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A B S T R A C T

The proliferation of AI-driven analysis in chemical measurement has outpaced critical methodological scrutiny, 
as evidenced by Measurement’s publication of over 1300 articles on SHAP, feature importance, and feature 
selection. This surge reflects growing enthusiasm for identifying true associations, yet fundamental mis
understandings persist regarding the validity of supervised models for feature interpretation. Using a public 
desalination dataset (73 samples, 12 features) and our novel leave-top1-out protocol, we demonstrate that 
Random Forest and XGBoost with SHAP exhibit severe ranking instability: removing the top-ranked feature 
triggers cascading reordering, with SHAP inheriting rather than correcting this volatility. In contrast, unsuper
vised methods and Spearman correlation maintain consistent hierarchies, with Spearman achieving superior test 
performance. Our results establish that label-driven prediction errors fundamentally compromise supervised 
feature importance stability, while correlation-based approaches provide more reliable assessments. Critically, 
supervised models optimize prediction accuracy—not causal or associative truth—rendering them unsuitable for 
feature importance claims without rigorous validation against two essential criteria systematically overlooked in 
existing literature ranking consistency under perturbations and dose–response relationships. We provide a 
methodological framework for establishing genuine feature associations in desalination and membrane research, 
demonstrating that predictive performance alone cannot validate feature importance, and advocate for 
correlation-based methods when ground truth remains unavailable.

1. Introduction

The proliferation of artificial intelligence tools has enabled re
searchers to conduct extensive data-driven analyses across numerous 
disciplines. However, a critical gap exists in many researchers' under
standing of supervised learning models' fundamental principles and 
underlying assumptions. This knowledge deficit, combined with the 
frequent lack of ground truth for validation purposes, has resulted in 
widespread misapplication of AI methodologies.

Measurement illustrates this theoretical and empirical concerning 
trend, with a sharp increase in publications focused on interpretability 
techniques: 98 articles on SHAP (34 in 2025 and 50 in 2026), 212 ar
ticles on feature importance (75 in 2025 and 72 in 2026), and 1027 
articles on feature selection (234 in 2025 and 183 in 2026). This surge 
reflects the research community's growing interest in identifying true 
associations within complex datasets.

Despite this heightened interest, fundamental misconceptions persist 
regarding feature importance, selection, and interpretation within 

supervised learning contexts. This paper highlights urgent theoretical 
and empirical concerns about using supervised models—with or without 
explainability tools like SHAP—for feature assessment. Current studies 
frequently fail to validate consistency and dose–response relationships 
when evaluating true associations, and no existing algorithms can reli
ably calculate these associations with demonstrated accuracy due to 
insufficient understanding of supervised models.

A crucial distinction that researchers often overlook is between 
target prediction and true association assessment. Supervised models 
exhibit two different types of accuracy: prediction accuracy for target 
variables and accuracy in determining feature importance. While the 
former can be validated against ground truth labels, the latter lacks 
corresponding validation mechanisms. This absence of ground truth for 
feature importance calculations frequently leads to erroneous in
terpretations and misleading conclusions in research findings.

A crucial distinction that researchers often overlook is between 
target prediction and true association assessment. Supervised models 
exhibit two different types of accuracy: prediction accuracy for target 
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variables and accuracy in determining feature importance. While the 
former can be validated against ground truth labels, the latter lacks 
corresponding validation mechanisms. This absence of ground truth for 
feature importance calculations frequently leads to erroneous in
terpretations and misleading conclusions in research findings.

This study critically examines the reliability of supervised mod
els—with or without SHAP—against unsupervised models and non- 
predictive methods using a publicly available desalination dataset. 
Our primary objective is to expose the inherent instability in feature 
ranking orders when using supervised approaches and to demonstrate 
the superior stability of unsupervised methods and direct correlation 
analyses. Critically, researchers must validate two essential components 
for establishing true associations: ranking consistency across perturba
tions and dose–response relationships between features and outcomes. 
However, existing studies have systematically overlooked these valida
tion requirements, potentially compromising the reliability of reported 
findings in desalination and membrane research. This paper raises ur
gent concerns regarding these misapplications, where proper model 
understanding is critical for advancing the field.

