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Abstract

Civil Engineering Design has seen a surge in AI-driven analyses of concrete

compressive strength, yet this proliferation has obscured a methodological crisis in

supervised machine learning for sustainable materials research. Existing studies con-

flate two accuracy dimensions: target prediction accuracy, validatable against known

labels, and feature importance accuracy, which lacks validation benchmarks. Establish-

ing true variable associations requires two criteria from causal inference: consistency

(stable feature rankings across perturbations) and dose–response relationships

(monotonic changes in model output upon feature removal), criteria prior studies have

failed to meet. We introduce a leave-top-feature-out validation framework applied to a

concrete compressive strength dataset, wherein top-ranked features are systematically

removed and perturbations quantified. Evaluation of supervised models (Random

Forest, XGBoost), unsupervised methods (Feature Agglomeration, Highly Variable

Gene Selection), and nonparametric statistics (Spearman correlation) reveals that super-

vised approaches produce volatile rankings susceptible to label-driven biases, while

unsupervised methods yield more consistent hierarchies, with SHapley Additive

exPlanations (SHAP) explanations shown to amplify model biases. Our framework

establishes the first theoretically grounded benchmark for distinguishing genuine from

spurious associations in concrete strength prediction.
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1 | INTRODUCTION

Civil Engineering Design has witnessed a remarkable surge in research

addressing advanced association analytics, with 1 article on feature

importance, 3 articles on feature selection (2 in 2025), 1 article on

SHapley Additive exPlanations (SHAP), 18 articles on relationships

between variables, 35 articles on correlation analysis, and 21 articles

on concrete strength studies. This proliferation reflects the engineer-

ing informatics research community's intensifying interest in uncover-

ing genuine relationships or true associations among variables.
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Despite this growing emphasis, the theoretical foundations and

core assumptions underlying supervised machine learning remain

inadequately understood, resulting in widespread misinterpretation of

feature importance measures. A central theoretical concern is that

supervised models exhibit dual accuracy dimensions: target prediction

accuracy and feature importance accuracy. While target prediction

accuracy can be reliably validated against ground truth labels, feature

importance assessment lacks corresponding validation benchmarks,

signifying the theoretical absence of ground truth in feature assess-

ment and creating a fundamental methodological gap with far-

reaching consequences for scientific inference.

This absence of ground truth for feature importance calculations

has led to potentially erroneous interpretations across the field. Many

existing studies have fallen short due to insufficient validation proto-

cols and fundamental misconceptions regarding the theoretical appli-

cability of supervised models for feature assessment. To accurately

assess true associations, two theoretically recommended components

must be examined: consistency and dose–response relationships. This

paper focuses on concrete strength analysis using publicly available

data, theoretically discusses this pitfall, and empirically demonstrates

distortions using cross-validation and consistency analysis of ordered

feature sets, whereas existing studies failed by examining non-ordered

sets of features, a distinction with profound theoretical implications

for the validity of reported associations.

A prevalent and theoretically consequential misconception is that

models with high predictive accuracy necessarily produce reliable fea-

ture importance rankings, a conflation that merits rigorous theoretical

scrutiny. This paper offers three significant theoretical contributions.

First, it develops theoretical and empirical arguments challenging the

methodological validity of employing supervised models for feature

importance assessment in the absence of established ground truth,

thereby advancing the epistemological understanding of what super-

vised learning can and cannot reliably infer. Second, it illustrates these

theoretical concerns using a public dataset by systematically compar-

ing supervised approaches against more transparent statistical and

unsupervised alternatives, providing empirical evidence that high pre-

dictive performance does not guarantee interpretive fidelity. Third, it

proposes a novel validation framework called “leave-top-feature-out”
(LTFO), grounded in the theoretical principles of consistency and

dose–response criteria, to evaluate the stability and credibility of

identified associations in a manner that is both reproducible and sci-

entifically defensible. These contributions illuminate interpretability

pitfalls that potentially undermine research integrity and practical

applications while providing a theoretically coherent and systematic

approach for more reliable assessment of true variable relationships in

structural research.

