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ARTICLE INFO ABSTRACT

Keywords: Estimating concrete compressive strength is crucial for accurately predicting its performance, optimising
Conformal predictor material usage, and ensuring the durability and safety of the structure. Traditional machine learning (ML)
Machine learning models have primarily focused on deterministic predictions of compressive strength, often overlooking the

Compressive strength
Uncertainty quantification
Prediction interval

uncertainty associated with these estimates. However, concrete is a non-homogeneous material with complex
and variable behaviour, making it inherently difficult to predict compressive strength with precision. Therefore,
incorporating uncertainty into predictive modelling is essential for producing more reliable and practical results
in real-world engineering applications. This study addresses this gap by proposing a comprehensive framework
for uncertainty quantification in concrete strength estimation using conformal prediction methods. In this
comprehensive study, eight distinct machine learning models are systematically integrated with six conformal
prediction variants to construct statistically rigorous prediction intervals. To evaluate the performance of the
models holistically in engineering contexts, a novel Efficiency Score (ES) is proposed, combining empirical
coverage, mean interval width, and point prediction accuracy. The findings reveal notable trade-offs between
predicted interval width and empirical coverage across the model spectrum. Among the tested combinations,
LightGBM coupled with Jackknife+ emerges as the most effective configuration, demonstrating the highest
efficiency score. Additionally, conformal predictors exhibit satisfactory adaptation to heteroscedasticity, which
arises in the predictions of higher-grade concrete (> 40 MPa). Thus, the proposed framework empowers more
informed decision-making in concrete design and quality control by providing robust uncertainty bounds
advancing beyond traditional deterministic point predictions to support risk-aware infrastructure development.

1. Introduction costly remediation. Thus, enhanced prediction models can significantly

contribute to sustainability efforts by optimising concrete usage and

Compressive strength serves as the primary indicator of concrete reducing carbon emissions.

quality, influencing the safety, durability, and performance of infras- One of the pioneering studies on predictive models for concrete
tructure projects. The complex behaviour of concrete depends upon compressive strength was conducted by Abrams [1], who established
numerous interrelated factors, including cement type, water-cement the fundamental inverse exponential relationship between the water-
ratio, aggregate properties, admixtures, curing conditions, and age. cement ratio and strength. Subsequent researchers expanded this ap-
Traditionally, the compressive strength of concrete is determined ac- proach by using multiple linear regression models, incorporating addi-
cording to structural design codes, involving the casting and curing tional factors such as cement content, aggregate properties, and age [2,
of specimens, followed by testing their compressive strength after a 3]. Another approach to predictive modelling utilised physics-based

alternatives, linking physical processes to strength development [4,
5]. However, these methods face significant limitations in capturing
the complex, non-linear relationships inherent in concrete behaviour,
especially when dealing with diverse mix compositions that include
supplementary cementitious materials or chemical admixtures.

To address these challenges, machine learning algorithms were de-
veloped, demonstrating remarkable potential in accurately predicting

specified period. However, this process is highly inefficient as it is time-
consuming, labour-intensive, and delays quality assessment until the
curing period is complete. Predictive models overcome this limitation
by estimating compressive strength based on mix composition and cur-
ing conditions, enabling engineers to optimise designs and adjust mixes
proactively. From an economic and environmental perspective, pre-
diction models minimise waste, optimise material usage, and prevent
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concrete properties and enhancing the precision of the mix design [6—
8]. Unlike traditional approaches that rely on predefined mathematical
relationships, machine learning algorithms learn directly from data pat-
terns without requiring explicit knowledge of the physical mechanisms
involved. This fundamental difference enables ML models to capture
the complex, non-linear interactions among concrete constituents that
influence compressive strength. Various machine learning techniques,
including artificial neural networks (ANN) [9,10], gene expression pro-
gramming (GEP) [11], support vector machines (SVM) [12], random
forests (RF) [13], AdaBoost (AB) [14], multi-expression programming
(MEP) [15], and gradient boosting machines (GBM) [16], were effec-
tively utilised to assess the compressive strength of concrete. Similarly,
machine learning models like linear regression (LR), nonlinear regres-
sion (NLR), multilinear regression (MLR), artificial neural networks,
and M5P decision trees were successfully applied to predict the com-
pressive strength of polymer-modified cement-grouted sands, consider-
ing factors such as sand size, water-to-cement ratio, polymer content,
and curing time [17]. Further, ML models were also utilised to predict
the compressive strength of lightweight structural concrete made with
sustainable materials derived from oil palm by-products [18]. Apart
from these models, various hybrid approaches have been proposed to
enhance the prediction of concrete compressive strength. Al-Jamimi
et al. [19] introduced a hybrid support vector machine-genetic algo-
rithm (SVM-GA) model that effectively predicted concrete compressive
strength with high precision, outperforming traditional regression mod-
els. Similarly, Wu and Zhou [20] developed a hybrid machine learning
model that combines support vector regression with grid search opti-
misation (GS-SVR), demonstrating superior predictive capabilities for
sustainable concrete. Ahmad et al. [21] utilised an adaptive neuro-
fuzzy inference system (ANFIS) to predict the compressive strength
of geopolymers synthesised from fly ash, achieving improved perfor-
mance compared to the multivariate adaptive regression spline (MARS)
model. Similarly, the neuro-fuzzy inference system combined with the
particle swarm optimisation algorithm was reported to be effective in
accurately predicting the axial stress—strain behaviour of FRP-confined
concrete columns [22]. Furthermore, Das and Kashem [23] applied ma-
chine learning and hybrid methods to predict the compressive strength
of ultra-high-performance concrete (UHPC), revealing that the hybrid
XGBoost-LightGBM model significantly outperformed traditional mod-
els. Another investigation for forecasting the compressive strength of
ground granulated blast furnace slag (GGBFS) concrete showed that
the SVR-Particle Swarm Optimisation and SVR-Grey Wolf Optimisa-
tion (GWO) enhanced the predictions [24]. In a similar manner, an
innovative study demonstrated that integrating the extreme learning
machine (ELM) with the grey wolf optimiser significantly enhances the
prediction accuracy of compressive strength in concrete with partial
cement replacements [25].