To rigorously assess true associations, a critical aspect frequently 
overlooked by many researchers, this paper examines two key compo
nents: consistency and dose–response relationships [1–10]. We imple
ment a novel leave-top1-out approach to test model stability. The 
methodology involves: (1) selecting top n features from the full feature 
set (set1); (2) removing the highest-ranked feature from the full set to 
create a reduced dataset; (3) re-selecting top n-1 features from this 
reduced dataset (set2); and (4) examining the consistency of feature 
importance ranking orders between the two sets. Our analysis demon
strates that removing the highest feature yields a substantial impact on 
feature ranking orders, underscoring the importance of stability testing 
in feature selection processes and highlighting potential in
terdependencies among predictors that may otherwise remain 
undetected.

While the individual components of our framework (RF, XGBoost, 
and SHAP) are established methods, the practical contribution of this 
study lies in the systematic integration of two mandatory validation 
criteria, consistency and dose–response relationships, which have been 
absent from prior feature importance analyses in this domain. Existing 
studies typically evaluate features as unordered sets, assessing their 
collective or independent contributions without explicitly verifying 
whether identified associations hold under sequential feature removal. 
In contrast, the proposed framework evaluates features as ordered sets, 
where the rank of each feature carries analytical meaning. To oper
ationalize this, we introduce a leave-top1-out protocol, which sequen
tially removes the highest-ranked feature and re-evaluates the 
remaining feature rankings. This procedure directly tests whether the 
reported associations satisfy consistency and dose–response re
quirements, two criteria considered necessary conditions for inferring 
reliable, interpretable relationships between predictors and outcomes. 
The value of this framework is therefore methodological and applied: it 
provides practitioners with a structured, reproducible validation pro
cedure that reduces the risk of reporting spurious feature associations.

Supervised models operate with two fundamentally different types of 
accuracy: target prediction accuracy and feature importance accuracy. 
While target prediction accuracy can be rigorously validated against 
ground truth labels, feature importance lacks corresponding ground 
truth for validation − there is no definitive reference point to determine 
if the identified important features are truly the most influential. This 
fundamental absence of ground truth in feature importance de
terminations results in different models generating distinct feature 
importance rankings, highlighting their model-specific nature. It's crit
ical to recognize that feature importance in supervised models primarily 
indicates contributions to the prediction mechanism rather than repre
senting true underlying associations in the data.

Our research reveals a significant insight: supervised models 
frequently demonstrate instability in feature importance ranking orders 

due to errors propagated through the label-driven learning process. In 
contrast, unsupervised models exhibit notably stronger stability in 
feature ranking orders specifically because they operate without the 
potential distortions introduced by label-driven errors. This stability 
difference suggests unsupervised approaches may provide more 
consistent feature importance assessments when the ground truth 
importance is unknown.

This study introduces a systematic feature validation methodology 
for measurement-based predictive modeling in desalination systems, 
grounded in two metrological principles: consistency and dose–response 
relationships. Unlike existing studies that report feature importance 
without rigorous validation, the proposed framework evaluates whether 
selected features exhibit physically meaningful and reproducible re
lationships with the target variable, thereby serving as a validation 
procedure analogous to those used in measurement science.

Furthermore, feature importance is interpreted through a dual-role 
measurement framework: (1) as a quantitative indicator of each fea
ture's contribution to predictive accuracy, assessed through 5-fold cross- 
validation R2 scores, and (2) as an ordered measurement set derived 
from a leave-top1-out procedure, which systematically evaluates the 
marginal contribution of each feature to model performance. Together, 
these roles provide a structured approach to measurement-system per
formance evaluation, offering traceable and interpretable estimates of 
variable influence under uncertainty.

2. Methods

To ensure a fair and unbiased comparison across all methods, no data 
preprocessing, including scaling, transformation, and normalization, 
was applied to any algorithm. Preprocessing operations such as scaling, 
transformation, and normalization alter the distributional properties of 
raw data, potentially introducing artifactual patterns that do not reflect 
true underlying relationships. Since this framework specifically aims to 
identify genuine associations supported by consistency and dos
e–response criteria, applying preprocessing could obscure or distort the 
natural structure of feature relationships. The conclusions of this study 
are therefore applicable to raw, unprocessed datasets sharing similar 
characteristics to those analyzed here. No hyperparameter tuning was 
applied to any algorithm. Default settings were used uniformly across all 
algorithms to ensure that observed differences in feature ranking reflect 
genuine algorithmic differences rather than tuning artifacts. By adopting 
default settings, a standardized and reproducible baseline is established, 
defining a clear applicable scope for the conclusions drawn.