While researchers excel in their specialized domains, they often

lack awareness of algorithm-induced errors and the fundamental

assumptions surrounding ground truth availability. Critically, prior

studies have not adequately validated true variable associations. To

accurately determine true associations, two key elements must be rig-

orously examined: feature ranking consistency and dose–response

relationships between variables1–11 while existing studies have fallen

short. Many researchers mistakenly assume that high target prediction

accuracy guarantees reliable feature-importance rankings, while over-

looking that ground-truth values for feature importance are typically

unavailable for validation. As a result, conclusions in existing studies

have frequently been drawn without properly validating true associa-

tions based on consistency and dose–response evidence.

This paper identifies fundamental flaws in prevailing supervised

models used for feature-importance assessment and empirically dem-

onstrates the instability of feature-importance ranking orders using a

publicly available dataset on concrete compressive strength. We intro-

duce a novel LTFO approach that integrates both consistency and

dose–response criteria by imposing a strong perturbation on the top-

ranked feature and observing resultant shifts in the ranking order. We

also recommend complementary methodologies to enhance the reli-

ability of feature-importance inference.

Supervised learning models operate along two separate accuracy

axes: their ability to predict target outcomes and their capacity to

identify important features. The first dimension can be assessed using

known labels, but the second lacks any definitive benchmark for

validation—representing a critical methodological gap. Additionally,

feature-importance measures capture predictive contribution rather than

genuine causal influence. This fundamental difference accounts for why

various supervised approaches produce inconsistent, algorithm-specific

importance rankings. Without ground truth and due to susceptibility to

label-induced biases, strong predictive performance does not ensure reli-

able importance measurements,12–20 making feature-importance esti-

mates from supervised models prone to misinterpretation.21–30 Although

these challenges have been thoroughly documented—across more than

300 peer-reviewed publications—many practitioners continue to be

unaware of these limitations.

To probe true associations more rigorously, we propose a LTFO

procedure. First, select the top n features from the full dataset (Set 1).

Next, remove the highest-ranked feature from the full set to create a

reduced dataset, then reselect the top n � 1 features from this

reduced dataset (Set 2). Finally, compare the ranking orders between

set 1 and Set 2. If the model faithfully captures consistency and dose–

response relationships, removing the top-ranked feature should

induce substantial, interpretable shifts in the remaining rankings.1–10

This procedure offers a more robust basis for assessing variable asso-

ciations in structures research.

We further examine the consistency of variable associations

across diverse analytical frameworks, including supervised machine

learning models (Random Forest [RF], XGBoost [XGB]), unsupervised

dimensionality-reduction techniques (Feature Agglomeration [FA],

Highly Variable Gene Selection [HVGS]), and traditional statistics

(Spearman's rank correlation). By assessing concordance across these

methodologically distinct approaches, we establish a framework for

validating associations that persist regardless of analytical paradigm.

Our results show that high prediction accuracy does not ensure reli-

able feature importances and that importances derived from super-

vised models can be systematically skewed.

This study confronts the rapid growth of AI-based association

analytics in construction by showing that high target prediction
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accuracy does not validate feature-importance reliability or true

associations. Using the concrete compressive strength dataset, we imple-

ment a LTFO protocol to jointly test consistency and dose–response

relationships,1–11 andwe triangulate across supervised models (RF, XGB),

unsupervised dimensionality reduction (FA, HVGS), and traditional statis-

tics (Spearman's rank correlation). We find that supervised models lack

ground truth for feature-importance accuracy and are vulnerable to label-

driven errors,12–20 producing unstable, model-dependent rankings that

reflect predictive contribution rather than causal relevance, a limitation

long documented but still underappreciated.21–30

Critically, the function of explain = SHAP(model) inherits the

supervised model's importance structure; when that structure is biased

or inconsistent, SHAP can faithfully propagate and even amplify

those biases, leading to misleading explanations despite excellent

prediction.20,31–39 In contrast, unsupervised methods, especially FA, yield

perfectly consistent rankings and sustain reasonable performance under

LTFO perturbations, offering a more stable signal of association.

