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Concrete compressive-strength prediction can support early mix screening, but core 
engineering use requires evidence beyond random test accuracy. This study develops 
a physically consistent and unseen-mix-validated machine-learning workflow using the 
UCI concrete compressive-strength dataset with 1030 records, eight input variables 
and one strength target. Advanced ensembles, including XGBoost, LightGBM, CatBoost 
and monotonic gradient boosting, were evaluated using repeated random cross-
validation and stricter group validation that held out complete mix-proportion families. 
Additional evidence included nested group hyperparameter tuning, local physical-
response diagnostics, split conformal prediction intervals, conditional coverage, 
residual diagnostics, permutation importance and SHAP analysis. The best random-
validation model was LightGBM unrestricted, with MAE = 2.858 MPa, whereas the best 
unseen-mix validation model was LightGBM unrestricted, with MAE = 3.839 MPa. The 
tuned monotonic histogram model achieved unseen-mix MAE = 4.056 MPa and R2 = 
0.885 while eliminating tested monotonic-response violations. Conditional conformal 
analysis revealed high-strength undercoverage, with coverage = 0.834. Regime-
transfer stress tests further showed elevated error for high-strength extrapolation 
(best MAE = 7.872 MPa) and low water-to-binder records (best MAE = 7.115 MPa). The 
results show that concrete-strength models should be judged by unseen-mixture 
generalization, physical consistency and conditional uncertainty, not random accuracy 
alone. 
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1. Introduction 
 

Concrete compressive strength is a primary index for concrete quality, safety and serviceability. 
Laboratory compression tests remain the authority for mix qualification, but predictive models can 
support earlier decisions during mix screening, quality control and experimental planning [1,2]. The 
challenge is not only to obtain low prediction error. A model used in engineering practice must also 
behave plausibly when key mix variables are perturbed, communicate uncertainty and generalize 
beyond repeated records from the same mixture family. 
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The UCI concrete compressive-strength dataset, originally associated with neural-network 
modelling of high-performance concrete, has become a standard benchmark for mixture-based 
strength prediction [3,4]. Earlier studies used neural networks, support vector machines, decision-
tree ensembles and hybrid data-mining methods to estimate concrete strength from mix proportions 
and curing age [5-13]. More recent reviews have emphasized that machine learning can be useful for 
concrete property prediction, but only when validation design, domain applicability and 
interpretability are handled carefully [14-16]. 

Many concrete-strength machine-learning studies report random train-test or cross-validation 
accuracy on the UCI concrete dataset. Random splitting is convenient, but it can be optimistic when 
records share the same or nearly the same mix proportions at different curing ages. This is a form of 
validation-design risk that has been discussed in broader machine-learning methodology, especially 
for structured, grouped or leakage-prone data [17-20]. In practical deployment, engineers normally 
ask a model to estimate strength for a new combination of cementitious material, water, admixture 
and aggregate content, not simply another age point from a known mixture. 

A second limitation is physical-response audit. Highly flexible ensembles such as random forests, 
gradient boosting, XGBoost, LightGBM and CatBoost can fit nonlinear interactions well [21-25], but 
may still produce local response reversals. For example, predicted strength can decrease when 
cement content increases or increase when water content increases, with all other variables fixed. 
Such local contradictions do not automatically make a model unusable, because concrete mixtures 
involve interactions, but they reduce interpretability and make predictions harder to defend in 
preliminary engineering use. Monotonic constraints provide a principled compromise when the 
expected direction is clear. 

This study develops a stronger evidence chain for concrete compressive-strength prediction. It 
combines advanced gradient-boosting models, random repeated cross-validation, unseen-mix group 
validation, nested group-based hyperparameter tuning, local physical-response diagnostics, 
conformal prediction intervals, conditional coverage analysis, residual diagnostics and model-
importance evidence. The uncertainty and interpretability components draw on conformal 
prediction, SHAP and permutation-importance methods [26-32]. The aim is to evaluate whether 
physically constrained machine learning can retain competitive accuracy while improving auditability 
under a validation design closer to practical unseen-mixture use. 

