9) shows
the expected monotonic trends: compressive strength increases with cement content and
decreases with water content. Because partial dependence is an average over the empirical
distribution, in sparsely populated regions (for example, the extreme admixture range) the
curves represent an extrapolation and should be read with caution. The rug marks added
to Figure 9 indicate the data density along the horizontal axis of each panel, so the trends
are reliable mainly within the well-populated range (see also the distributions in Figure 1).

Figure 7. Feature importance of the proposed model (LightGBM total gain; representative split,
original 603-row dataset).

Figure 8. SHAP summary: contribution of each variable to individual predictions (representative
split, original 603-row dataset); colour represents the feature value (red = high, blue = low).
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Figure 9. Partial dependence for the four most influential variables (representative split; rug marks
show data density).

These findings agree with the results of explainable ML studies from the literature.
SHAP analyses [8,9] also single out cement, water, and superplasticizer as the dominant
factors, which confirm the physical consistency of the proposed model. As a quantita-
tive measure of engineering reliability, the a20-index was computed: the proportion of
predictions whose ratio to the measured value deviates by less than ±20%, which for the
proposed model on a representative split is 0.85, is within the range of values regarded in
the literature as an indicator of a model’s readiness for practical use [8].

5.4. Comparison with the Most Recent Work (Abood et al.) and Model Extensions

In the most recent study, Abood et al. [17], conducted on the same dataset presented in
the work of Jagadesh et al. [4], present the application of a single gradient-boosting model
optimized by Bayesian optimization (BO-GBRT), reporting a five-fold cross-validation
R2 = 0.806 (RMSE 6.00 MPa) and, on a single 90/10 split, a test R2 = 0.868. For an objective
comparison, the proposed LightGBM was evaluated under the identical five-fold protocol,
but averaged over 20 random choices of the fold partition (rather than on the basis of a
single partition). The seed-averaged five-fold CV gives an R2 = 0.813 ± 0.017, with the
result exceeding 0.806 in 14/20 partition choices and falling below it in the remainder.
Because the reference value comes from a single partition, a two-sample test is not possible.
A one-sample test of the 20 seed-averaged values against the constant 0.806 gives p = 0.07
(both a t-test and a Wilcoxon signed-rank test), so the small difference is not statistically
significant. The 14/20 count is therefore a descriptive indicator rather than a formal test,
and the two results are best interpreted as being at the same level on this metric.

The essential contribution relative to [17], however, is not a higher coefficient of
determination (which is at parity) but two extensions that the cited approach lacks. The
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first extension, and the most important, concerns data quality. When the model is re-tuned
and evaluated on the deduplicated dataset (504 unique compositions), the R2 is 0.73 ± 0.01,
well below the values of about 0.81–0.87 reported on the original dataset (and in all previous
works on this dataset). This indicates that those reported values partly originate from the
leakage of identical compositions between the training and test sets, and that ~0.73 is a
more objective estimate of the true performance on this problem (the full sensitivity analysis
of the duplicate treatment is given in Section 5.5 and is not repeated here). The second
extension is uncertainty quantification. The split-conformal intervals achieve an empirical
coverage of 0.906 (nominal 0.90) with an average width of 25.8 MPa. This relatively large
width is not a shortcoming of the model but a faithful reflection of the irreducible noise in
the data (partly the contradictory records themselves). The model conveys the limit of its
reliability rather than concealing it. A concise comparison with the most recent work and
the proposed extensions is given in Table 5.

Table 5. Comparison with Abood et al. [17] and the proposed extensions on the same dataset.