Together, these results (i) empirically demonstrate the disconnect

between prediction accuracy and importance reliability, (ii) document

systematic skew in supervised-model and SHAP-derived importances,

and (iii) provide a practical validation framework grounded in consistency,

dose–response, perturbation testing, and cross-method concordance.

We recommend pairing supervised prediction with complementary unsu-

pervised and non–target-prediction analyses, applying LTFO to probe

true associations, and interpreting SHAP as contingent on the underlying

model rather than as ground truth, thereby mitigating algorithm-induced

errors and avoidingmisleading conclusions.

This paper establishes a critical distinction between target predic-

tion accuracy and feature importance assessment, demonstrating that

these represent fundamentally different analytical objectives. Exclu-

sively relying on supervised models for determining feature impor-

tances, regardless of their predictive performance, is methodologically

unsound. For credible feature importance assessment, researchers are

advised to implement rigorous validation protocols that examine the

derived importance rankings through multiple lenses. Specifically, true

associations should demonstrate both consistency across different

analytical approaches and clear dose–response relationships between

features and outcomes, characteristics that cannot be assumed merely

from a model's predictive success. This validation framework repre-

sents an essential safeguard against spurious associations that might

otherwise mislead engineering decisions or research directions. We

must acknowledge that there is no single algorithm to accurately cal-

culate true associations.

The LTFO framework has been successfully validated across mul-

tiple domains and disciplines using diverse datasets, consistently dem-

onstrating both its robustness and the limitations of SHAP-based

explanations.40–46

2 | METHODS

This paper examines feature quality through two complementary

lenses: cross-validation to assess target prediction accuracy and

consistency of selected feature subsets, and a LTFO approach to eval-

uate the stability of ordered feature rankings across two derived

feature sets.

This study leverages a publicly available dataset on concrete com-

pressive strength sourced from OpenML (ID: 46917).47 The dataset

was selected for its completeness—containing no missing values—to

ensure reproducibility and methodological transparency. It comprises

1030 samples described by eight physicochemical features (cement,

slag, fly ash, water, superplasticizer, coarse aggregate, fine aggregate,

and age in days), with concrete compressive strength (MPa) as the

continuous prediction target.

We employ a comprehensive analytical framework comprising

five distinct feature importance assessment methods: two supervised

learning algorithms—RF and XGB —two unsupervised dimensionality

reduction techniques—FA and HVGS—and one traditional statistical

approach, Spearman's rank correlation. To facilitate equitable compar-

ison across methods, all algorithms are run with default hyperpara-

meter settings, and no scaling or transformation is applied to the input

features.

The experimental design implements a novel LTFO methodology

to evaluate the stability of feature importance rankings. In the first

step, each method ranks all available features and the top six are

retained to form the initial reduced dataset, denoted Set 1. In the sec-

ond step, the single highest-ranked feature is removed from the full

dataset—not from Set 1—and the feature selection process is repeated

on this reduced pool. The top five features identified in this step form

the second reduced dataset, denoted Set 2. Both sets therefore con-

tain six and five features, respectively, while being derived from inputs

of differing cardinality. The central analytical question is whether the

rankings within Set 2 remain consistent with those in Set 1: stable

methods should reproduce largely the same ordered feature subset

even after the leading feature has been excluded. For the unsuper-

vised methods (FA and HVGS) and Spearman's correlation, RF serves

as the downstream predictive model during cross-validation, allow-

ing performance to be assessed on a common basis across all five

approaches.

Supervised and unsupervised methods differ fundamentally in

their use of label information. Supervised models learn a mapping

y = f(X), leveraging both the feature matrix (X) and the target labels (y)

to determine feature importance, whereas unsupervised models oper-

ate exclusively on X, without any reference to y. In this paper, two

unsupervised methods are employed: FA and HVGS, both of which

rank features without access to the target labels.

FA is a hierarchical clustering-based technique that groups fea-

tures according to their pairwise similarity (typically measured via cor-

relation or Euclidean distance) and merges them into clusters that

minimize within-cluster variance while maximizing between-cluster

distance. The most significant features are identified as those contrib-

uting most to inter-cluster variance, that is, the features that are least

redundant with others and thus carry the most distinct structural

information. HVGS, originally developed for identifying informative

genes in high-dimensional biological data, ranks features purely by

their variance across observations, on the reasoning that features

TAKEFUJI 3



exhibiting greater dispersion carry more information relevant to dis-

tinguishing between samples, independent of any outcome variable.