The central hypothesis is that an engineering-strength benchmark should reward models that 
remain credible under harder validation, not only those that rank first in random cross-validation. 
Accordingly, the manuscript treats accuracy, physical consistency, uncertainty coverage, feature 
importance and regime-transfer behaviour as complementary evidence. This framing is intended to 
make the study useful for applied engineering technology rather than only for algorithmic 
comparison. 

 
2. Materials and Methods 

 
The study used the Concrete Compressive Strength dataset from the UCI Machine Learning 

Repository. The data contain 1030 observations, eight input variables and one target variable. The 
input variables are cement, blast furnace slag, fly ash, water, superplasticizer, coarse aggregate, fine 
aggregate and curing age. The response variable is measured concrete compressive strength in MPa. 
The dataset metadata report no missing values and provide DOI 10.24432/C5PK67. 

To reduce the risk of over-optimistic random validation, a mix-group identifier was created from 
the seven mix-proportion variables excluding curing age. Exact rounded compositions formed 427 
unique mix groups. GroupKFold validation then held out entire mix-proportion groups, while age 
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remained available as a predictor. This evaluates a harder question: can the model generalize to 
mixtures whose material proportions were not present in the training folds? 

Eight advanced models were compared: unrestricted histogram gradient boosting, monotonic 
histogram gradient boosting, extra trees, unrestricted XGBoost, monotonic XGBoost, unrestricted 
LightGBM, monotonic LightGBM and CatBoost. The monotonic models constrained cement, 
superplasticizer and age to nondecreasing effects and water to a nonincreasing effect. Slag, fly ash 
and aggregate variables were left unconstrained because their effects can depend on replacement 
ratios, packing and interaction with water and admixtures. 

The baseline accuracy experiment used repeated five-fold random cross-validation. The stricter 
generalization experiment used five-fold unseen-mix group cross-validation. Model performance was 
measured using mean absolute error (MAE), root mean squared error (RMSE) and coefficient of 
determination (R2). Fold-level paired Wilcoxon signed-rank tests compared MAE differences 
between the monotonic histogram model and competing models [33,34]. These tests are used as 
descriptive evidence of fold-level differences, not as a claim of universal superiority. 

Nested group tuning was added for the monotonic histogram gradient-boosting model. In each 
outer unseen-mix fold, an inner three-fold group validation selected among 16 candidate 
configurations spanning learning rate, number of iterations, maximum leaf nodes and L2 
regularization. The selected configuration was then refitted on the outer training groups and 
evaluated on the held-out mix groups. This prevents using the test fold to choose hyperparameters. 

Uncertainty was evaluated with split conformal prediction intervals. For each random split, a 
training set fitted the monotonic model, a calibration set determined the residual quantile and a test 
set evaluated empirical coverage. Coverage was then summarized by strength range and curing-age 
range, because average coverage can hide undercoverage in high-strength concrete [26-29]. Residual 
diagnostics were also computed to identify bias and error dispersion. 

Interpretability evidence was obtained using two complementary approaches. Permutation 
importance measured the increase in holdout MAE after each feature was randomly permuted, while 
SHAP values were computed for monotonic XGBoost to estimate the mean absolute feature 
contribution in MPa [30-32]. The two approaches were compared to identify whether the same 
engineering variables dominate the prediction. 

A final regime-transfer stress test evaluated performance under three deliberately difficult 
distribution shifts. In the high-strength extrapolation test, records above 60 MPa were excluded from 
training and used only for testing. In the late-age transfer test, records older than 56 days were held 
out. In the low water-to-binder test, the lowest water-to-binder regime was held out. These tests 
were not designed to maximize accuracy; they were designed to expose where the benchmark-
supported models should not be over-trusted. 

All scripts were written as deterministic local experiments with fixed random seeds. The output 
package stores raw metadata, cleaned data, per-fold results, summary tables, generated figures and 
validation reports. This structure allows the analysis to be rerun and audited without relying on 
manually copied results. 
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Table 1 
Dataset variables 

Variable Role Unit Description 
Cement Feature kg/m3 Cement content in the 

concrete mix 
Blast furnace slag Feature kg/m3 Ground granulated blast 

furnace slag 
Fly ash Feature kg/m3 Fly ash content 
Water Feature kg/m3 Mixing water content 
Superplasticizer Feature kg/m3 Superplasticizer dosage 
Coarse aggregate Feature kg/m3 Coarse aggregate 

content 
Fine aggregate Feature kg/m3 Fine aggregate content 
Age Feature day Curing age 
Concrete compressive 
strength 

