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Abstract

Machine learning (ML) models for predicting food recall severity could accelerate regulatory triage, yet
no systematic benchmark exists on the U.S. Food and Drug Administration (FDA) open-access database.
We construct the first comprehensive ML benchmark for FDA food recall severity classification (Class I
/ 11 / 1II) using 28,448 enforcement records spanning 2012-2025. A 1,437-dimensional feature space is
engineered from TF-IDF and Sentence-BERT embeddings of recall narratives, structured categorical
attributes, and temporal indicators. Five classifiers (Logistic Regression, Random Forest, XGBoost,
LightGBM, CatBoost) are trained with Optuna-tuned hyperparameters. Under standard random
splitting, XGBoost achieves Macro-F1 = 0.89; however, a multi-layer leakage audit reveals that this
figure is inflated by entity-level autocorrelation. When firm-aware group splitting, temporal splitting,
or their combination is applied, Macro-F1 drops to approximately 0.57. A firm-mode baseline—
assigning each company’s historically most frequent severity class—reaches 0.82 under random
splitting, demonstrating that 92% of the apparent performance stems from firm-level memorisation.
Identity-masking experiments confirm that the leakage is structural rather than attributable to explicit
company-name tokens. A 2 X 2 factorial decomposition shows that firm overlap and temporal
continuity are highly collinear; removing either suffices to expose the true generalisation floor. A
hazard-type decomposition reveals that pathogen-severity associations transfer across firms, whereas
labelling and GMP violations are highly firm-specific, explaining the disproportionate collapse of
Class III prediction under group splitting. SHAP analysis, feature ablation, and a nine-year continuous-
learning simulation provide additional insights into model behaviour and retraining strategies. We
recommend that food-safety ML studies adopt group-aware or temporal evaluation protocols, report
entity-overlap statistics, and include entity-prior baselines to prevent overstated conclusions.

Keywords: food recall severity; entity-level leakage; evaluation bias; predictive regulatory triage;
temporal concept drift; explainable AI (XAI); openFDA

1. Introduction

The U.S. Food and Drug Administration (FDA) classifies food recalls into three severity tiers:
Class I denotes situations where exposure to a violative product carries a reasonable probability
of serious adverse health consequences or death; Class II covers cases where exposure may cause
temporary or medically reversible health effects; and Class III applies when the product is unlikely to
cause any adverse health consequence [1]. This tiered system is central to regulatory decision-making,
guiding resource allocation, public notification urgency, and follow-up monitoring intensity. The
classification process currently relies on expert evaluation, which, although thorough, faces growing
time pressure as the volume of recall events continues to rise. Between 2012 and 2025, the openFDA

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0009-0000-1712-952X
https://orcid.org/0009-0009-8849-874X
https://doi.org/10.20944/preprints202603.0343.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 March 2026 d0i:10.20944/preprints202603.0343.v1

2 of 20

Food Enforcement database accumulated over 28,000 recall records spanning a diverse array of product
categories, hazard types, and reporting firms [2]. The public health stakes are considerable: the most
recent U.S. estimates attribute approximately 9.4 million illnesses, 55,961 hospitalisations, and 1,351
deaths annually to major foodborne pathogens alone [3], imposing an economic burden exceeding
$75 billion per year [4]. At the firm level, severe recall events can erode over $100 million in shareholder
value within days [5,6], with Class I events in the low-moisture food sector alone associated with
median market capitalisation losses of $243 million [7]. Moreover, the economic disruption propagates
along the entire supply chain [8], underscoring the need for accurate, automated severity triage. The
FDA itself has recognised this imperative in its New Era of Smarter Food Safety blueprint, which
identifies predictive analytics as a core element of modernised food safety [9]. This strategic direction
builds on the foundation laid by the Food Safety Modernization Act (FSMA) [10], which shifted the U.S.
regulatory paradigm from reactive response to preventive control. FSMA grants the FDA mandatory
recall authority and requires firms to maintain hazard analysis and preventive control plans, creating a
regulatory environment in which predictive severity triage tools could directly support compliance
and enforcement workflows.

Machine learning (ML) has emerged as a promising tool for automating risk assessment in food
safety [11,12]. A growing body of literature has demonstrated the potential of supervised classifiers
on the European Rapid Alert System for Food and Feed (RASFF) database, achieving accuracies
ranging from 74% to 97.8% across various formulations [13-15]. Natural language processing (NLP)
techniques have further expanded the feature space available for food-safety models, with recent
work applying Transformer-based architectures to hazard detection tasks [16]. Importantly, recent
large-scale empirical studies have demonstrated that gradient-boosted tree models remain competitive
with or superior to deep learning on medium-scale tabular data [17,18], providing a strong empirical
basis for the model family employed in this study.

Despite this progress, almost all existing studies target the EU RASFF database or other non-FDA
sources. To date, no peer-reviewed study has attempted systematic Class I/11/11I severity prediction
on openFDA food recall data. Two tangentially related works exist: an unpublished preprint that
analyses openFDA recall patterns but predicts termination status rather than severity [19], and a study
of FDA drug (not food) recalls limited to 235 records [20]. This leaves a significant gap in the literature
for a rigorous ML benchmark on the largest publicly available food recall database in the United States.