Likewise, ensemble learning methods combine multiple models to
improve prediction accuracy and robustness. Li and Song [26] in-
vestigated the compressive and tensile strength of high-performance
concrete (HPC) incorporating fly ash and silica fume, and demonstrated
that the Gradient Boosting Decision Tree (GBDT) based ensemble model
outperformed other machine learning methods. The study on reactive
powder concrete demonstrated that ensemble-learning techniques, par-
ticularly stacking, significantly outperform traditional machine learn-
ing methods in predicting compressive strength [27]. Another study
developed a different stacking ensemble learning-based model to pre-
dict the compressive strength of rice husk ash (RHA) concrete, using
RF and XGBoost as base learners and linear regression as the meta-
learner [28]. The model outperformed mainstream machine learning
methods, demonstrating superior predictive accuracy and effectively
identifying cement and age as the most influential factors. Jia et al.
[29] leveraged ensemble machine learning for concrete compressive
strength prediction, identifying ensemble LightGBM as the best model
with enhanced interpretability.
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The aforementioned studies indicate that machine learning models
and their variants exhibit superior performance in predicting concrete
compressive strength. However, variability in prediction across differ-
ent datasets remains a challenge. ML models are inherently sensitive
to the distribution of the training data, which can result in biased or
inaccurate predictions. Furthermore, models trained on limited datasets
may exhibit reduced generalisability, particularly when applied to
concrete mixtures with substantially different material compositions or
curing conditions. Additionally, the effectiveness of these models often
depends on careful selection and tuning of hyperparameters, which can
significantly influence predictive performance.

Traditional machine learning models for concrete compressive
strength have predominantly focused on deterministic point predic-
tions, with model performance typically quantified by coefficient of
determination (R2) values and similar loss metrics. However, this
approach faces two critical challenges in predicting concrete strength.
First, the limited availability of high-quality testing data for the com-
plete range of compressive strength. Additionally, curating these
datasets is constrained by the resource-intensive and time-consuming
nature of concrete testing. Second, the highly complex behaviour of
concrete is influenced by numerous factors including the distribution of
material properties, cement hydration kinetics, and curing conditions.
These factors introduce significant variability even among specimens
produced from nominally identical mixes. In this context, Mahmood
et al. [30] showed that the compressive and flexural strength of
polymer-modified cement grout varies significantly with sand grad-
ing, water-to-cement ratio, and standards used. Hence, it is necessary
that prediction models should quantify uncertainty, acknowledging
the inherent variability regardless of model sophistication. To address
this gap, this study proposes a robust conformal prediction frame-
work for uncertainty-aware compressive strength estimation. Confor-
mal prediction offers a robust statistical framework that complements
point predictions with valid prediction intervals, enabling informed
decision-making that accounts for both the expected performance and
the associated uncertainty inherent in it. While conformal prediction
has gained significant popularity in fields such as medicine [31],
finance [32] and biochemistry [33], its application to engineering
problems remains extremely limited. A handful of studies have explored
conformal prediction in engineering contexts such as structural health
monitoring [34], railway engineering [35], and robotics [36]. How-
ever, within the specific domain of compressive strength estimation, the
application of conformal prediction methods appears to be relatively
unexplored. Thus, this study marks an important step towards practical
advancements in concrete strength modelling, effectively bridging the
gap between deterministic point predictions and the demands of real-
world engineering applications. The specific noteworthy contributions
of this study are:

One of the first comprehensive implementations of conformal
prediction methods for uncertainty-aware strength estimation of
concrete, providing statistically valid prediction intervals beyond
deterministic point prediction.

Introduction of a novel efficiency score that holistically evaluates
prediction models by integrating empirical coverage, interval
width, and point prediction accuracy.

Systematic comparison of six conformal prediction variants across
eight machine learning models, revealing their relative strengths
and limitations for concrete compressive strength estimation.
Demonstration of heteroscedasticity in concrete strength predic-
tions, particularly at higher compressive strength levels (>40
MPa).

Developed a practical framework for uncertainty-aware concrete
strength estimation that balances statistical validity with engi-
neering utility.
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Fig. 1. Feature space for concrete compressive strength prediction.

The structure of the remainder of the paper is as follows: Section 2
presents the dataset, detailing its source, features, preprocessing steps,
and outlier analysis. Section 3 discusses the research methodology,
including hyper-parameter optimisation of machine learning models
and the implementation of conformal prediction variants for uncer-
tainty quantification. Section 4 provides comprehensive results and
discussion, analysing the performances and trade-offs. Finally, Section 5
summarises the key conclusions, with limitations and suggestions for
future research.

2. Dataset

The dataset is sourced from the work of Yeh [37] and consists of
laboratory-measured HPC compressive strength from various design
mixes. It is publicly accessible through the UC Irvine Machine Learn-
ing Repository (https://archive.ics.uci.edu). It contains 1030 instances,
each characterised by eight features: cement content, blast furnace slag,
fly ash, water, superplasticizer, coarse aggregate, fine aggregate, and
age, along with their corresponding compressive strength values. This
dataset has been widely utilised in machine learning-based prediction
studies, as summarised in Table 1. These studies primarily employed
ML-based regression models to predict compressive strength using the
given features, as illustrated in Fig. 1.