Because neither method incorporates the target label during the

ranking process, both are structurally immune to label-driven bias, a

source of instability to which supervised models are inherently sus-

ceptible. This makes FA and HVGS particularly well-suited as valida-

tion tools in engineering datasets: by identifying feature structure

intrinsic to the physicochemical measurements themselves (e.g.,

cement, slag, water, aggregates), they provide an independent bench-

mark against which supervised, label-conditioned importance rankings

can be cross-checked. Their use in this study is therefore not intended

to replace supervised prediction, but to serve as a complementary,

label-independent lens for assessing whether apparent feature impor-

tance reflects genuine data structure or merely an artifact of the

modeling and labeling process.

For purposes of reproducibility and transparency, Python code

(concrete.py) is publicly available on GitHub.48

3 | RESULTS

As detailed in Table 1, unsupervised feature ranking methods

(FA, HVGS) and the correlation-based Spearman approach show

markedly perfect higher stability in feature orderings across folds,

whereas supervised models (RF, XGB) exhibit greater variability in

their top features between CV6 and CV5. Despite this stability advan-

tage, the unsupervised and correlation-based methods deliver com-

petitive accuracy: FA (CV6 R2 = 0.8919, CV5 R2 = 0.8831), HVGS

(CV6 R2 = 0.8900, CV5 R2 = 0.8810), and Spearman (CV6

R2 = 0.8928, CV5 R2 = 0.8820) are close to the supervised baselines.

Supervised models achieve the highest accuracies—XGB (CV6

R2 = 0.9341, CV5 R2 = 0.9347) and RF (CV6 R2 = 0.9138, CV5

R2 = 0.9146)—but their top feature rankings shift across folds (e.g., RF

moves from Age first in CV6 to Cement first in CV5, and XGB elevates

FlyAsh to first in CV5), underscoring less consistent feature importance.

In contrast, unsupervised rankings remain consistent: FA repeat-

edly prioritizes aggregates (FineAggregate, CoarseAggregate) along-

side Cement, Water, and Superplasticizer, and HVGS consistently

highlights Cement, BlastFurnaceSlag, and aggregate features. The

Spearman method likewise preserves a stable core of Cement, Super-

plasticizer, Water, and aggregates across CV6 and CV5.

Overall, unsupervised (FA, HVGS) and Spearman methods outper-

form supervised models on stability of feature ordering while main-

taining competitive predictive performance, making them strong

choices when robust, interpretable feature ranking is critical.

4 | DISCUSSION

The results presented in this study provide compelling empirical evi-

dence for a fundamental methodological concern that has long been

theoretically acknowledged but rarely demonstrated with such clarity

in pavement and structural engineering research: high target predic-

tion accuracy and reliable feature importance assessment represent

orthogonal analytical objectives that cannot be conflated without seri-

ous risk of methodological error. The concrete compressive strength

dataset, precisely because of its familiarity and widespread use in the

engineering informatics literature, serves as an ideal vehicle for expos-

ing these pitfalls, as any distortions identified here are likely replicated

silently and undetected across hundreds of published studies employ-

ing similar analytical pipelines.

The core finding is unambiguous. Supervised models, including

both RF and XGB, achieved the highest predictive accuracies (CV6

R2 = 0.9138 and 0.9341, respectively), yet exhibited the most pro-

nounced instability in feature importance rankings under the LTFO

perturbation. The shift from Age as the top-ranked feature in RF's

CV6 configuration to Cement as the top-ranked feature in CV5, and

XGB's elevation of FlyAsh to first position in CV5, are not minor

numerical fluctuations. These are substantive reorderings that would

lead practitioners to draw categorically different engineering conclu-

sions depending on which model run they happened to consult. The

observed instability is therefore not a statistical artifact; it is direct

evidence that supervised importance scores reflect label-conditioned

predictive contribution rather than true variable association.