Property/Protocol Abood et al. (BO-GBRT) Proposed (This Work)

Five-fold CV R2 (seed-averaged) 0.806 (single) 0.813 ± 0.017
Test R2 (90/10, reference split) 0.868 0.851

Robust R2 (70/30, 25 splits) 0.794 ± 0.038
Leakage-free R2 (re-tuned, unique comp.) Not assessed 0.73

Uncertainty intervals (conformal) No Yes (coverage 0.906)

5.5. Sensitivity of the Leakage Finding to Duplicate Treatment

To verify that the leakage finding does not depend on an arbitrary choice of duplicate
handling, the same model (parameters from Table 3) was evaluated by five-fold cross-
validation, seed-averaged over 20 partition choices, on three dataset variants: (a) the
original dataset of 603 rows; (b) the dataset with contradictory groups removed (rows with
the same composition but different measured strength; 549 rows remaining); and (c) a fully
deduplicated dataset in which identical compositions are merged into 504 unique ones (the
contradictory ones assigned the mean). The results are given in Table 6.

Table 6. Sensitivity of the reported R2 to the treatment of duplicate compositions.

Treatment of Duplicate Compositions n R2 (Five-Fold, Seed-Averaged)

(a) Original set (as distributed) 603 0.813 ± 0.017
(b) Contradictory groups removed 549 0.811 ± 0.018

(c) Deduplicated to unique compositions 504 0.731 ± 0.012
(d) Group-aware CV (GroupKFold by composition) 603/504 grp 0.733 ± 0.066

Removing only the contradictory groups changes the result negligibly (0.811 versus
0.813), because identical compositions that can simultaneously enter the training and
test sets still remain in the dataset. Only full deduplication into unique compositions
removes this leakage and reveals a more realistic 0.731. This confirms that the increase in
reported accuracy originates precisely from the repeated compositions (and not only from
the contradictory measurements) and that ~0.73 is the real level of performance on this
problem. This conclusion does not depend on the choice of model and applies to all studies
on the same dataset.

The strictest and methodologically most correct check is group-aware cross-validation
(GroupKFold), in which all mixtures of the same composition remain in the same fold,
so identical compositions are never simultaneously in the training and test sets (row
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(d) in Table 6). It gives an R2 = 0.733 ± 0.066, which matches the full deduplication
and independently confirms that the apparent ~0.81 arises precisely from the leakage of
identical compositions between the training and test sets. The larger standard deviation of
this variant (0.066 against 0.012–0.018 for the others) does not indicate an unstable estimate.
It is the dispersion across the five folds of a single deterministic group partition, whereas
the other standard deviations are computed across twenty seed-averaged repetitions, so
the two figures measure different quantities and are not directly comparable. The grouping
constraint also produces folds of unequal size and heterogeneous source composition and
precludes stratification by strength, which further widens the fold-to-fold spread. Crucially,
the mean value (0.733) coincides with the independent deduplication estimate (0.731),
so the conclusion that the true performance is about 0.73 rests on the agreement of two
separate checks rather than on the variance of any single one.

5.6. Calibration and Adaptive Uncertainty Intervals

The reliability of the conformal intervals was verified by calibration. For nominal
confidence levels of 80%, 90%, and 95%, the empirical coverage (the proportion of true
values within the interval) and the average interval width were measured, averaged over
20 random splits. The results are presented in Table 7, and a graphical representation in
Figure 10.

Table 7. Calibration of split-conformal prediction intervals.

Nominal Coverage Empirical Coverage Mean Interval Width (MPa)

80% 0.792 17.1
90% 0.906 25.8
95% 0.945 33.6

Figure 10. Conformal calibration: empirical vs. nominal coverage (split-conformal at 80/90/95% and
CQR at 90%), averaged over 20 random splits; points near the diagonal indicate correct calibration.

The empirical coverage at all three levels almost matches the nominal one (at 90% it
is 0.906), confirming that the intervals are correctly calibrated. The model neither under-
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nor over-estimates its own uncertainty. Figure 11 illustrates the intervals on one test split.
Points inside the band are covered, while the few outside it correspond to the expected
percentage of misses.

Figure 11. 90% conformal prediction intervals on one test split (samples sorted by predicted value):
green points are covered; red are outside the interval.

In addition to the average coverage, the conditional coverage was also examined (the
proportion of covered true values across compressive-strength ranges—low, medium, and
high terciles). The result is shown in Figure 12. Coverage is close to the nominal 90%
in all three ranges (low 0.89, medium 0.96, high 0.87), with slight under-coverage in the
extreme ranges, where the data are sparser—a known property of the symmetric (split)
variant—which is precisely what motivates the adaptive approach described below.