Data preprocessing is a critical step in concrete strength predic-
tion, as it ensures data consistency, and improves the accuracy of
predictive models. Table 2 presents the minimum, maximum, and
median values of the features, illustrating the range covered for each
concrete constituent and the compressive strength, while the median
provides insight into the central tendency of the dataset. This dataset
represents parameter ranges typical of conventional to moderately
high-performance concretes, with compressive strengths reaching up to
approximately 83 MPa. It includes specimen ages ranging from 1 to
365 days, allowing for analysis of early-age, standard, and long-term
strength development. However, the dataset does not fully encompass
the broader range of parameters, such as higher dosages of superplas-
ticizers and supplementary cementitious materials like blast furnace
slag and fly ash. This limitation is common in experimental datasets
due to the significant time and cost associated with testing and data
acquisition. Nevertheless, this dataset remains a widely recognised
benchmark in the literature (refer to Table 1) and continues to serve
as a foundational resource for data-driven modelling and analysis in
concrete research. To better understand the relationships between input
features and concrete compressive strength, a scatter plot of the feature
space is presented in Fig. 2. The figure suggests that the data points are
distributed in an approximately random manner with no recognisable
pattern, thereby supporting the development of ML-based models. To
assess multicollinearity in the dataset, pairwise correlations between
variables are analysed using Pearson correlation coefficients (r) as
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Table 1
Past studies on Yeh [37] dataset.
Model References
Yeh [38]

Chou et al. [39]
Mandal [40]

Chou et al. [39]
Farooq et al. [41]
Mandal [40]

Chou et al. [39]
Zhao et al. [42]
Mandal [40]

Yeh [38]

Erdal et al. [43]
Asteris et al. [44]
Zhao et al. [42]
Mandal [40]

Linear Regression

Decision Tree

Support Vector Machine

Artificial Neural Network

Farooq et al. [41]
Zhao et al. [42]
Mandal [40]

Varma et al. [45]
Li et al. [46]
Mandal [40]

Random Forest

Gradient Boosting Regression

Farooq et al. [41]

XGBoost Zhao et al. [42]
Mandal [40]

Table 2

Feature ranges in the dataset.
Feature Minimum Median Maximum
Cement (kg/m?) 102.000 272.900 540.000
Slag (kg/m?) 0.000 22.000 359.400
Fly ash (kg/m?) 0.000 0.000 200.100
Water (kg/m?) 121.750 185.000 247.000
Superplasticizer (kg/m?) 0.000 6.350 32.200
Coarse aggregate (kg/m?) 801.000 968.000 1145.000
Fine aggregate (kg/m?) 594.000 779.510 992.600
Age (days) 1.000 28.000 365.000
Compressive strength (MPa) 2.332 34.443 82.599

shown in Fig. 3. The correlation matrix presents linear associations
between predictor variables, with correlations falling below the |r| =
0.80 threshold recommended to maintain variable independence in
regression analyses [47].

In addition, outlier detection is performed on the concrete compres-
sive strength dataset using the Interquartile Range (IQR) method to en-
hance model reliability [48]. Unlike z-score approaches, which assume
normal distribution and are sensitive to extreme values themselves,
the IQR method makes no distributional assumptions. The outliers are
imputed with the median value of their respective variables rather
than removed [49]. This approach maintained the original sample
size of 1030 instances, ensuring more samples for subsequent machine
learning.

3. Research methodology

A systematic approach is utilised to enable uncertainty-aware es-
timation of concrete compressive strength by selecting eight machine
learning models commonly used in concrete strength prediction stud-
ies. Each model undergoes rigorous hyper-parameter optimisation to
enhance robustness and minimise over-fitting. Following model opti-
misation, six conformal prediction variants are implemented to ensure
valid uncertainty quantification. Performance evaluation is conducted
through a comprehensive framework that assesses both point predic-
tion accuracy and uncertainty quantification using traditional metrics.
Additionally, a novel efficiency score (ES) is introduced as a domain-
specific metric to reward prediction accuracy while penalising insuf-
ficient empirical coverage. This balanced approach is crucial for the
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Fig. 2. Scatter plots showing the relationships between concrete compressive strength (MPa) and eight features: cement, slag, fly ash, water, superplasticizer, coarse aggregate,

fine aggregate, and age. The blue coloured gradients highlight data distribution patterns.

safety-critical nature of concrete strength estimation, where reliable
uncertainty bounds are essential for engineering applications. The over-
all research methodology section is organised into three sequential
stages: first, the description of machine learning models; second, the
introduction of conformal prediction followed by its variants; and
third, the description of the comprehensive performance matrices both
traditional and the proposed efficiency score.

3.1. Machine learning models

The selection of machine learning models for predicting concrete
compressive strength is based on their widespread use in the literature
and their distinct advantages and disadvantages. Decision Trees and
Random Forests are preferred for their interpretability and ability to
handle non-linear relationships. Gradient Boosting and its variants, XG-
Boost and LightGBM, are chosen for their strong predictive performance
and efficiency in handling large datasets. Support Vector Regression

(SVR) is included for its effectiveness in high-dimensional spaces and
its robustness against over-fitting. Multi-Layer Perceptrons (MLP) are
selected for their flexibility in capturing complex patterns through deep
learning architectures. Additionally, Linear Regression is included as a
baseline model to provide a simple and interpretable benchmark for
comparison.

While these models offer advantages such as improved accuracy
and the ability to model complex relationships, they need extensive
hyper-parameter tuning. The hyper-parameter optimisation process
uses both grid search and randomised search techniques, depending on
the complexity of the model. For more complex models such as Ran-
dom Forest, Gradient Boosting, XGBoost, and LightGBM, randomised
search efficiently explores a broader hyper-parameter space. The hyper-
parameters of each model are fine-tuned using cross-validation to
ensure robust performance across different data splits. The optimal
hyperparameters for each model, as shown in Table 3, are deter-
mined based on their ability to minimise the root mean squared error
(RMSE) and maximise the coefficient of determination (R?) on the
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compressive strength.

Table 3
Optimal hyperparameters for machine learning models.

Model Optimal hyperparameters

Decision Tree max_depth = 15, max features = auto,

min_samples_leaf = 2, min_samples_split = 2

Random Forest n_estimators = 200, max_depth = 20,
min_samples_split = 2, min_samples_leaf = 1,

max_features = auto

Gradient Boosting n_estimators = 100, learning_rate = 0.05,
max_depth = 5, min_samples_split = 2,

min_samples_leaf = 4, subsample = 0.8

XGBoost n_estimators = 200, learning_rate = 0.05,
max_depth = 7, min_child weight = 5, gamma
= 0, subsample = 0.8, colsample bytree = 0.9

LightGBM n_estimators = 200, learning rate = 0.05,
num _leaves = 70, max_depth = 9,
min_child_samples = 20, subsample = 1.0,
colsample_bytree = 0.8

SVR kernel = rbf, C = 100, gamma = 0.1, epsilon =
0.5

MLP hidden_layer sizes = (200, 100, 50), activation

= reluy, solver = adam, alpha = 0.01,
learning rate = adaptive

test dataset. This comprehensive approach ensures that the models are
well-calibrated to capture the complex relationships in the concrete
dataset.