In stark contrast, unsupervised dimensionality reduction

approaches, specifically FA and HVGS, alongside Spearman's rank

TABLE 1 cross-validation accuracy and feature rankings across algorithms.

Method CV6 R2 CV5 R2 Top 6 feature rankings of CV6 Top 5 feature rankings of CV5

RF 0.91379 0.914583 Age, Cement, Water, BlastFurnaceSlag,

Superplasticizer, FineAggregate

Cement, Water, FineAggregate, Superplasticizer,
BlastFurnaceSlag

XGB 0.934064 0.934655 Cement, Age, Superplasticizer, BlastFurnaceSlag,

Water, FlyAsh

FlyAsh, Age, Water, Superplasticizer, FineAggregate

FA 0.891861 0.883096 FineAggregate, CoarseAggregate, Cement, Water,

Superplasticizer, Age

CoarseAggregate, Cement, Water, Superplasticizer,

Age

HVGS 0.889953 0.881023 Cement, BlastFurnaceSlag, FineAggregate,

CoarseAggregate, FlyAsh, Age

BlastFurnaceSlag, FineAggregate, CoarseAggregate,

FlyAsh, Age

Spearman 0.892818 0.881999 Age, Cement, Superplasticizer, Water,

CoarseAggregate, FineAggregate

Cement, Superplasticizer, Water, CoarseAggregate,

FineAggregate

Note: Bold entries indicate unstable features.
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correlation, produced perfectly consistent feature orderings across

both configurations while delivering competitive predictive perfor-

mance with R2 values ranging from 0.8810 to 0.8928. Methods that

identify structure in the feature space without conditioning on out-

come labels are not susceptible to the label-induced biases that sys-

tematically distort supervised importance measures, and they recover

substantially the same ordered subsets under perturbation because

they respond to genuine inter-feature relationships that persist

regardless of which features are present in the pool.

The widespread adoption of SHAP-based explanations warrants

particular scrutiny in light of these findings. The relationship captured

by explain = SHAP(model) is not an independent assessment of vari-

able importance; it is a post-hoc decomposition of the predictions

generated by the underlying supervised model. When that model's

importance structure is unstable or label-conditioned in ways that

diverge from genuine associations, SHAP inherits, formalizes, and in

some cases amplifies those distortions. The mathematical guarantees

that SHAP provides apply to the consistency of the decomposition

relative to the model's predictions, not to the correspondence

between those predictions and true variable associations. The surge in

SHAP applications documented across 33 articles in the International

Journal of Pavement Engineering alone therefore warrants careful

methodological scrutiny, as the apparent rigor conferred by Shapley

value decomposition may obscure rather than resolve the underlying

reliability problem.

When Spearman's correlation and FA agree on a feature ordering

that remains stable under LTFO perturbation, the convergent evi-

dence across methodologically independent approaches constitutes a

substantially stronger basis for inferring true association than any sin-

gle supervised model can provide regardless of its predictive accuracy.

The fact that unsupervised preprocessing yields R2 values within

approximately 0.04–0.05 points of the best supervised models while

providing dramatically more stable rankings suggests that the predic-

tive penalty for adopting a more principled approach to feature

assessment is modest and practically acceptable.

The absence of ground truth for feature importance assessment

is not merely a technical inconvenience; it is a structural feature of

the supervised learning paradigm that cannot be resolved through

better models or larger datasets alone. The variables that a model

identifies as important are important relative to predicting the target

given the other features in the dataset, the training procedure

employed, and the specific realization of the training sample, none of

which are guaranteed to align with the physical mechanisms that actu-

ally govern the system under study. Acknowledging this limitation is a

prerequisite for developing rigorous, multi-method validation frame-

works that can provide warranted confidence in association claims

despite the absence of ground truth.

