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Food chemistry's rapid Al adoption (2060 AI articles; 415 in 2025) spans machine learning, logistic regression,
random forests, and XGBoost. Yet a skills gap in supervised learning fuels misinterpretation: Models optimize
prediction, not true associations, and feature importances lack ground-truth validation. High accuracy does not
ensure reliable attributions; importances are model- and data-biased. Using a microplastic—cancer case, we show
parametric logistic regression on nonlinear data distorts inference. We propose a standards-based pipeline:

Unsupervised structure discovery (e.g., feature agglomeration, highly variable feature selection), nonparametric
association tests (spearman with p-values), and explicit stability audits of rankings. This multifaceted approach
mitigates label-driven bias, improves robustness, and aligns AI insights with mechanistic understanding, sup-
porting credible risk assessment and safer application of Al in food chemistry

1. Introduction

Food Chemistry has witnessed an unprecedented surge in artificial
intelligence research, publishing 2060 Al-related articles, with 415
appearing in 2025 alone. This trend extends to other computational
methodologies, including 799 machine learning studies (385 in 2025),
113 articles employing logistic regression (47 in 2025), 392 papers
utilizing random forest techniques (167 in 2025), and 64 studies
applying XGBoost methodologies (38 in 2025). This publication pattern
reflects the food chemistry community's rapidly growing adoption of
advanced computational approaches for addressing complex food
chemical challenges.

Despite this computational revolution, a significant knowledge gap
persists among many domain experts who lack fundamental under-
standing of supervised machine learning principles. This gap has led to
widespread Al misapplications in food chemistry research, where so-
phisticated tools are employed without adequate comprehension of their
underlying mechanisms. The situation is particularly problematic
because supervised machine learning models exhibit two distinct types
of accuracy: target prediction accuracy and feature importance reli-
ability. While the former can be objectively validated against ground
truth values (labels), the latter lacks corresponding validation bench-
marks, making the reliability of feature importances difficult to assess
systematically.

This absence of ground truth for feature importances leads to two
critical insights that are often overlooked. First, feature importances

derived from supervised models are inherently biased, reflecting con-
tributions to prediction rather than true causal relationships between
variables. Second, high target prediction accuracy does not guarantee
reliable feature importances due to label-driven errors that can signifi-
cantly compromise interpretability. To illustrate these issues, this paper
presents a practical example applying parametric logistic regression to
nonparametric nonlinear data from a real-world study examining
microplastic exposure and cancer health risk. This case exemplifies how
mismatches between model assumptions and data characteristics can
fundamentally undermine the validity of feature importance in-
terpretations in environmental health assessments.

This paper raises urgent concerns regarding supervised machine
learning applications in hazardous materials research. Researchers must
recognize that no algorithm can definitively calculate true associations
between variables with complete certainty. Relying exclusively on a
single methodological approach is inherently inadequate, necessitating
multifaceted analytical strategies in all cases. Furthermore, data analysis
outcomes are reliable only when the underlying assumptions of the
chosen models are satisfied—a fundamental requirement frequently
neglected in practical applications. Violating these assumptions can
severely distort results and lead to misleading conclusions, potentially
resulting in flawed risk assessments or ineffective remediation strate-
gies. Consequently, researchers should conduct comprehensive stability
analyses on feature importance rankings, acknowledging that impor-
tances derived from supervised models are model-specific and may vary
substantially across different algorithms. This validation approach

* Corresponding author at: Faculty of Data Science, Musashino University, 3-3-3 Ariake Koto-ku, Tokyo 135-8181, Japan.

E-mail address: takefuji@keio.jp.

https://doi.org/10.1016/j.foodchem.2026.148515

Received 23 November 2025; Received in revised form 3 February 2026; Accepted 15 February 2026

Available online 18 February 2026

0308-8146/© 2026 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


mailto:takefuji@keio.jp
www.sciencedirect.com/science/journal/03088146
https://www.elsevier.com/locate/foodchem
https://doi.org/10.1016/j.foodchem.2026.148515
https://doi.org/10.1016/j.foodchem.2026.148515

Y. Takefuji

ensures that findings related to hazardous materials are both scientifi-
cally rigorous and practically applicable.

This paper showcases a single example of parametric logistic
regression against nonparametric nonlinear data analysis. Xu et al.
investigated the relationship between microplastics in human feces and
colorectal cancer risk, revealing striking findings (Xu et al., 2025). Their
multivariable logistic regression analysis demonstrated that individuals
in the highest exposure quartile had a substantially elevated adjusted
odds ratio of 11.3 (95% CL: 6.77-19.5, p for trend <0.01) compared to
those in the lowest quartile. A restricted cubic spline analysis indicated a
nonlinear dose-response relationship between microplastic exposure
and cancer risk. Notably, their stratified analyses suggested this asso-
ciation was particularly pronounced among females and individuals
who frequently consumed spicy or high-fat foods (Xu et al., 2025).