3.2. Conformal prediction

Conformal Prediction (CP) is an innovative approach for construct-
ing prediction intervals for independent and identically distributed
(i.i.d.) or exchangeable data, which was introduced by Vovk et al.
[50]. The core idea involves assessing how well a new data point,
Xp1 (with corresponding outcome Vp +1), “conforms” to the observed
sample {(xy, ), (X2, ¥5), .- (x,, ¥,)} using a predefined nonconformity
measure. Detailed tutorials on the principles and implementation of
conformal prediction can be found in [51,52]. The basic concept of
conformal prediction is shown in Fig. 4.

To construct prediction intervals using CP, the available dataset is
first divided into two parts: a proper training set, which is used to fit
the predictive model £, and a calibration set, denoted as {G YL
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The conformal algorithm begins by computing nonconformity scores as
absolute residuals for each point in the calibration set:

s,-:ly,»—f(xi)| fori=1,...,m. (@D)

These scores (s;) capture the difference between the predictions and
the actual observed values in the calibration data. For a new input x,
from the test set {(x;, yi)}:l=1’ a prediction interval is then constructed

around the prediction f(x,). Specifically, the interval is given by
C1g(n) = F(xn) £ 1 g {5125 @

The value q;_,{s;,....s,} corresponds to the empirical (1 — a)-
quantile. The parameter « € (0, 1) specifies the desired error level
for the prediction interval. For example, setting « = 0.1 corresponds
to constructing intervals that cover the true response value with at
least 90% probability. Based on this quantile, the method constructs
a prediction interval C,_,(x,) that satisfies the following marginal
coverage guarantee:

P (yn € Cio(xp) 2 1 —a, 3)

A key strength of conformal prediction lies in its distribution-free
guarantee regardless of the complexity of the underlying predictive
model f, the resulting prediction intervals are guaranteed to con-
tain the true target value with probability at least (1 — «), assuming
exchangeability of the data. This robust property makes conformal
prediction highly attractive for uncertainty quantification in real-world
applications. However, despite its strong theoretical foundations and
conceptual simplicity, conformal prediction can become computation-
ally intensive, particularly when applied to large datasets or complex
models. The computational cost becomes especially pronounced with
full conformal approaches, which may require repeated model eval-
uations across candidate outputs or data subsets. As the size of the
calibration set increases, computing the empirical quantile of noncon-
formity scores becomes a potential bottleneck. These scalability con-
cerns motivate the adoption of more efficient and scalable conformal
variants.

The study focuses on three main classes of conformal predictors,
chosen for their complementary strengths: Naive conformal, Cross-
Validation (CV)-based conformal, and Jackknife conformal. Naive
conformal offers a computationally lightweight baseline that is well-
suited for large datasets. CV leverages K-fold cross-validation to make
better use of limited data, while Jackknife works on the leave-one-out
principle providing strong finite-sample validity and adapting effec-
tively to heteroscedasticity. By selecting these methods, it is aimed
to explore the interplay between computational cost and prediction
reliability for compressive strength estimation tasks. A brief overview
of these three methods is presented in the following subsection.

3.2.1. Naive conformal method

Also known as Split Conformal Prediction and is among the most
widely used approaches in conformal prediction due to its simplicity
and computational efficiency [53]. The Naive method divides the data
into a proper training and calibration set. A model is trained exclusively
on the training set, and the absolute residuals from the calibration set
are used to form prediction intervals for new data. While computation-
ally efficient, requiring only one model to be trained, its performance
depends heavily on the representativeness of the calibration data and
may not adapt well to heteroscedastic data. Nonetheless, it serves as
a benchmark for computational efficiency, given its minimal resource
requirements and provides a baseline for evaluating the improvements
offered by more advanced conformal variants.
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3.2.2. Cross-validation-based conformal methods

Cross-validation conformal methods enhance traditional conformal
prediction by making more efficient use of the available data through
repeated training and calibration [54]. In the basic CV method, the
dataset is partitioned into K folds; K models are trained, each using
(K — 1) folds for training and the remaining fold for calibration. This
yields K sets of residuals and prediction intervals, which are averaged
to produce final intervals. The CV+ method improves upon basic CV by
aggregating all residuals from the data folds to construct a single pooled
conformity score distribution [55]. This pooling enhances the statistical
efficiency and stability of the prediction intervals, particularly under
data scarcity. CV-minmax builds on CV+ by selecting the maximum
width across all K prediction intervals. While this results in wider
intervals, it offers stronger coverage guarantees. In summary, while
CV offers balanced efficiency, CV+ improves statistical robustness, and
CV-minmax prioritises coverage reliability at the cost of increased
conservativeness.

3.2.3. Jackknife-based conformal methods

Jackknife conformal methods are based on leave-one-out cross-
validation, where multiple models are trained, each omitting one data
point [56]. The basic Jackknife method utilises these models to es-
timate prediction intervals but does not guarantee finite-sample cov-
erage. Jackknife+ addresses this limitation by adjusting prediction
intervals using quantiles of leave-one-out residuals, offering rigorous
finite-sample validity. It achieves a favourable trade-off between reli-
ability and interval tightness, adapting well to the data distribution.
Similar to CV-minmax, Jackknife-minmax adopts the same minmax
principle, which selects the widest interval. Compared to CV methods,
Jackknife-based methods tend to be more computationally intensive
due to the large number of models trained but offer finer adaptation
to uncertainty in the data.