The observed divergence in feature behavior is not arbitrary but

reflects a structural difference in how each class of method resolves

collinearity and label-conditioned variance among physicochemically

related predictors. Age, Cement, and FlyAsh are known to be interre-

lated in their contribution to strength development: Cement content

directly governs early hydration and strength gain, Age modulates the

degree to which that hydration has progressed, and FlyAsh substitutes

partially for Cement while contributing strength more slowly through

pozzolanic reaction. Because supervised models optimize importance

scores against the label y, whichever of these correlated variables best

explains the residual variance in a given training fold—an artifact of

sample composition and cross-validation partitioning—is assigned dis-

proportionate importance, while its correlated counterparts are corre-

spondingly suppressed. This explains why removing the top-ranked

feature causes a different, correlated feature to abruptly assume the

top rank rather than producing a gradual, interpretable redistribution

of importance: the model is redistributing credit among interchange-

able proxies for the same underlying physicochemical process, not

revealing a stable causal hierarchy.

Unsupervised methods and Spearman's correlation, by contrast,

are not exposed to this label-conditioned competition among corre-

lated predictors. FA and HVGS rank features according to their intrin-

sic variance and clustering structure in the feature space alone, so a

feature's relationship to physicochemically similar variables remains

stable regardless of which specific training partition or label configura-

tion is used. Consequently, the consistent rankings produced by these

methods are more plausibly capturing durable structural relationships

among the mix constituents themselves, rather than a fold-specific

optimization artifact.

From an engineering standpoint, this distinction carries direct

interpretive consequences. If a practitioner relies on a single super-

vised model run in which Age is ranked as the dominant feature, the

natural design inference is that curing duration should be prioritized

over adjustments to binder composition. If, in a different fold or

model, Cement or FlyAsh assumes that top rank instead, the corre-

sponding inference shifts toward binder proportioning as the primary

design lever. Because both inferences cannot be simultaneously cor-

rect as stable causal claims, and because the identity of the top fea-

ture is shown here to be an artifact of sample partitioning rather than

a robust physicochemical signal, engineers should treat single-run

supervised importance rankings as insufficient evidence for prioritiz-

ing one design intervention over another. The consistent ordering

recovered by unsupervised and correlation-based methods offers a

more defensible starting point for such decisions, precisely because it

is not contingent on which particular label-fitting exercise happened

to be performed.

For engineering practice, we recommend a two-track approach

that separates prediction from association assessment: supervised

models (e.g., RF, XGB) should be retained for target prediction tasks,

where their superior accuracy is directly verifiable and beneficial,

whereas unsupervised methods (FA, HVGS) or Spearman's rank corre-

lation, validated through the LTFO procedure, should serve as the pri-

mary basis for identifying influential variables that inform mix design,

material substitution, and other decisions requiring trustworthy asso-

ciation claims. Although unsupervised approaches exhibit marginally

lower predictive accuracy (R2 between 0.8810 and 0.8928 vs. up to

0.9341 for supervised models), this modest cost is outweighed by

their substantially greater ranking stability, making them the more

defensible choice whenever feature importance—rather than prediction
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alone—drives engineering decisions. When supervised and unsupervised

rankings converge on the same top-ranked variables, practitioners can

proceed with high confidence; when they diverge, this discrepancy

should be treated as a signal warranting further investigation rather

than being resolved by simply trusting the higher-accuracy model.

This study has several limitations. The analysis relies on a single

dataset comprising 1030 samples with eight features, and generaliz-

ability to other datasets with different correlation structures, sample

sizes, or target distributions cannot be assumed without further inves-

tigation. All methods were run with default hyperparameter settings,

and carefully tuned supervised models might exhibit somewhat

greater stability, though tuning for predictive accuracy is unlikely to

resolve the fundamental label-conditioning problem. The LTFO proto-

col applies a single strong perturbation targeting the highest-ranked

feature; alternative strategies involving lower-ranked or grouped fea-

ture removal may reveal additional facets of importance stability.

Finally, the analysis addresses a single continuous outcome variable,

and extension to multi-output or classification settings remains an

open question.

Future work should prioritize replication of the LTFO framework

across broader portfolios of engineering datasets to characterize the

conditions under which supervised importance instability is most

severe. Development of hybrid analytical frameworks that use unsu-

pervised feature selection as a preprocessing filter before supervised

prediction would preserve predictive advantages while grounding

association claims in label-independent criteria. Systematic investiga-

tion of how importance instability relates to inter-feature collinearity

would clarify whether the stability advantages of unsupervised

methods reflect insensitivity to label information or different treat-

ment of correlated feature groups. Application of the framework to

factorial experimental datasets where true associations are known

from controlled studies would provide external validation of the

framework's discriminative capacity. Finally, developing quantitative

metrics for dose–response coherence that can be integrated into

automated validation pipelines would strengthen the practical utility

of the proposed approach and reduce the risk that spurious associa-

tions propagate into published conclusions or engineering practice.