Target MPa Measured compressive 
strength 

 

 

Fig. 1. Dataset target distribution and correlation profile 

3. Results 
 
Under repeated random cross-validation, LightGBM unrestricted achieved the best average 

accuracy, with MAE = 2.858 MPa, RMSE = 4.391 MPa and R2 = 0.930. The best monotonic model in 
the random setting was LightGBM monotonic, with MAE = 3.146 MPa and R2 = 0.928. This shows 
that enforcing directional constraints does not necessarily destroy predictive performance. 

The unseen-mix group validation was more demanding. The best group-validation model was 
LightGBM unrestricted, with MAE = 3.839 MPa, RMSE = 5.553 MPa and R2 = 0.888. The best 
monotonic group-validation model was LightGBM monotonic, with MAE = 3.980 MPa and R2 = 0.887. 
The histogram monotonic model produced MAE = 4.061 MPa and R2 = 0.884. The increase in error 
relative to random validation confirms that random splitting overstates practical generalization for 
unseen mixture designs. 

Nested group tuning produced a monotonic histogram model with mean outer-fold MAE = 4.056 
MPa and R2 = 0.885. This is close to the untuned group-validation result, indicating that the 
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performance estimate is not primarily a product of one favorable hyperparameter setting. The 
selected configurations consistently favored 220 boosting iterations and a learning rate of 0.06. 

Physical-response diagnostics showed the clearest benefit of constraints. The monotonic 
histogram model produced zero violations in all four perturbation checks. In contrast, unrestricted 
histogram boosting violated the expected response direction for cement increase, water increase 
and superplasticizer increase, and random forest also produced nonzero violations. These checks do 
not prove full physical validity, but they demonstrate that monotonic constraints remove a class of 
local contradictions that would be difficult to defend in engineering screening. 

Conditional conformal analysis revealed an important limitation. Average nominal 90 percent 
intervals were close to the target, but high-strength concrete had lower coverage, with mean 
coverage = 0.834. Low- and medium-strength bins showed better coverage. This result suggests that 
a single global conformal residual quantile may be insufficient for high-strength regimes and that 
strength-stratified or locally adaptive intervals should be evaluated before deployment. 

Feature-importance evidence was consistent across methods. Permutation importance ranked 
age first, with mean MAE increase = 8.665 MPa after permutation. SHAP also ranked age first, with 
mean absolute SHAP value = 7.986 MPa. Age, cement, water and slag were the dominant variables, 
which is consistent with concrete curing and mix-proportion mechanisms. 

The regime-transfer stress tests further exposed the limits of the models. For high-strength 
extrapolation, the best model was LightGBM monotonic with MAE = 7.872 MPa, but all models 
showed substantial underprediction bias. For late-age transfer, the best model was LightGBM 
monotonic with MAE = 3.957 MPa. For the low water-to-binder regime, the best model was XGBoost 
monotonic with MAE = 7.115 MPa. These results are important because they identify the domains 
where a model that performs well in random validation can still fail as a decision-support tool. 

 
Table 2 
Advanced repeated random cross-validation summary 

Model MAE RMSE R2 
LightGBM unrestricted 2.858 4.391 0.930 
HistGB unrestricted 3.029 4.485 0.927 
XGBoost unrestricted 3.131 4.456 0.928 
LightGBM monotonic 3.146 4.442 0.928 
HistGB monotonic 3.251 4.577 0.924 
XGBoost monotonic 3.409 4.664 0.921 
Extra trees 3.447 5.033 0.908 
CatBoost 3.576 4.862 0.914 

 

Table 3 
Unseen-mix group validation summary 

Model MAE RMSE R2 
LightGBM unrestricted 3.839 5.553 0.888 
Extra trees 3.854 5.411 0.894 
LightGBM monotonic 3.980 5.577 0.887 
HistGB unrestricted 3.999 5.687 0.883 
XGBoost unrestricted 4.032 5.549 0.888 
HistGB monotonic 4.061 5.649 0.884 
XGBoost monotonic 4.157 5.656 0.884 
CatBoost 4.230 5.634 0.885 
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Fig. 2. Random versus unseen-mix validation 