The dataset is partitioned using a structured strategy to ensure
rigorous and fair evaluation of conformal prediction methods, following
established practices in the literature [57]. A random split is initially
applied to divide the dataset into training (80%) and test (20%) sets,
with these partitions held fixed throughout all experiments. Six dis-
tinct conformal prediction variants are evaluated: Naive, Jackknife+,
Jackknife-minmax, CV, CV+, and CV-minmax, all calibrated to main-
tain a 90% confidence level (@« = 0.1). The choice of & = 0.1 (90%
confidence level) is made with careful consideration of both statistical
robustness and practical engineering relevance. In concrete compres-
sive strength prediction, a 90% confidence level represents a pragmatic
balance between safety and practicality. Selecting a higher confidence
level (e.g., 95% with @ = 0.05) would result in wider prediction
intervals, which may limit practical applicability. Conversely, lower
confidence (e.g., 80% with « = 0.2) would yield narrower intervals
but potentially underestimate uncertainty in safety-critical applications.
For the Naive method, a 70/30 training-calibration split is implemented
on the initial training set, with nonconformity scores computed on the
calibration set. This ratio achieves a balance for the dataset used in this

study by allocating sufficient data for effective model training while
reserving a calibration set large enough to ensure stable quantile esti-
mation for uncertainty quantification. This partition is in accordance
with standard practices commonly adopted in the literature [57]. The
cross-validation methods (CV, CV+, and CV-minmax) are implemented
with 10-fold cross-validation, each utilising the training data from the
initial split. The Jackknife variants (Jackknife+ and Jackknife-minmax)
utilise the leave-one-out approach with the same training set from
the initial split. In this framework, for each model, the calibration set
consists of a single held-out observation, while the model is trained on
the remaining points. In summary, this comprehensive implementation
systematically evaluates the trade-off between computational require-
ments and the quality of prediction intervals across the spectrum of
commonly used conformal methods.

3.3. Performance matrices

The performance of conformal prediction methods is evaluated us-
ing a set of complementary metrics, each capturing a distinct aspect of
performance. These metrics assess point prediction accuracy, coverage
reliability, predicted interval width, and a domain-specific efficiency
score tailored for concrete compressive strength estimation.

3.3.1. Point prediction matrices
Standard regression metrics are used to evaluate the accuracy of
point predictions, providing insight into the performance of the under-
lying predictive models. The coefficient of determination (R%) measures
the proportion of variance in the dependent variable that is explained
by the independent variables in the model:
5 Z:lzl(yi - }7,')2
R=1-Z7 4
i = p?
where y; denotes the true value, j; is the corresponding predicted value,
y is the mean of the observed values, and » is the total number of
samples in test set.
In addition to R?, the root mean squared error (RMSE) is used to
evaluate the average magnitude of prediction errors as follows

)

i=1
The mean absolute error (MAE) is also computed to provide a linear
measure of error magnitude as given below

n
1 N
MAE= - 3|y, = 3 ©)
i=1
The A20 metric evaluates the proportion of predicted values that

fall within +20% of the corresponding true values (). Mathematically,
it is defined as:

n
A20=1YF(08.y <5 <12-y,) %)
n
i=1
where F is the indicator function that equals 1 if the condition holds
and O otherwise.
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3.3.2. Empirical coverage

Empirical coverage (EC) quantifies the proportion of predictions
that lie within the corresponding predicted intervals. For a conformal
prediction method calibrated to a confidence level of 1—a, the empirical
coverage should ideally align with this target. It is computed as:

1 n
EC= ; F(y; € [L;, U] ®)

where U; and L, represent the upper and lower bounds of the predic-
tion interval for the ith instance, respectively. F(y; € [L;, U;]) is an
indicator function that returns 1 if the true value y; falls within the
prediction interval [L;,U;], and O otherwise. Ensuring that empirical
coverage closely matches the nominal confidence level is critical for the
reliability of predictive intervals, as it reflects the ability of the models
to appropriately characterise uncertainty in its estimations.

3.3.3. Mean interval width

The mean interval width (MIW) of the prediction intervals serves as
a measure of the precision of uncertainty quantification. It is defined
as the average distance between the upper and lower bounds of the
intervals across all test samples:

1 n
MIW = — 3 (U; = L) ©)

A srnalﬁelr average width reflects a more precise estimation, as-
suming that the empirical coverage remains aligned with the nom-
inal confidence level. Striking a balance between compact interval
width and reliable coverage is essential for generating informative and
trustworthy uncertainty estimates.

3.3.4. Efficiency score

Traditional evaluation matrices mentioned above consider empirical
coverage (EC), interval width (IW) and point prediction matrices as
separate entities while the interplay between prediction accuracy and
interval efficiency in engineering contexts is often overlooked. In this
study, a novel efficiency score (ES) is introduced to evaluate prediction
intervals specifically for concrete strength estimation problems cover-
ing all aspects of the model’s performance. The proposed efficiency
score is defined as

ES = (Cscore X R* x stcore) - Cpenalty (10)

where Cg.. represents the coverage score, rewarding models that
maintain high coverage, W denotes the interval width score, re-
warding narrower, more informative intervals, and R? represents the
coefficient of determination, rewarding higher predictive accuracy.
Cpenalty introduces a penalty for under-coverage, ensuring that models
failing to adhere to the coverage guarantee are penalised accord-
ingly. The multiplicative form in ES ensures that low performance in
any single component (coverage, accuracy, or interval width) signif-
icantly impacts the overall score, reflecting the practical utility that
requires adequate performance across all dimensions simultaneously.
Here, Cy..r. is defined as follows

. EC
C = —.,1.0 11
score — MIN < Ectarget ) an

with EC representing the empirical coverage achieved, and ECi;ge
denoting the intended level of predefined confidence. The interval
width score IW,.. evaluates the efficiency of prediction intervals
using a domain-specific approach appropriate for concrete strength
estimation. First, each estimated interval width is divided by its cor-
responding model’s point predictions to obtain the normalised interval
width (NIW):
NIW, = E 12)
1
where ; is the point prediction from the model. This normalisation
acknowledges that higher-strength concretes naturally exhibit greater
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Fig. 5. Comparison of coefficient of determination (R?) across different machine
learning models.

absolute variability, making the relative width more meaningful than

the absolute width. The mean of normalised interval width (NIW,,,,,,,)
is then calculated:
n
1
lemean = ; 21 NIWZ (13)

i=
Finally, the interval width score is calculated using a hyperbolic
transformation that converts an unbounded positive value into a

bounded score between 0 and 1:
1

Wepre = ————— 14
seore = T 4 NIW oan a9

This simple transformation ensures that narrower intervals receive
higher scores while wider intervals receive lower scores. Importantly,
this normalisation approach naturally adapts to the heteroscedastic-
ity of concrete strength prediction, where uncertainty increases with
strength magnitude. As estimates of concrete strength rise from nor-
mal ranges to high-strength, prediction intervals widen. This may oc-
cur due to increased sensitivity to variations in material composi-
tion, water-cement ratio, and curing conditions. The scoring mecha-
nism accommodates this behaviour, ensuring models are not penalised
disproportionately at higher strengths.