5 | CONCLUSIONS

This study establishes that target prediction accuracy and feature

importance reliability constitute fundamentally distinct analytical

objectives in concrete compressive strength modeling, with direct

implications for how the civil engineering community should assess

and trust AI-driven association analytics in sustainable and resilient

infrastructure design. Using a LTFO validation framework applied to a

publicly available concrete compressive strength dataset, we demon-

strated that supervised models (RF, XGB), despite achieving superior

predictive accuracy (R2 up to 0.9341), produced highly unstable fea-

ture importance rankings under perturbation, with the top-ranked

feature shifting entirely between cross-validation folds. In contrast,

unsupervised methods (FA, HVGS) and Spearman's rank correlation

yielded perfectly consistent rankings while sustaining competitive pre-

dictive performance (R2 between 0.8810 and 0.8928), indicating that

the cost of adopting more trustworthy feature assessment methods is

modest.

These findings carry direct significance for sustainable and resil-

ient infrastructure practice. Concrete mix design decisions informed

by unreliable feature importance rankings risk misdirecting efforts

toward variables that appear influential only as artifacts of a particular

model or training sample, rather than reflecting genuine physicochem-

ical drivers of strength. Such misattribution has tangible conse-

quences: it can lead engineers to over- or under-specify cementitious

materials, misjudge the true contribution of supplementary cementi-

tious materials such as fly ash and blast furnace slag, and conse-

quently undermine decarbonization efforts that depend on accurately

identifying which constituents can be safely reduced without

compromising structural performance. Because cement production

remains a major contributor to global CO2 emissions, correctly and

stably identifying the true influence of substitute materials is essential

for advancing low-carbon concrete formulations and for supporting

resource-efficient use of raw materials.

Reliable feature association also underpins lifecycle performance

and service continuity. Infrastructure decisions grounded in spurious

or volatile associations may result in structures that underperform rel-

ative to design expectations, increasing the likelihood of premature

maintenance, repair, or replacement, and thereby compromising both

durability and adaptability over the structure's service life. By con-

trast, associations validated through the consistency and dose–

response criteria proposed here offer a more credible foundation for

long-term performance prediction, enabling engineers to design mixes

and structural elements with greater confidence in their resilience

under varying service conditions. This directly supports the goals of

improved and de-risked infrastructure decision-making, as practi-

tioners can distinguish genuine physicochemical relationships from

artifacts of a particular supervised algorithm before committing to

material specifications or design codes.

The demonstrated vulnerability of SHAP-based explanations to

inherit and amplify the biases of underlying supervised models further

underscores the need for caution when such tools are used to justify

sustainability-related claims, for example, when SHAP importances

are invoked to argue that a given supplementary material contributes

little to strength and can therefore be increased for decarbonization

purposes without adequate cross-validation using consistency and

dose–response criteria. Our results suggest that such claims should be

corroborated through unsupervised and correlation-based methods

before being translated into material substitution strategies or design

guidance.

We therefore recommend that civil engineering researchers and

practitioners adopt a multi-method validation protocol, combining

supervised prediction with unsupervised feature analysis and tradi-

tional statistical correlation, and apply the LTFO procedure whenever

feature importance findings are intended to inform infrastructure

design, material selection, or sustainability claims. Such a protocol

offers a practical and reproducible safeguard against spurious
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associations, strengthening the reliability of engineering decision-

making and contributing to the broader goals of resource efficiency,

decarbonization, and resilient, de-risked infrastructure development

that lie at the core of sustainable civil engineering design. Future work

extending this framework to additional datasets, alternative perturba-

tion strategies, and classification or multi-output settings will further

consolidate its role as a general-purpose validation tool for association

claims in structural and materials research.
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