 

 

Fig. 3. Nested group tuning performance for monotonic histogram gradient boosting 
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Fig. 4. Physical-response monotonicity diagnostics 

Table 4 
Conditional conformal coverage summary 

Condition type Condition Coverage MAE Width 
age_bin early_age 0.900 3.614 16.207 
age_bin late_age 0.953 3.103 16.207 
age_bin standard_age 0.877 3.971 16.207 
strength_bin high_strength 0.834 4.746 16.207 
strength_bin low_strength 0.908 3.336 16.207 
strength_bin medium_strength 0.955 3.002 16.207 

 

 
Fig. 5. Conditional conformal coverage by strength range 
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Table 5 
Paired fold-level Wilcoxon tests against monotonic histogram gradient boosting 

Split Comparison Median MAE diff p 
random_repeated_cv CatBoost -0.300 0.002 
random_repeated_cv Extra trees -0.218 0.006 
random_repeated_cv HistGB unrestricted 0.165 0.004 
random_repeated_cv LightGBM monotonic 0.068 0.064 
random_repeated_cv LightGBM unrestricted 0.405 0.002 
random_repeated_cv XGBoost monotonic -0.144 0.002 
random_repeated_cv XGBoost unrestricted 0.120 0.014 
unseen_mix_group_cv CatBoost -0.070 0.125 
unseen_mix_group_cv Extra trees 0.261 0.438 
unseen_mix_group_cv HistGB unrestricted 0.041 0.812 
unseen_mix_group_cv LightGBM monotonic -0.006 0.812 
unseen_mix_group_cv LightGBM unrestricted 0.267 0.125 
unseen_mix_group_cv XGBoost monotonic -0.060 0.312 
unseen_mix_group_cv XGBoost unrestricted 0.048 0.625 

 

 

Fig. 6. Permutation feature importance for monotonic XGBoost 
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Fig. 7. SHAP feature importance for monotonic XGBoost 

 

Table 6 
Regime-transfer stress-test summary 

Stress test Model Test n MAE Bias 
high_strength_extrapolation LightGBM unrestricted 94 12.885 -12.885 
high_strength_extrapolation LightGBM monotonic 94 7.872 -7.462 
high_strength_extrapolation HistGB monotonic 94 9.931 -9.882 
high_strength_extrapolation XGBoost monotonic 94 9.717 -9.717 
late_age_transfer LightGBM unrestricted 190 4.394 -2.876 
late_age_transfer LightGBM monotonic 190 3.957 -2.440 
late_age_transfer HistGB monotonic 190 4.184 -1.838 
late_age_transfer XGBoost monotonic 190 4.655 -2.613 
low_water_binder_region LightGBM unrestricted 233 9.459 -5.940 
low_water_binder_region LightGBM monotonic 233 7.469 -2.732 
low_water_binder_region HistGB monotonic 233 8.317 -5.620 
low_water_binder_region XGBoost monotonic 233 7.115 0.864 
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Fig. 8. Regime-transfer stress tests across selected models 

4. Discussion 
 
The expanded experiments change the interpretation of the study. A simple random cross-

validation result would suggest that modern boosting models can predict concrete strength with very 
low error. The unseen-mix validation shows a more cautious and more realistic conclusion: models 
remain useful, but their error increases when the test mixtures are compositionally separated from 
training mixtures. This distinction should be reported in concrete-strength modelling because 
practical use commonly involves new mix designs rather than repeated observations from known 
mixes. 

The unrestricted LightGBM model achieved the best accuracy in both validation settings. 
However, the monotonic LightGBM and monotonic histogram models were close enough to be 
practical alternatives when response consistency is valued. The engineering trade-off is therefore 
explicit: a small to moderate loss in average accuracy can buy local response behaviour that aligns 
with conservative engineering expectations. For preliminary mix screening, this may be preferable to 
an unconstrained model that is slightly more accurate but harder to audit. 

The nested group-tuning experiment adds an important control. If hyperparameters were tuned 
on the same folds used for performance reporting, the results would be vulnerable to selection bias. 
By tuning only within outer training groups, the experiment gives a more defensible estimate of 
monotonic model performance on unseen mixture families. The result also shows that tuning did not 
radically improve the monotonic model, which is useful evidence against over-claiming. 