Our analysis utilized the publicly available Data_Desalination.xlsx 
dataset [11], comprising 73 samples and 12 features that characterize 
various aspects of desalination processes. This dataset was selected for 
its comprehensive representation of typical desalination parameters and 
its accessibility to the research community.

We implemented a multi-step methodological framework to sys
tematically evaluate feature importance stability across different 
analytical approaches:

We applied seven distinct analytical methods to calculate feature 
importance rankings from the complete dataset: (1) Supervised Models: 
Random Forest and XGBoost regressors were implemented to establish 
baseline supervised learning approaches commonly used in desalination 
research; (2) SHAP Explanations: SHAP (SHapley Additive exPlanations) 
values were calculated for both supervised models to assess whether 
explanation frameworks improve feature importance stability; (3) Un
supervised Models: Feature Agglomeration (FA) and Highly Variable 
Gene Selection (HVGS) were employed as representative unsupervised 
approaches; (4) Non-Target-Prediction Method: Spearman's rank cor
relation coefficient was calculated to provide a nonlinear nonparametric 
assessment of feature relationships with the target variable.

To rigorously test the stability of feature importance rankings, we 
employed a leave-top1-out approach: The highest-ranked feature from 
each method's initial analysis was identified and systematically removed 
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from the dataset to create a reduced dataset specific to each method. 
Feature importance calculations were then repeated on each reduced 
dataset using the corresponding method. The resulting feature rankings 
were compared to the original rankings (excluding the removed feature) 
to assess stability.

For supervised and unsupervised methods, as well as Spearman 
correlation, we calculated R2 scores using 5-fold cross-validation to 
assess mean predictive performance and feature importance stability.

All algorithms were implemented with their default settings in scikit- 
learn and XGBoost frameworks without any hyperparameter tuning to 
ensure fair comparison across methods. The dataset was used in its 
original form without any preprocessing, scaling, or transformation to 
maintain the authentic characteristics of the data and avoid introducing 
any artificial patterns.

For purposes of reproducibility and transparency, our complete 
analytical pipeline is implemented in Python code (crossvalid.py) and 
publicly available on GitHub [12]. This implementation includes all 
feature importance calculations, stability assessments, and performance 
evaluations, allowing researchers to replicate our findings and extend 
our analysis to other datasets or methodological variations.

3. Results

Cross-validated R2 (CV5 R2, CV4 R2) and feature importance ranking 
orders for all seven methods across the two feature set configurations 
(Top-5 features and Top-4 features) are presented in Table 1.

Among all methods in cross-validation with top 5 features, Spearman 
achieved the highest CV5 R2 of 0.4839, closely followed by RF-SHAP 
(0.4815) and RF (0.4718), while XGB-SHAP recorded the lowest CV5 
R2 of 0.4007. Notably, the unsupervised methods FA and HVGS 
demonstrated moderate but consistent accuracy across both configura
tions, with FA yielding CV5 and CV4 R2 values of 0.4235 and 0.4352, 
and HVGS producing nearly identical scores of 0.4704 and 0.4709, 
reflecting a marginal difference of only 0.0005 between the two sets. 
This near-identical performance across feature set sizes indicates that 
HVGS maintains robust predictive stability regardless of feature space 
reduction.

A critical distinction between supervised and unsupervised methods 

emerges when comparing the ordered feature rankings between the Top- 
5 and Top-4 configurations. The unsupervised methods FA, HVGS, and 
Spearman exhibited substantially greater consistency in their ranking 
orders across both feature sets. Specifically, HVGS retained an identical 
rank ordering of {Time, S/N, Temperature, Pressure} across both con
figurations, with only the removal of the top-ranked Conductivity feed 
causing a rank shift. Similarly, FA preserved a stable core ordering of 
{Time, S/N, Temperature} in both sets, with only the lowest-ranked 
features showing minor reshuffling. This stability suggests that 
variance-based and correlation-based unsupervised selectors capture 
intrinsic data structure that remains consistent under feature 
perturbation.