Another key feature of the proposed metric can be seen in the incor-
poration of a coverage penalty that imposes a cost for under-coverage.
This is formalised as

ECtarget —EC

Ectarget

In civil constructions, underestimating uncertainty can violate struc-
tural integrity, leading to potentially catastrophic outcomes. Therefore,
models are appropriately penalised if they fail to meet the empirical
coverage requirement. Thus, the design of the efficiency score is driven
by the practical needs of civil engineering, where the coverage penalty
addresses the risk of underestimating uncertainty. This is especially
important in concrete strength prediction, as insufficient confidence in
predictions could lead to unsafe construction.

Cpenalty =max| 0, (15)

4. Results and discussions

A comprehensive comparative analysis is conducted to evaluate the
performance of different machine learning models integrated with var-
ious conformal prediction methods for concrete compressive strength
estimation. The evaluation framework encompasses eight distinct ma-
chine learning models, with each model being evaluated against six
conformal prediction variants. Multiple performance metrics mentioned
in the previous section are systematically assessed, which includes
predictive accuracy measures (R>, RMSE, MAE and A20), uncertainty
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Fig. 6. Relationship between model accuracy (R?) and mean interval width across (MIW) different conformal prediction methods and machine learning models.
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Fig. 7. Trade-off between empirical coverage (EC) and mean interval width (MIW) across different conformal prediction variants and machine learning models with the target

empirical coverage of 90% indicated by a red dashed line.

quantification (EC and MIW), and proposed efficiency score (ES). This
facilitates a deep understanding of the strengths and limitations inher-
ent to each combination in the context of concrete strength estimation.
Detailed results for each combination of ML models with conformal
prediction variants are provided in Table 4 of the Appendix A.

Fig. 5 shows the coefficient of determination (R?) for various ma-
chine learning models reflecting their deterministic point prediction
accuracy. LightGBM and XGBoost achieve the highest R? values of
0.905 and 0.902, respectively, followed by Gradient Boosting and
Random Forest. SVR and MLP demonstrate moderate accuracy, while
Decision Tree and Linear Regression show the lowest R* values. The
evaluation of RMSE, MAE and A20 further supports these observed
trends across these models, as presented in Table 4. These results
highlight the superior performance of tree-based models (LightGBM
and XGBoost) in deterministic point predictions by capturing complex
data patterns.

The coefficient of determination provides a stand-alone determinis-
tic performance overview of these machine learning models. However,

for a more comprehensive understanding of uncertainty-aware esti-
mates, it should be evaluated alongside the mean interval width (MIW),
as illustrated in Fig. 6. It shows a distinct pattern where models
with higher R? values generally produce narrower prediction intervals.
Advanced tree-based methods (XGBoost, LightGBM) achieve superior
accuracy (R®> > 0.90) while maintaining comparatively narrow inter-
vals, whereas Linear Regression exhibits consistently wider intervals
(>30 MPa) across all conformal variants. In general, Jackknife+, CV,
and CV+ generate similarly wide intervals, whereas Jackknife-minmax
and CV-minmax tend to produce wider ones. Across all ML models,
Naive method generates significantly narrower intervals, with this gap
widening as model accuracy increases. Although this suggests that the
Naive method provides the best performance, however, another crucial
factor to consider is empirical coverage. If this is not satisfied, the
resulting interval becomes unreliable, as the probability of capturing
the actual value within this interval will be very low.

Fig. 7 is plotted to examine the relationship between empirical
coverage (EC) and mean interval width (MIW). The figure illustrates
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Fig. 8. Comparative analysis of efficiency scores (ES) across different machine learning models and conformal prediction variants.

this relationship across various conformal prediction methods, with the
target empirical coverage of 90% marked by a red dashed line. It effec-
tively captures the fundamental trade-off between coverage reliability
and interval precision. Despite producing compact intervals, the Naive
method systematically underperforms in coverage guarantee in tree
based models. In contrast, minmax variants (Jackknife-minmax and
CV-minmax) achieve superior empirical coverage (>90%), positioning
themselves consistently above the target threshold. Further, they also
produce more conservative estimates of prediction intervals compared
to the plus (+) variants. This is due to the minmax approach selecting
the maximum width of interval across all K-fold predictions for each
test point, which typically leads to conservative estimates. Hence, Jack-
knife and CV minmax demonstrate exceptional coverage for tree-based
models but at the cost of substantial interval width. Jackknife+, CV and
CV+ aim to strike a balance between mean interval width and empirical
coverage, positioning themselves closest to the target line. Further,
model complexity also significantly influences this trade-off where
advanced ensemble methods achieve more favourable balances, with
LightGBM and XGBoost implementations achieving excellent empirical
coverage with relatively reasonable mean interval widths. Finally, the
plot demonstrates that high predictive accuracy from the underlying
ML model does not automatically translate to coverage guarantee;
even top-performing models like LightGBM and XGBoost exhibit poor
empirical coverage when paired with the Naive method.

While Figs. 6 and 7 provide valuable insights into specific perfor-
mance dimensions, they do not offer a holistic assessment in practical
engineering applications. The proposed efficiency score addresses this
limitation by integrating empirical coverage, mean interval width, and
R? into a unified metric, as shown in Fig. 8. It highlights notable perfor-
mance differences between the conformal variants across various model
architectures. Notably, the Naive method demonstrates consistent un-
derperformance across the majority of models, with the exception of
linear regression, largely due to its insufficient coverage. The proposed
efficiency score effectively incorporates this by assigning a high penalty
to the overall efficiency score. Similarly, the below-average efficiency
score becomes particularly evident in tree-based architectures, where,
despite generating narrower intervals, the efficiency score decreases
even further with the Naive method. On the other hand, the same tree-
based models (Gradient Boosting, XGBoost, LightGBM) demonstrated
the highest efficiency scores when combined with other conformal
methods. Particularly, the LightGBM model with Jackknife+ demon-
strates the highest overall efficiency (ES = 0.585), closely followed by

its CV+ implementation (ES = 0.577). The optimal balance between
empirical coverage and mean interval width is also reflected in Fig. 7,
where these two align at the leftmost point on the target line. Thus,
the proposed efficiency score effectively rewards models that strike an
excellent balance, while penalising models proportionately that fail to
meet the coverage guarantee.