When parametric methods like logistic regression are applied to
nonparametric data that violate these assumptions, or when linear
methods are applied to inherently nonlinear relationships, multiple
statistical outputs including coefficient estimates, standard errors, test
statistics, p-values, confidence intervals, and odds ratios can be sub-
stantially distorted (Dey et al., 2025; Pinheiro-Guedes et al., 2024; Wang
et al., 2023; Osborne, 2015; van Maanen et al., 2019; Work et al., 1989;
Zulfadhli et al., 2024; Akturk et al., 2025; Rifada et al., 2022; Suliyanto
et al., 2020; Wibowo et al., 2021; Steyerberg et al., 2011; Ozkale, 2016).
This fundamental mismatch between analytical method and data char-
acteristics potentially undermines the validity of the study's striking
conclusions about microplastic exposure and colorectal cancer risk.

While supervised models posses two distinct types of accuracy: target
prediction accuracy and feature importance reliability. While target
prediction accuracy can be validated against ground truth labels, feature
importances lack its ground truth for accuracy validation. Feature im-
portances derived from supervised models are inherently biased or
skewed (Adler & Painsky, 2022; Alaimo Di Loro et al., 2023; Dunne
et al., 2023; Fisher et al., 2019; Huti et al., 2023; Nalenz et al., 2024;
Nazer et al., 2023; Nguyen et al., 2015; Salles et al., 2021; Smith et al.,
2024; Steiner & Kim, 2016; Strobl et al., 2007; Ugirumurera et al., 2024;
Wallace et al., 2023; Zarei et al., 2021).

This paper challenges the effectiveness of feature selection across
supervised models, unsupervised models and non-targeted methods to
ensure reliable feature importance assessment. This paper reveals that
multifaceted approaches such as unsupervised models and non-
targtered methods produce reliable feature importance assessment
rather than solely relying on supervised models due to label-driven er-
rors and biases.

2. Methods

Due to the absence of algorithms to accurately calculate true asso-
ciations between variables, this paper employes multifaceted ap-
proaches including unsupervised models such as feature agglomeration
(FA) and highly variable gene selection (HVGS), and followed by non-
targeted nonlinear nonparametric statistical methods such as Spear-
man's correlation with p-values instead of solely relying on parametric
logistic regression.

Due to the absence of datasets from Xu et al., this paper examines the
effectiveness of feature selection across supervised models such as
Random Forest and XGBoost, unsupervised models like feature
agglomeration (FA) and highly variable feature selection (HVFS), and
non-parametric correlation methods such as Spearman's correlation. We
utilize a public dataset on microplastic consumption in various foods
from 1990 to 2018, comprising 723 instances and 21 features (Kaggle,
2025). The study identifies the top 5 features from the full feature set
and employs cross-validation to evaluate the effectiveness of each al-
gorithm, with higher cross-validation accuracy indicating superior
feature selection. To assess stability in feature importance rankings, we
remove the highest-ranked feature from the full dataset, create a
reduced dataset, and then re-select the top 4 features, comparing the
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consistency of selections between the original and reduced datasets.

3. Results

Our analysis reveals significant differences in feature selection per-
formance across methods. As shown in Table 1, Feature Agglomeration
(FA) and Highly Variable Feature Selection (HVFS) demonstrated
identical performance with the highest cross-validation accuracy
(0.9347), selecting the same features in identical order. Random Forest
achieved the second-highest accuracy (0.9255), followed by Spearman's
correlation (0.9138) and XGBoost (0.9129). Notably, all methods iden-
tified “total_milk” as the most important feature in the full dataset, while
“non-starchy_vegetables” and “fruits” consistently appeared in the top
selections across all methods. When evaluating stability after removing
the top feature, FA and HVFS maintained perfect consistency (100%
stability) in their rankings, preserving all four secondary features in
identical order. In contrast, supervised methods showed greater vari-
ability, with Random Forest and XGBoost introducing “potatoes” and
“eggs” in their reduced feature sets, indicating lower stability in feature
importance rankings.

For purposes of reproducibility and transparency, Python code, mp.
py is publicly available at GitHub (GitHub, 2025).

4. Discussion

The study by Xu et al. focused on a total of 258 CRC patients and 493
healthy controls containing no food type features while this paper ex-
amines diverse food types. Individual dietary variations, such as those
related to lactose intolerance or other dietary restrictions, could alter
microplastic exposure patterns. Our analysis identifies milk as a primary
source based on average population consumption patterns, though this
would naturally differ for non-milk consumers, highlighting the
importance of considering dietary subgroups in future research.

The unprecedented proliferation of artificial intelligence methodol-
ogies in food chemistry, as evidenced by Food Chemistry's publication of
numerous Al-related articles, represents both a remarkable opportunity
and a significant challenge for the field. Our findings reveal a funda-
mental disconnect between this computational revolution and the
methodological understanding required to apply these techniques
appropriately, particularly in food chemistry where conclusions directly
impact human health, safety, and regulatory policy.