In contrast, the supervised methods RF, XGB, RF-SHAP, and XGB- 
SHAP demonstrated pronounced instability in their feature ranking or
ders between the two configurations. RF ranked Temperature first in the 
Top-5 set, yet upon removal of Temperature, S/N rose to the top position 
in the Top-4 set, indicating that the importance assigned to individual 
features by RF is highly sensitive to the presence of correlated variables. 
XGB exhibited the most severe ranking instability: its Top-5 set was led 
by S/N, whereas the Top-4 set promoted Time to the first position 
despite Time not appearing in the Top-5 ranking at all, representing a 
complete reordering of priorities. XGB-SHAP similarly replaced S/N 
with Time as the top feature and introduced Permeate recovery into a 
higher rank when Flow feed was retained, while RF-SHAP, despite being 
the most accurate method overall, still experienced a rank inversion 
between Temperature and S/N across the two configurations. These 
rank inconsistencies in supervised methods are attributable to their 
sensitivity to inter-feature correlations and the implicit weighting 
imposed by the target variable during model training, which causes 
importance scores to redistribute substantially when any single domi
nant feature is removed.

The stability of unsupervised methods in preserving ordered feature 
sets carries practical significance for desalination process analysis. When 
the goal is to identify a physically interpretable and reproducible set of 
process-governing variables, methods such as HVGS and FA offer a more 
reliable basis than supervised importance-based approaches, despite 
their modest accuracy compared to RF-SHAP. The supervised methods, 
while achieving higher peak R2 values, do so at the cost of ranking 
consistency, making their feature orderings less trustworthy as stand- 
alone indicators of variable importance in the context of iterative 
feature reduction.

4. Discussion

Feature assessment derived from supervised models in desalination 
research fundamentally lacks rigorous validation due to the absence of 
ground truth in importance calculations. This methodological gap cre
ates a critical blind spot in our understanding, as the true relationships 
between input variables and outcomes cannot be definitively established 
through these approaches alone. When researchers deploy supervised 
learning models to identify important features, they operate under an 
unvalidated assumption that the model's internal feature weightings 
correspond to actual physical or chemical mechanisms. This represents a 
significant methodological challenge because researchers using super
vised models must carefully distinguish between two separate and 
fundamentally different accuracy metrics that are often conflated: target 
prediction accuracy, which refers to how well the model predicts out
comes and can be readily quantified through standard evaluation met
rics, and feature importance accuracy, which refers to how correctly the 
model attributes causality and remains largely unverifiable without 
external validation mechanisms. It is critical to emphasize that high 
target prediction accuracy does not imply feature importance accuracy. 
A model may achieve excellent predictive performance while simulta
neously misattributing the underlying drivers of that performance, and 
this distinction is central to interpreting our findings.

Our findings reveal a fundamental challenge in applying supervised 

Table 1 
Cross-validation r2 and feature importance ranking orders per algorithm.

Method CV5 R2 

mean
CV4 R2 

mean
Top-5 feature rankings Top-4 feature 

rankings

RF 0.4718 0.4998 Temperature | Time | 
S/N | Conductivity 
feed | Pressure

S/N | Time | 
Conductivity feed | 
Pressure

XGB 0.4031 0.407 S/N | Flow feed | 
Temperature | 
Conductivity feed | 
Permeate flow rate

Time | Flow feed | 
Temperature | 
Conductivity feed

RF-SHAP 0.4815 0.4998 Temperature | Time | 
Conductivity feed | S/ 
N | Pressure

S/N | Time | 
Conductivity feed | 
Pressure

XGB- 
SHAP

0.4007 0.4133 S/N | Temperature | 
Permeate recovery | 
Flow feed | Permeate 
flow rate

Time | Temperature 
| Permeate recovery 
| Flow feed

FA 0.4235 0.4352 Conductivity feed | 
Time | S/N | 
Temperature | Flow 
feed

Time | S/N | 
Temperature | 
Permeate recovery

HVGS 0.4704 0.4709 Conductivity feed | 
Time | S/N | 
Temperature | 
Pressure

Time | S/N | 
Temperature | 
Pressure

Spearman 0.4839 0.4343 Pressure | 
Temperature | 
Conductivity feed | S/ 
N | Time

Temperature | 
Conductivity feed | 
S/N | Time
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machine learning for feature importance analysis in desalination 
research. The striking instability observed in supervised models, spe
cifically Random Forest and XGBoost, represents a significant concern 
for researchers seeking to identify true causal associations rather than 
mere predictive patterns. This instability persists regardless of whether 
SHAP explanations are employed, suggesting that explanation frame
works cannot overcome the inherent limitations of the underlying su
pervised models. Throughout this discussion, we explicitly distinguish 
between two separate properties: ranking stability, which refers to the 
reproducibility and consistency of feature importance rankings under 
data perturbation, and causal interpretation, which refers to the degree 
to which identified associations reflect true physical, chemical, or 
mechanistic relationships. Our analysis primarily addresses the former, 
while using additional validation criteria to cautiously extend in
terpretations toward the latter.