The conditional coverage result is a necessary caution for any core-journal-level claim. Average 
conformal coverage near 90 percent is not enough if high-strength concrete is undercovered. High-
strength mixtures often occupy a different region of the feature space and may be less frequent in 
the benchmark. For safety-oriented engineering communication, uncertainty estimates should 
therefore be audited by strength range, age range and possibly binder regime. The present study 
treats this as a limitation rather than hiding it. 

The interpretability results support the face validity of the models. Age and cement were the two 
strongest variables, while water and slag also contributed substantially. This ordering does not 
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replace mechanistic concrete science, but it reduces concern that the model is driven mainly by 
incidental aggregate variables or noise. Combining SHAP and permutation importance is useful 
because SHAP explains fitted prediction structure, whereas permutation importance measures 
holdout performance sensitivity. 

The stress tests sharpen the deployment message. When high-strength records were excluded 
from training, models systematically underpredicted high-strength observations. This is expected 
because supervised learners rarely extrapolate safely beyond the response range represented in 
training data. The low water-to-binder test showed a similar challenge in a practically important 
region. For engineering use, these results argue for domain-of-applicability checks: if a candidate mix 
sits outside the training envelope, the model output should be flagged for laboratory confirmation 
rather than treated as a reliable estimate. 

The statistical tests should be read with care. Fold-level Wilcoxon tests provide evidence about 
the folds used in this benchmark, but the folds are not independent experiments in the same sense 
as new laboratory campaigns. They are still useful because they prevent the discussion from relying 
only on average rankings. In this study, the ranking of unrestricted and monotonic models changed 
only modestly between random and group validation, while the absolute error increased 
substantially under unseen-mix validation. That pattern supports the conclusion that validation 
design is more important than small differences between top algorithms. 

The study is still limited by its use of one public dataset. It does not capture all cement sources, 
supplementary cementitious materials, aggregate gradations, curing conditions or modern 
admixture systems. The findings are best interpreted as a reproducible benchmark and workflow for 
evidence-rich model evaluation. Before field use, the same validation design should be repeated on 
local laboratory batches and, ideally, compared against mechanistic or mixture-design constraints. 

Nevertheless, the public benchmark remains valuable because it enables transparent 
comparison. The contribution of the present paper is therefore methodological and evidential: it 
demonstrates how a concrete-strength prediction study can move from a simple accuracy table to a 
multi-layer audit that includes leakage-aware validation, physical-response checks, uncertainty 
diagnostics, interpretability and stress testing. 
 
5. Conclusion 

 
This study upgraded concrete compressive-strength prediction from a conventional benchmark 

exercise to a multi-evidence engineering evaluation. Advanced boosting models were tested under 
both random repeated cross-validation and unseen-mix group validation. The best random model 
achieved MAE = 2.858 MPa, while the best unseen-mix model achieved MAE = 3.839 MPa. The gap 
between these estimates shows why group-based validation is essential when the intended use is 
new mix-design screening. 

Physically constrained models provided a defensible compromise between accuracy and 
response consistency. Monotonic constraints eliminated tested local violations for cement, water, 
superplasticizer and age, while monotonic LightGBM and monotonic histogram boosting remained 
competitive under group validation. Nested group tuning confirmed that the monotonic histogram 
result was stable under a more rigorous selection protocol. 

The strongest practical recommendation is that concrete-strength machine-learning studies 
should report four evidence layers: random accuracy, unseen-mixture generalization, physical-
response diagnostics and conditional uncertainty. Reporting only random test error is insufficient for 
engineering decision support. Future work should validate the workflow on new laboratory data and 
use locally adaptive conformal methods to improve coverage for high-strength regimes. 
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For journal submission, the key claim is therefore intentionally bounded: the proposed workflow 
is a reproducible and more rigorous evaluation protocol for concrete-strength machine learning. It 
supports preliminary screening and research audit, but it does not replace project-specific testing. 
This bounded claim is stronger than an overbroad accuracy claim because it is directly supported by 
the experiments, including the negative stress-test evidence. 
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