Figure 12. Conditional coverage of the 90% intervals across low/medium/high strength ranges,
averaged over 20 random splits (dashed line: nominal 0.90); bars are shaded by strength range (low,
medium, high).

In addition to the symmetric (split) variant, the adaptive conformalized quantile
regression (CQR) [33] was also examined. At the 90% level, CQR achieves a coverage
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of 0.910 with an average width of 29.8 MPa, against 25.8 MPa for the split variant. CQR
produces intervals whose width varies locally (narrower where the prediction is more
reliable), with the same guaranteed coverage. On this noisy dataset, the average width is
not smaller than that of the symmetric variant, but the adaptivity more faithfully follows the
distribution of uncertainty. The dominant driver of the width can be identified. Removing
the repeated and contradictory records does not narrow the intervals. On the deduplicated
dataset the 90% width is 28.4 MPa, slightly wider than the 25.8 MPa on the full dataset
(owing to the smaller calibration set), so duplicated records are not the source of the width.
The width instead tracks the irreducible prediction error, while the extreme strength ranges,
which are more sparsely sampled, show slightly lower coverage (Figure 12). The width
is therefore governed mainly by measurement noise and source heterogeneity, with data
sparsity affecting the extremes and duplication playing no widening role. The relatively
large widths of both variants are a consequence of the irreducible noise in the data (partly
the contradictory records), and faithfully convey the real limit of reliability rather than
concealing it. The width should be read against the prediction error. For an approximately
normal error with the conformal residual spread observed here (a proper-training RMSE of
about 7.5 MPa), a two-sided 90% interval already spans about 2 × 1.645 × 7.5 = 24.7 MPa,
so the measured 25.8 MPa is close to this theoretical minimum and reflects the residual
scatter rather than any conservatism of the method. A width of 25.8 MPa corresponds
to roughly one third of the observed strength range (7.2–81.9 MPa). For mix design, the
intervals remain useful. The guaranteed coverage supports safety-side decisions based on
the lower bound, and a user who needs tighter bounds can adopt a lower nominal level
(the 80% interval narrows to 17.1 MPa).

6. Discussion
The proposed single LightGBM model achieves an R2 = 0.794 and an RMSE = 6.20 MPa,

values above all four machine learning models from the reference study [4], using a single
model. It also offers fast training, a small number of components, and full explainability
of predictions through SHAP analysis, which for engineering use is often as important as
accuracy itself.

6.1. Aspects in Which the Reference Study Retains an Advantage

For the sake of objectivity, the aspects in which the reference study retains an advantage
should also be noted. First, Jagadesh et al. [4] report that their neural network achieves an
R2 = 0.86 on the test set, which is higher than the R2 (0.794) of the model presented in this
work. Although that result comes from a single 70/30 split and is difficult to reproduce,
on paper it represents a higher reported performance and serves as a benchmark to aim
for. Second, the neural network from the reference study is architecturally very simple (a
single hidden layer with nine neurons). Third, more complex stacking ensembles can yield
a slightly higher R2 than a single model. The aim of this work was not to achieve maximal
accuracy but the best balance of accuracy, simplicity, and explainability.