The observed instability in supervised models can be explained by 
their target-driven optimization nature. When supervised models opti
mize for target prediction accuracy, they develop complex in
terdependencies between features that may not reflect true causal 
relationships. Removing a single important feature forces these models 
to completely reconfigure their internal feature importance structures, 
resulting in dramatic ranking shifts that suggest the original importance 
rankings were contingent on model configuration rather than funda
mental to the data structure. This phenomenon highlights a deeper issue 
in that supervised models conflate two distinct processes, namely 
learning to predict outcomes and learning to explain them. The feature 
importance rankings generated by these models are byproducts of pre
diction optimization, not independent assessments of variable rele
vance. Consequently, even highly accurate supervised models may 
produce feature importance rankings that are model-specific artifacts 
rather than generalizable scientific insights. Researchers should there
fore interpret SHAP values and similar explanation outputs as reflections 
of a model's internal decision logic, not as direct evidence of causal 
mechanisms operating within desalination systems.

In contrast, unsupervised methods including Feature Agglomeration 
and HVGS, and the non-target-prediction approach of Spearman corre
lation, demonstrate remarkable stability. These methods identify feature 
relationships based on inherent data characteristics rather than opti
mizing for target prediction, resulting in consistent feature rankings 
even when the dataset is perturbed. This stability suggests these ap
proaches may be capturing more fundamental structural relationships 
within the data. Importantly, the stability demonstrated by Spearman's 
rank correlation can be attributed to a specific methodological distinc
tion in that Spearman's correlation contains no built-in prediction 
mechanism and therefore operates entirely without label-driven errors. 
Supervised models are susceptible to label noise, class imbalance, and 
annotation bias, all of which can distort learned associations. By oper
ating independently of outcome labels, Spearman's correlation avoids 
these confounding influences and captures intrinsic rank-order re
lationships between variables. Nevertheless, we acknowledge that sta
bility in Spearman's rankings does not by itself confirm causal 
directionality. To move cautiously toward causal interpretation, we 
further evaluated whether the associations identified by Spearman's 
correlation satisfy two additional criteria widely recognized for vali
dating true associations. The first is consistency, whereby Spearman's 
correlation consistently identified the same associations across sub
groups and experimental conditions, suggesting the detected relation
ships are reproducible and not artifacts of a specific data configuration. 
The second is dose–response relationships, whereby the results revealed 
graded, monotonic relationships between key variables, which is a 
hallmark of mechanistically meaningful associations and a recognized 
criterion for inferring genuine underlying relationships. Together, these 
three properties of stability, consistency, and dose–response patterns 
provide a stronger, multi-faceted basis for cautiously interpreting 
Spearman's findings beyond mere statistical consistency, while still 
stopping short of definitive causal claims without experimental 

validation.
The superior test R2 performance of Spearman correlation is partic

ularly noteworthy and warrants careful interpretation. While supervised 
models typically excel in prediction tasks due to their optimization ob
jectives, Spearman correlation achieved the highest test R2 (0.4839) 
while simultaneously maintaining stable feature rankings. This result 
challenges the conventional assumption that predictive power must be 
traded for interpretability or stability. However, it is important not to 
overinterpret this finding as proof of causal superiority. Rather, this 
result suggests that simpler, label-independent approaches can capture 
generalizable data structures that translate effectively to predictive 
performance, precisely because they are not overfit to label-specific 
patterns. The superior generalization performance of Spearman corre
lation may reflect the absence of label-driven overfitting rather than a 
deeper causal understanding of the system, and this interpretation is 
consistent with the known risk of supervised models sacrificing gener
alizability for training optimization.

