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Abstract:

Multiple linear regression (MLR) is widely used for early prediction of concrete compressive strength because it
is transparent and accessible to practising engineers, but recent literature suggests that machine-learning (ML)
methods achieve higher accuracy on large, heterogeneous datasets. This study re-examines that question on a
pooled, multi-source database of 431 concrete mixture records, comparing three MLR specifications against
Random Forest, Gradient Boosting, and a neural network (multilayer perceptron). A key methodological issue is
addressed explicitly: 96 unique mix designs in the database are each tested at multiple curing ages, so a naive
random train/validation split places near-duplicate records of the same mix design on both sides of the split,
inflating apparent ML accuracy through data leakage. A group-aware split that holds out entire mix designs was
therefore used, yielding 379 calibration records (73 mix designs) and 52 independent validation records (23
previously unseen mix designs). Under this rigorous validation scheme, the linear models generalised poorly to
unseen mix designs (validation R? between -0.30 and 0.18, mean absolute percentage error 32-49%), while
Gradient Boosting achieved the best performance (validation R2 = 0.894, MAPE = 12.4%), followed by Random
Forest (R? = 0.848, MAPE = 16.5%); the neural network was intermediate (R? = 0.672, MAPE = 21.5%). The
water-cement ratio and curing age were the dominant predictors in both ensemble models, consistent with
established concrete technology. The results indicate that, once evaluated under a leakage-free, mix-design-
independent validation protocol, ensemble machine-learning methods provide a substantially more reliable
prediction of concrete strength than classical multiple linear regression on this type of pooled dataset, while also
demonstrating that validation methodology itself materially affects the conclusions drawn from such
comparisons.

Keywords: concrete compressive strength, machine learning, random forest, gradient boosting, neural network,
multiple linear regression, data leakage, group-aware cross-validation.
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1. Introduction

Multiple linear regression (MLR) performed in general-purpose statistical software such as SPSS remains a
popular tool for early-age prediction of concrete compressive strength because it produces transparent, hand-
computable equations that do not require programming expertise. A companion study [1] developed and
validated three MLR specifications on a pooled, literature-compiled database of 431 concrete mixture records,
achieving calibration coefficients of determination (R?) in the range 0.55-0.65 and independent-validation mean
absolute percentage errors (MAPE) of 32-38%. A subsequent literature review [2] situated these results within a
broader body of work and noted a recurring pattern: large, heterogeneous, multi-source databases tend to favour
machine-learning (ML) methods over classical regression, whereas small, single-source datasets often report
very high regression R2 values that may not generalise.

The present study tests that hypothesis directly on the same 431-record database used in [1], comparing the
original MLR specifications against three widely used ML techniques: Random Forest, Gradient Boosting, and a
feed-forward neural network. In the course of preparing the calibration/validation split, a structural feature of the
database was identified that has direct methodological consequences: many records share identical cement,
water, water-cement ratio, and aggregate proportions and differ only in curing age, because the original sources
tested the same mix design at several ages (typically 3, 7, 28, 90, and 180 days). A conventional random split at
the level of individual records therefore risks placing near-duplicate feature vectors of the same underlying mix
design on both sides of the calibration/validation boundary. Because ML models such as Random Forest can
effectively memorise a specific combination of mixture proportions, this form of data leakage can artificially
inflate validation accuracy for ML methods without a corresponding improvement in genuine predictive ability
on new, unseen mix designs.

The specific objectives of this study are therefore to: (1) identify and quantify this data-leakage risk in the
pooled database; (2) implement a group-aware calibration/validation split that holds out entire mix designs
rather than individual records; (3) compare the predictive accuracy of MLR against Random Forest, Gradient
Boosting, and a neural network under this rigorous validation protocol; and (4) interpret the resulting differences
in the context of the mixture variables identified as dominant predictors in [1] and [2].

2. Materials and Database

The database used in this study is the same 431-record, multi-source pooled dataset compiled and described in
the companion study [1], comprising cement content (C), water content (W), water-cement ratio (W/C), fine
aggregate or sand content (FA), coarse aggregate or gravel content (CA), curing age, and measured compressive
strength. On inspection, the 431 records reduce to 96 unique combinations of (C, W/C, W, FA, CA); the
remaining variation arises from the same mix design being tested at multiple curing ages, and, for a subset of
mix designs, from apparent repeat records at the same age. Two mix designs alone account for 260 of the 431
records (60%), reflecting uneven representation of certain mixture proportions across the pooled literature
sources; the remaining 94 mix designs contribute between 1 and 10 records each.

3. Methodology

3.1 Group-aware calibration/validation split

To avoid the data-leakage risk described in Section 1, each unique combination of (C, W/C, W, FA, CA) was
assigned a mix-design group identifier. Records were then partitioned so that all records belonging to a given
mix design fall entirely within either the calibration set or the validation set, never both. Validation groups were
selected by random sampling of mix designs (excluding the two dominant groups noted in Section 2, to avoid an
oversized validation partition), targeting a validation-set size comparable to the 50-record hold-out used in the
companion MLR study [1]. This produced a calibration set of 379 records spanning 73 mix designs and an
independent validation set of 52 records spanning 23 previously unseen mix designs.
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3.2 Linear regression models

For comparability with [1], three MLR specifications were re-fitted on the group-aware calibration set using
ordinary least squares: Model 1 (all six predictors: C, W/C, W, FA, CA, Age), Model 2 (five predictors,
excluding W/C), and Model 3 (four predictors, excluding C and W).