Our analysis demonstrates that supervised models inherently suffer
from instability in feature-importance rankings due to label-driven er-
rors, while unsupervised models and non-targeted methods exhibit

Table 1
cross-validation accuracy and stability in feature ranking orders.

model CVmean Top 5 ranking orders Top 4 ranking orders
accuracy
random 0.9255 total_milk, fruits, non- eggs, potatoes, fruits, non-

forest starchy_vegetables,
other_starchy_vegetables,
unprocessed_red_meats

starchy_vegetables

XGBoost 0.9129 total_milk, fruits, non- eggs, potatoes, fruits, non-
starchy_vegetables, starchy_vegetables
other_starchy_vegetables,
eggs

FA 0.9347 total_milk, non- non-starchy_vegetables,
starchy_vegetables, fruits, fruits, refined_grains,
refined_grains, other starchy_vegetables
other starchy_vegetables

HVGS 0.9347 total_milk, non- non-starchy_vegetables,
starchy_vegetables, fruits, fruits, refined_grains,
refined_grains, other_starchy_vegetables
other_starchy_vegetables

Spearman 0.9138 total_milk, fruits, potatoes, fruits, potatoes,

unprocessed_red_meats,
non-starchy_vegetables

unprocessed_red_meats,
non-starchy_vegetables
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substantially stronger stability. This disparity stems from a critical
limitation of supervised approaches: they optimize for prediction accu-
racy rather than capturing true variable associations. The perfect con-
sistency (100% stability) demonstrated by Feature Agglomeration (FA)
and Highly Variable Feature Selection (HVFS) in our experiment stands
in stark contrast to the variability observed in Random Forest and
*XGBoost', which introduced entirely new features (“potatoes” and
“eggs”) when the dataset was modified—highlighting their vulnerability
to dataset perturbations.

This instability is particularly concerning when examining complex
exposure-outcome relationships in food chemistry, such as contaminant
levels versus health outcomes, where parametric logistic regression is
often applied to inherently nonlinear relationships. While such analyses
may reveal striking associations (e.g., high odds ratios for top exposure
quartiles), our findings suggest that conclusions can be significantly
compromised by methodological limitations. Nonlinear dose-response
patterns, identifiable via restricted cubic splines, further underscore the
mismatch between linear assumptions of logistic regression and the
complex reality of food data, potentially leading to distorted coefficient
estimates, misleading p-values, and ultimately unreliable conclusions
about risk.

The food chemistry research community faces a critical methodo-
logical challenge: while prediction accuracy can be objectively validated
against known outcomes, feature importance—often the primary inter-
est when identifying key drivers of quality, safety, or nutritional out-
comes—Ilacks corresponding ground-truth validation. This creates a
scenario where researchers may achieve high predictive accuracy while
drawing spurious conclusions about which variables actually matter.
Our finding that unsupervised approaches outperformed supervised
methods in both accuracy (0.9347 vs. 0.9255) and stability highlights
the urgent need for methodological recalibration in food data analysis.

We propose a systematic approach to assess and enhance feature-
importance reliability: researchers should evaluate stability by select-
ing top features from the full dataset, removing the highest-ranked
feature, re-selecting features from the reduced dataset, and comparing
the consistency between selections. Existing stability methods often
focus on prediction consistency rather than the ranking of feature
importance—a critical distinction when seeking mechanistic under-
standing rather than merely improving predictive accuracy. This
straightforward validation process can reveal whether feature impor-
tances genuinely reflect underlying data structures or are artifacts of the
modeling approach, providing a practical framework for distinguishing
robust feature relationships from model-dependent statistical artifacts
that may mislead food risk assessments.

This study reveals a troubling paradox in food chemistry Al appli-
cations: despite rapid growth in methodological sophistication, funda-
mental concerns about validity remain underaddressed. The inherent
limitations of supervised machine learning—particularly the absence of
ground-truth validation for feature importances—demand urgent
attention. Our analysis demonstrates that reliance on supervised models
alone, especially parametric approaches like logistic regression for
nonparametric data, can lead to distorted conclusions with potentially
serious implications for food safety assessments, risk management
strategies, and regulatory decisions.

For food chemistry researchers seeking to leverage computational
methods, our findings underscore the necessity of multifaceted analyt-
ical strategies that incorporate unsupervised learning and nonpara-
metric methods alongside supervised techniques. Only through such
methodological triangulation can we ensure that growing computa-
tional capabilities translate into genuine scientific insights rather than
misleading artifacts of analysis. As artificial intelligence continues to
transform food chemistry, methodological rigor must advance in par-
allel with computational sophistication to ensure reliable conclusions
about contaminants, quality attributes, and their impacts.

Due to the absence of universal algorithms, to validate true associ-
ations, consistency and dose-response relationships assessment is
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mandatory in food chemistry.
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