These results carry significant implications for desalination research 
practice. The widespread adoption of supervised models with SHAP for 
feature importance analysis may be leading researchers to draw poten
tially misleading conclusions about the relative importance of various 
factors in desalination processes. The instability we observed suggests 
that many published feature importance rankings may be artifacts of 
model-specific optimization rather than reflections of true physical or 
chemical relationships. Critically, researchers must avoid conflating a 
model's predictive success with mechanistic insight, as a supervised 
model that accurately predicts membrane flux does not necessarily 
identify which physicochemical variables are the true drivers of that 
flux. Disentangling these two interpretations requires explicit stability 
testing and, ideally, experimental validation. Furthermore, our findings 
highlight the importance of stability testing as a standard component of 
feature selection workflows. The dramatic ranking shifts observed in 
supervised models indicate that researchers should implement stability 
assessments, such as our leave-top1-out approach, before drawing con
clusions about feature importance. Without such testing, researchers 
risk overinterpreting model-specific patterns as general scientific 
insights.

While our study provides valuable insights into the stability and 
reliability of different feature importance methods in desalination 
research, several important limitations should be acknowledged. Our 
experiments were conducted on a single desalination dataset, which 
may not capture the full range of conditions and relationships present in 
other desalination systems or water treatment processes, and the sta
bility patterns observed might vary across datasets with unique char
acteristics. The dataset used in this study has a specific size and feature- 
to-sample ratio that could influence model behavior, and our findings 
regarding stability might differ in scenarios with substantially larger 
datasets or different dimensionality characteristics. The relationships 
between features in our desalination dataset reflect specific physical and 
chemical interactions relevant to membrane processes, and the stability 
patterns observed may not generalize to other scientific domains with 
fundamentally different underlying causal structures. Our analysis does 
not account for potential temporal dependencies or operational drift in 
desalination processes that might affect feature importance over time, as 
in real-world applications the relative importance of various factors may 
evolve as operating conditions, fouling states, or membrane character
istics change. Finally, and most importantly, while our use of consis
tency and dose–response criteria moves cautiously toward causal 
interpretation, definitive causal validation ultimately requires 
controlled experimental studies or the application of formal causal 
inference frameworks such as structural equation modeling or inter
ventional analysis, which fall outside the scope of the current work, and 
future studies should integrate these approaches to build upon the 
foundational stability findings presented here.
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5. Conclusion

This study identifies critical methodological concerns regarding the 
application of supervised machine learning models for feature impor
tance analysis, demonstrated through a systematic evaluation using a 
desalination dataset. Within the scope of the presented experiments, 
supervised models, including those enhanced with SHAP explanations, 
exhibited marked instability in feature importance rankings under 
leave-top1-out perturbation testing, suggesting that caution is war
ranted when interpreting feature importance assessments derived from 
such approaches in desalination research.

Unsupervised methods and non-target-prediction approaches, by 
contrast, demonstrated consistently stable feature importance rankings 
across the perturbation conditions examined in this study. The stability 
observed in these methods, combined with the competitive predictive 
performance of Spearman correlation on the analyzed dataset, suggests 
that unsupervised approaches may more reliably reflect underlying re
lationships in desalination processes, at least under conditions similar to 
those represented in the present dataset.

Based on the findings of this study, desalination researchers are 
encouraged to adopt a more cautious approach to feature importance 
interpretation when employing supervised machine learning tech
niques. The leave-top1-out stability testing approach introduced here 
offers a straightforward and practical method for evaluating the 
robustness of feature importance rankings, and its implementation as a 
standard validation practice is recommended when feature assessment is 
a primary research objective.

The observations reported here are based on a single desalination 
dataset, and broader generalization of these findings across different 
desalination processes, operating conditions, and dataset characteristics 
warrants further investigation. Future research should therefore eval
uate the generalizability of the identified stability patterns across 
diverse desalination datasets and process types. Additionally, the 
development of hybrid approaches that integrate the predictive capacity 
of supervised learning with the ranking stability of unsupervised 
methods represents a promising direction for producing more robust and 
physically interpretable feature importance assessments.

In conclusion, while supervised machine learning models with SHAP 
explanations retain clear value for predictive modeling tasks, the find
ings of this study indicate that their direct application for feature 
importance analysis in desalination research requires careful methodo
logical consideration. Implementing the consistency and dose–response 
validation criteria proposed here, alongside stability testing, provides 
researchers with a more rigorous framework for distinguishing genuine 
physicochemical associations from algorithmically induced artifacts, 
thereby contributing to more reliable and reproducible scientific in
sights in desalination research.
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