The predictions of LightGBM models paired with Jackknife+,
Jackknife-minmax, CV+, and CV-minmax are illustrated in Fig. 9.
To support reproducibility, the results of the LightGBM model using
various conformal methods are provided as supplementary files. Fig.
9 presents the comparison of the actual compressive strength to the
estimates on the test data by the four best scoring combinations. These
plots demonstrate that nearly all four implementations of the LightGBM
models produce similar results with minor differences. In all of these
cases, the point estimates closely track the actual values reflecting the
high efficiency of the underlying LightGBM models. Also, the prediction
interval successfully encompasses the majority of the actual data points,
confirming the high empirical coverage achieved by these models.
In general, the predicted interval generally remains wide enough to
capture the true values with some occasional fluctuations.

One key finding from Fig. 9 is that pronounced heteroscedasticity
exists in predictions noticeably depending on the strength level. This
heteroscedasticity is most evident in the higher strength region (>40
MPa), where predictions vary considerably compared to the lower
range. The heteroscedasticity observed in the predictions is further
investigated using a formal statistical test. The Breusch-Pagan [58]
test is conducted on the residuals from the LightGBM model, dividing
the data into low-strength (<40 MPa) and high-strength (>40 MPa)
groups. The results exposed significant heteroscedasticity in the high-
strength concrete set (p-value = 0.001740) while showing no significant
heteroscedasticity in the low-strength samples (p-value = 0.367584).
The observed heteroscedasticity for high-strength concretes likely arises
from more complex interactions among mix constituents and a height-
ened sensitivity to curing conditions. The LightGBM with these selected
conformal variants demonstrates satisfactory adaptation to this het-
eroscedasticity for most of the estimates, providing appropriately wider
intervals to accommodate uncertainty in the predictions.

In addition to numerical efficiency, the computational cost is also
crucial, as the demands can grow considerably with the complexity
of the underlying machine learning model and the chosen conformal
variant. Fig. 10 provides a visual representation of the computational
requirements (using a MacBook Pro with an Intel Core i5 processor)
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Fig. 9. Demonstration of conformal predictions for LightGBM models with different variants of conformal methods.
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Fig. 10. Computational cost comparison across different combinations of machine learning models and conformal methods (logarithmic scale).

across various conformal prediction methods for 824 training instances
and 206 testing instances. The computational cost, quantified by the
time taken for each model-method combination, is presented in Table 4
(Appendix A). Here, Jackknife-based approaches demand significantly
higher resources compared to CV-based variants. The elevated cost of
Jackknife methods originates from their leave-one-out approach requir-
ing a large number of model refits. This becomes particularly evident

10

for computationally expensive models like MLP and Random Forest.
Advanced CV-based methods achieve slightly inferior performance with
reduced computational overhead by utilising K-fold cross-validation.
Particularly, the CV-minmax represents a practical alternative that
preserves strong coverage guarantees while significantly reducing com-

putational time. Although it yields slightly wider prediction intervals,
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its consistent ability to meet coverage requirements makes it particu-
larly suitable for safety-critical applications. These characteristics make
it a suitable substitute for Jackknife+ in scenarios involving limited
computational resources, large-scale datasets, or situations requiring
rapid deployment, such as on-site quality control.

5. Conclusions

This study presents a comprehensive assessment of uncertainty
quantification methods for the compressive strength estimation of con-
crete through the novel application of conformal prediction techniques.
The research addresses a critical gap in construction materials mod-
elling by moving beyond deterministic predictions to provide statis-
tically valid uncertainty estimates that account for the inherent vari-
ability in concrete properties. The novel efficiency score introduced in
this study offers a practical metric for ML models in concrete strength
estimation, balancing statistical coverage with interval precision. This
metric acknowledges the safety-critical nature of concrete applications,
where both coverage guarantee and accurate uncertainty bounds are
essential. The pointwise key conclusions for this study are presented
below:

» Advanced tree-based models (XGBoost, LightGBM, Gradient
Boosting) demonstrate superior performance in both determinis-
tic prediction and uncertainty quantification, which stems from
their capacity to model complex non-linear interactions between
concrete constituents and strength development.

The proposed efficiency score has shown its excellent ability
to assess the performance of ML models by rewarding the bal-
anced trade-off between empirical coverage and mean interval
width while applying proportional penalties to models that do not
satisfy the coverage guarantee.

LightGBM with Jackknife+ represents the optimal model-
method combination, achieving the highest efficiency score strik-
ing a perfect balance between empirical coverage and mean
interval width.

Significant heteroscedasticity is observed in the predictions for
high-grade concrete (>40 MPa). Due to the leave-one-out strategy,
Jackknife+ is especially effective for handling such heteroscedas-
tic data.

The Naive method, despite its computational efficiency, ex-
hibits systematic under-coverage across most models. This under-
coverage is model-dependent, with simpler models like Linear Re-
gression achieving excellent coverage, while complex tree-based
models such as XGBoost and LightGBM show substantial under-
coverage.

Computational efficiency analysis reveals that Jackknife-based
methods require substantially higher computational resources
due to their leave-one-out approach. CV-minmax method can be
adopted as an alternative, offering strong coverage guarantees
and substantial savings in computational cost, while yielding
marginally lower predictive performance.

This study is conducted on a single dataset with 1030 samples,
potentially limiting the generalisability of the findings to different
concrete types or mix designs and the results or claims presented
in this study are specific to this dataset’s characteristics. This limi-
tation is particularly important for conformal prediction methods, as
their statistical guarantees apply only within the distribution repre-
sented by the training data. Extrapolation to concrete mixtures with
constituent proportions or properties outside these ranges may re-
sult in prediction intervals with compromised coverage properties.
Future research should explore the applicability of these methods across
diverse concrete datasets, including those incorporating advanced ad-
mixtures, alternative cementitious materials, and sustainable options
such as geopolymers, to validate the broader utility of the approach.