3.3 Machine-learning models

Three ML techniques were fitted on the same six predictors (C, W/C, W, FA, CA, Age) used in Model 1, to
ensure a fair comparison against the strongest linear specification: (i) Random Forest, an ensemble of de-
correlated regression trees [3]; (ii) Gradient Boosting, an additive ensemble of shallow regression trees fitted
sequentially to the residuals of the preceding trees [4]; and (iii) a multilayer perceptron (MLP) neural network
with standardised input features. Hyperparameters for all three ML models (number of trees, tree depth,
minimum leaf size, learning rate, and, for the MLP, hidden-layer architecture and L2 regularisation strength)
were selected by grid search using five-fold group-aware cross-validation within the calibration set
(GroupKFold, grouped by mix design), so that no fold ever separated records of the same mix design between
training and testing during hyperparameter tuning. All models were implemented in scikit-learn [10].

3.4 Evaluation metrics

Model performance was assessed on both the calibration set (in-sample fit, R?) and the independent validation
set of previously unseen mix designs, using the Pearson correlation coefficient (R), the coefficient of
determination (R?), the mean absolute error (MAE), the root-mean-square error (RMSE), and the mean absolute
percentage error (MAPE), consistent with the metrics reported in the companion MLR study [1].

4. Results
4.1 Calibration and validation performance
Table 1. Calibration and independent-validation performance of all six models (validation set: 52 records, 23
unseen mix designs)

Calibration Validation s RMSE MAPE (%)
Model R? R? Validation R | MAE (MPa) (MPa)
MLR Model 0.631 -0.304 0.798 13.49 16.27 493
1(6var)
MLR Model
2 (5var., no 0.555 0.177 0.787 10.13 12.92 322
WIC)
MLR Model
3 (4 var., no 0.597 -0.198 0.803 12.87 15.59 46.6
C&W)
Random 0.969 0.848 0.928 4.82 555 16.5
Forest
Gradient 0.981 0.894 0.949 3.55 463 12.4
Boosting
Neural
Network 0.873 0.672 0.822 6.40 8.16 215
(MLP)

All three linear models achieved calibration R2 in the range 0.55-0.63, consistent with the companion study [1],
but their performance on unseen mix designs was poor: Models 1 and 3 produced negative validation R2,
meaning their predictions were less accurate than simply using the mean measured strength of the validation set,
despite reasonably strong linear correlation (R =~ 0.80) between predicted and measured values — indicating a
systematic bias (offset) rather than a lack of ranking ability. Model 2 generalised somewhat better (validation R?
= 0.177, MAPE = 32.2%) but remained far less accurate than any of the three ML models. Gradient Boosting
achieved the best overall performance (validation R? = 0.894, MAPE = 12.4%), followed closely by Random
Forest (R = 0.848, MAPE = 16.5%); the neural network trailed both ensemble methods (R = 0.672, MAPE =
21.5%), plausibly reflecting the comparatively small number of independent mix designs (73) available for
training a more parameter-heavy model.
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4.2 Predicted versus measured strength

Figure 1 illustrates the pattern underlying Table 1: Model 1 systematically under-predicts strength across most
of the validation range, with predictions clustering well below the line of equality, whereas the Random Forest
and Gradient Boosting predictions track the line of equality closely across the full 15-80 MPa range represented
in the validation set. The neural network shows a similar qualitative pattern to the ensemble models but with
greater scatter, particularly for validation mixtures below 30 MPa.

4.3 Feature importance

Both ensemble models identified the water-cement ratio as the dominant predictor (relative importance 0.57 and
0.54 for Random Forest and Gradient Boosting respectively), followed by curing age (0.26 and 0.25) and sand
content (0.12 and 0.10), with cement content, water content, and gravel content each contributing less than 0.06.
This ordering is consistent with the strong bivariate correlation between the water-cement ratio and strength
reported in the companion study [1] (r = -0.657) and with the wider literature synthesised in [2], and confirms
that the water-cement ratio's importance is not an artefact of the linear-regression collinearity discussed in [1],
since it remains dominant in tree-based models that are not subject to the same multicollinearity concerns.

5. Discussion

The comparison in Table 1 supports the hypothesis, drawn from the wider literature synthesis in [2], that
ensemble machine-learning methods outperform classical multiple linear regression on large, pooled,
heterogeneous concrete-strength databases. The magnitude of the difference observed here, however, is
considerably larger than the moderate gap reported by some large-database comparative studies [5, 6]: under the
group-aware validation protocol used in this study, the linear models were essentially unable to generalise to
unseen mix designs (negative or near-zero R?), while Gradient Boosting explained close to 90% of the
validation-set variance.

A second, methodological, contribution of this study is the demonstration that validation strategy materially
affects the conclusions drawn from an ML-versus-regression comparison on this type of dataset. An initial,
record-level random split (not reported in full here) produced validation R2 values above 0.95 for the ensemble
models, a result driven substantially by data leakage from near-duplicate mix designs shared between the
calibration and validation partitions. Once the split was made group-aware at the level of the underlying mix
design, ML validation accuracy fell to the more moderate, but far more credible, values reported in Table 1.

6. Conclusions

On the pooled, 431-record concrete-strength database compiled in the companion study, a substantial fraction of
records (335 of 431) share mixture proportions identical to at least one other record, differing only in curing age;
a record-level random calibration/validation split therefore risks data leakage for machine-learning models
trained on this data. Under a group-aware split that holds out entire, previously unseen mix designs for
validation, ensemble tree-based methods (Gradient Boosting and Random Forest) offer a meaningfully more
accurate early-age strength prediction than SPSS-based multiple linear regression.
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