6.2. Relation to a Recent Conformal-Prediction Work on a Related Dataset

Methodologically closest to this work is the recently published paper by Dong and
Zhang [18], which, together with predicting the compressive strength of self-compacting
concrete with recycled aggregate, also provides split-conformal intervals and SHAP in-
terpretation, but on a different dataset (289 mixtures, 18 variables) and with a hybrid
deep architecture. On their dataset, they report high performance (test R2 = 0.940,
RMSE = 4.22 MPa) and an average 90% interval width of 8.32 MPa, with a measured
coverage of 94.8%. These values are not directly comparable with those obtained in this
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work, since they come from different datasets. The dataset in [18] contains more informative
variables (e.g., curing age and the water-to-binder ratio) and a different noise structure.
Both the accuracy and the interval width are therefore, to a large extent, a property of the
dataset rather than of the model alone. In terms of calibration, the measured coverage
in [18] (94.8% at a nominal 90%) indicates somewhat more conservative intervals, whereas
in this work the coverage almost matches the nominal one (90.6%). On the other hand,
the framework in [18] has a clear advantage in handling incomplete data (a drop of only
about 3% in the R2 at 15% missing values), which this work does not address because the
reference dataset is complete. The two studies are therefore complementary. The work [18]
pushes the boundary of model usability under incomplete data and a richer mixture de-
scription, while the research in this work pushes the boundary of evaluation reliability
through a data-quality check (leakage of identical compositions), evaluation over 25 splits,
and exact TreeSHAP interpretation of a simple model. Taken together, the results suggest
that conformal prediction is maturing into a standard tool for mix design, but also that
reported interval widths should always be interpreted in the context of the specific dataset.

6.3. Practical Implications and Limitations

The agreement of the importance measures and the SHAP analysis with the physical
laws of concrete increases confidence in the model and enables its use as a tool for guiding
mix design. Limitations include the relatively small dataset (603 mixtures) collected from
heterogeneous sources, the presence of extreme values of some admixtures, and the fact that
the conclusions are limited to the range of compositions represented in the data. External
validation on a fully independent dataset was not performed because no public benchmark
with the same eight-variable description is available. The most closely related dataset [18]
uses a different, eighteen-variable description and a different noise structure, so it is not
directly compatible. As an internal surrogate, a leave-one-source-out analysis was carried
out, in which the model was trained on all source studies but one and evaluated on the
held-out study. The pooled coefficient of determination then drops to about 0.04, and
most individual sources yield negative values, which shows that the reported performance
holds within the distribution of the benchmark sources and should not be extrapolated
to an entirely new source without recalibration. Future research could therefore include
enlarging the dataset and external validation on independent mixtures.

7. Conclusions
This work has shown that the reported machine learning accuracies on this widely

used dataset partly originate from data leakage (repeated and contradictory compositions),
and that an objective leakage-free estimate (with re-tuning on the deduplicated dataset)
yields an R2 of about 0.73 instead of ~0.81. The conducted analysis singles out this lower
value as a more realistic indicator of performance on this problem. With that correction,
an interpretable, optimized LightGBM model equipped with calibrated conformal uncer-
tainty intervals was proposed. Under an identical 70/30 protocol (averaged over 25 splits),
the model achieves an R2 = 0.794 ± 0.038 and an RMSE = 6.20 ± 0.48 MPa, with R2

and RMSE values exceeding all four machine learning models from the reference study
(R2 = 0.7249–0.7635). Beyond accuracy, the contribution of this work lies in explainability,
as SHAP and partial dependence confirm that the model learns physically meaningful
relationships, with cement as the dominant predictor, followed by water and the mineral
admixture. Compared with the most recent work on the same dataset (BO-GBRT) [17],
the proposed model under an identical protocol attains a result at the level of the refer-
ence (seed-averaged five-fold CV R2 = 0.813 versus 0.806), and, unlike the single-partition
protocol of [17], quantifies the variability across partition choices (±0.017). Because the
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reference reports a single partition, a formal variance comparison is not possible and no
lower-variance claim is made (Section 5.4). The proposed model additionally augments the
analysis with conformal uncertainty intervals (empirical coverage 0.906 at the 90% nominal
level) and a leakage-aware evaluation that reveals the repeated compositions in the dataset.
The complementary recent work with conformal intervals on a related dataset [18] further
confirms that uncertainty quantification is becoming a standard in this field. The proposed
approach offers a favorable balance of accuracy, simplicity, interpretability, and reliability,
is suitable for practical use, and is in line with the trend in the recent literature [8,9] that
recognizes interpretable gradient-boosting models as a reliable and physically consistent
solution for predicting the compressive strength of recycled-aggregate concrete. Future
work will focus on external validation on independent datasets with richer mixture descrip-
tions, including the curing age, and on applying the leakage-aware evaluation protocol to
other benchmark datasets in this field.
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