11
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Additionally, conducting feature space analysis in relation to machine
learning models in future research may help to identify key input
variables for compressive strength estimation, thereby enhancing the
interpretability and practical relevance of the proposed framework.
The proposed efficiency score has shown strong potential in assessing
the performance of ML models; however, its robustness needs to be
established through validation across multiple datasets. Furthermore, a
systematic investigation of alternative formulations of efficiency met-
rics for uncertainty-aware concrete strength prediction would further
contribute to advancing the field, particularly when guided by practical
considerations and decision-making logic specific to the behaviour of
concrete.

Overall, this research establishes a robust framework for
uncertainty-aware concrete strength estimation that balances statistical
validity with practical utility. The proposed approach enables engineers
and practitioners to make more informed decisions about concrete
mix design, quality control, and structural safety by quantifying un-
certainty in a reliable and interpretable manner. This study improves
the reliability of decision-making in concrete design and application by
transitioning from deterministic point predictions to statistically sound
prediction intervals.
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Table 4
Detailed comparison of conformal prediction methods across ML models.
Model Method R? RMSE (MPa) MAE (MPa) A20 EC MIW (MPa) ES Time (s)
Naive 0.684 9.017 7.051 0.558 0.917 30.527 0.336 0.01
Jackknife+ 0.684 9.017 7.051 0.558 0.917 30.762 0.335 1.46
Linear Regression Jackknife-minmax 0.684 9.017 7.051 0.558 0.917 31.148 0.333 1.32
cv 0.684 9.017 7.051 0.558 0.917 30.795 0.334 0.02
CV+ 0.684 9.017 7.051 0.558 0.917 30.858 0.334 0.04
CV-minmax 0.684 9.017 7.051 0.558 0.922 31.754 0.330 0.02
Naive 0.829 6.642 4.682 0.743 0.636 8.936 0.142 0.01
Jackknife+ 0.829 6.642 4.682 0.743 0.883 22.056 0.421 3.50
Decision Tree Jackknife-minmax 0.829 6.642 4.682 0.743 0.971 31.793 0.391 3.29
cv 0.829 6.642 4.682 0.743 0.883 23.208 0.411 0.05
CV+ 0.829 6.642 4.682 0.743 0.922 23.750 0.441 0.20
CV-minmax 0.829 6.642 4.682 0.743 0.981 32.771 0.384 0.05
Naive 0.868 5.839 4.081 0.782 0.568 6.675 0.070 0.75
Jackknife+ 0.868 5.839 4.081 0.782 0.874 16.075 0.499 633.32
Random Forest Jackknife-minmax 0.868 5.839 4.081 0.782 0.913 19.328 0.513 610.39
cv 0.868 5.839 4.081 0.782 0.879 16.913 0.497 8.38
CV+ 0.868 5.839 4.081 0.782 0.879 16.577 0.503 6.57
CV-minmax 0.868 5.839 4.081 0.782 0.922 20.077 0.505 6.54
Naive 0.887 5.402 3.894 0.806 0.704 9.775 0.292 0.18
Jackknife+ 0.887 5.402 3.894 0.806 0.879 15.714 0.526 135.23
Gradient Boosting Jackknife-minmax 0.887 5.402 3.894 0.806 0.937 19.459 0.523 139.63
cv 0.887 5.402 3.894 0.806 0.893 16.120 0.544 1.74
CV+ 0.887 5.402 3.894 0.806 0.883 16.250 0.529 1.81
CV-minmax 0.887 5.402 3.894 0.806 0.927 18.918 0.530 1.63
Naive 0.902 5.031 3.387 0.835 0.573 5.454 0.113 0.15
Jackknife+ 0.902 5.031 3.387 0.835 0.888 13.754 0.574 107.37
XGBoost Jackknife-minmax 0.902 5.031 3.387 0.835 0.937 17.464 0.551 116.21
cv 0.902 5.031 3.387 0.835 0.888 14.169 0.568 2.06
CV+ 0.902 5.031 3.387 0.835 0.898 15.435 0.570 1.59
CV-minmax 0.902 5.031 3.387 0.835 0.927 18.022 0.546 1.82
Naive 0.905 4.960 3.563 0.845 0.699 8.074 0.317 0.14
Jackknife+ 0.905 4.960 3.563 0.845 0.898 14.434 0.585 87.72
LightGBM Jackknife-minmax 0.905 4.960 3.563 0.845 0.927 17.555 0.553 78.19
cv 0.905 4.960 3.563 0.845 0.903 15.568 0.573 1.38
CV+ 0.905 4.960 3.563 0.845 0.898 15.139 0.577 1.09
CV-minmax 0.905 4.960 3.563 0.845 0.932 18.191 0.544 0.94
Naive 0.859 6.038 4.088 0.820 0.816 13.646 0.418 0.20
Jackknife+ 0.859 6.038 4.088 0.820 0.869 17.271 0.466 61.11
SVR Jackknife-minmax 0.859 6.038 4.088 0.820 0.893 19.434 0.487 57.17
cv 0.859 6.038 4.088 0.820 0.879 18.164 0.472 0.58
CV+ 0.859 6.038 4.088 0.820 0.879 18.587 0.469 0.71
CV-minmax 0.859 6.038 4.088 0.820 0.922 21.212 0.481 0.71
Naive 0.841 6.402 4.465 0.767 0.733 11.182 0.290 2.29
Jackknife+ 0.841 6.402 4.465 0.767 0.883 16.429 0.490 2394.37
MLP Jackknife-minmax 0.841 6.402 4.465 0.767 0.942 23.028 0.455 2089.84
cv 0.841 6.402 4.465 0.767 0.883 16.792 0.478 24.88
CV+ 0.841 6.402 4.465 0.767 0.903 17.430 0.509 25.30
CV-minmax 0.841 6.402 4.465 0.767 0.927 20.998 0.474 24.78
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