Beyond the absence of FDA-specific benchmarks, a more fundamental concern pervades the food-
safety ML literature: evaluation methodology. The prevailing practice is to split data randomly into
training and test sets, implicitly assuming that test-time instances are drawn from the same distribution
as training data. This assumption is violated when the same reporting entity (e.g., a food manufacturer)
contributes multiple records, because recalls from the same firm share product types, hazard profiles,
and distribution patterns. Recent econometric work has formally demonstrated that naively applying
standard cross-validation to panel data—data with repeated observations of the same entities over
time—Tleads to severely inflated out-of-sample performance [21]. Food recall databases, where the same
firms contribute multiple records across years, constitute precisely such panel structures. Bouzembrak
and Marvin [22] provided early evidence of this issue in their Bayesian network study on RASFF food
fraud, observing that accuracy dropped from 80% on previously seen country—product combinations
to 52% on unseen ones. However, their observation remained incidental rather than systematic.

In clinical ML, the analogous problem—patient-level data leakage—has received extensive atten-
tion. Studies on histopathological image classification [23] and ECG analysis [24] have demonstrated
that failing to segregate data by patient identity inflates reported performance substantially. Kapoor
and Narayanan [25] further provided a comprehensive taxonomy of leakage scenarios across ML-
based science. Yet food-safety research has largely not internalised these lessons: none of the recent
high-performing RASFF studies [13,14] report group-aware or temporal evaluation protocols.

This study addresses the above gaps through four objectives. First, we construct the first compre-
hensive ML benchmark for FDA food recall severity classification, comprising 28,448 records, 1,437
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engineered features, five tuned classifiers, and a rule-based baseline. Second, we design a multi-layer
leakage audit with four splitting strategies (Random, Group-by-firm, Temporal, Group+Temporal), a
firm-mode baseline, and identity-masking experiments to quantify entity-level autocorrelation. Third,
we apply a 2 x 2 factorial design (firm overlap x time overlap) to decompose the contributions of
firm-level memorisation and temporal concept drift. Fourth, based on our findings, we propose
concrete evaluation protocol recommendations for food-safety ML research.

The remainder of this paper is organised as follows. Section 2 reviews related work on food-safety
ML and data leakage. Section 3 describes the data, feature engineering, models, and evaluation
protocols. Section 4 presents results across all evaluation dimensions. Section 5 discusses implications,
practical value, and limitations. Section 6 concludes with recommendations.

2. Related Work
2.1. Machine Learning for Food Safety Prediction

We organise the literature by data source, proceeding from the most to least directly relevant to
our work.

FDA studies.

Despite the scale and public availability of the openFDA database, ML research on FDA food
recalls remains scarce. A ResearchGate preprint [19] applied clustering and basic classification to
openFDA records from 2017-2025 but targeted recall termination status rather than severity. Mulla
and Patel [20] analysed 235 FDA drug recalls (2018-2023) using text analytics, but the limited sample
size and drug-specific scope restrict generalisability to food recalls. To our knowledge, no peer-reviewed
study has addressed Class I/II/III multi-class severity prediction on openFDA food recall data.

EU RASFF studies.

The European RASFF database has attracted considerably more attention. Nogales et al. [13] com-
pared neural (MLP, 1D-CNN) and non-neural (Random Forest, SVM, Boosting) classifiers, achieving
72-89% accuracy using categorical entity embeddings and standard random splitting. Sari et al. [14]
pushed the state of the art to 97.8% accuracy with BERT and RoBERTa models augmented by LIME
and SHAP explanations; a companion study [26] provided a systematic comparison across classical
and Transformer-based architectures. Papadopoulos et al. [15] reported 74% accuracy with MLP and
CNN models on RASFF data. Bouzembrak and Marvin [22] applied Bayesian networks to predict
food fraud types in RASFF, achieving 80% accuracy on previously seen country—product combinations
but only 52% on unseen combinations—an early, though unsystematised, observation of entity-level
generalisation gaps.

A critical commonality across these studies is their reliance on standard random splitting for
evaluation. As we demonstrate in Section 4, entity-level autocorrelation—a structural property of
regulatory databases where the same entities contribute repeated records—can inflate performance
substantially under such protocols.

NLP frontiers in food safety.

Rand] et al. [16] organised the SemEval-2025 shared task on food hazard detection, assembling
6,644 multi-national incident reports for hazard and product category extraction. Top-performing
systems employed BERT, RoBERTa, and large language models, reaching Macro-F1 = 0.82 on coarse-
grained categories. While this work showcases state-of-the-art NLP on food-safety text, it focuses
on information extraction rather than severity prediction and does not engage with the regulatory
classification logic underpinning systems such as the FDA’s three-tier framework. Recent reviews have
further highlighted the growing role of ML in food safety risk assessment [27], though standardised
evaluation protocols remain an open challenge.
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2.2. Data Leakage in Machine Learning Evaluation

Data leakage occurs when information from the test distribution inadvertently enters the training
process, leading to inflated performance estimates [25]. The most relevant variant for our setting is
entity-level leakage, whereby multiple records from the same real-world entity (patient, firm, sensor)
appear in both training and test sets.

In clinical ML, the consequences of entity-level leakage are well documented. Patient-level data
segregation has been shown to substantially affect reported accuracy in histopathological image
classification [23]; similarly, in ECG analysis, leave-source-out cross-validation reveals that standard K-
fold designs overestimate performance on unseen recording sources [24]. Kapoor and Narayanan [25]
provided a broader taxonomy of leakage scenarios, demonstrating that the problem pervades ML-
based science across disciplines including political science, materials science, and genomics.

In food safety, however, entity-level leakage has received almost no systematic attention. Bouzembrak
and Marvin [22] noted the 80%—52% accuracy drop for unseen entity combinations but did not pursue
a decomposition of the phenomenon. The high-performing systems cited above [13,14] do not report
group-aware or temporal evaluation results. This leaves open the question of how much reported
performance in food-safety ML reflects genuine pattern learning versus entity memorisation.

2.3. Summary of Research Gaps

Three gaps motivate the present study. First, no systematic ML benchmark exists for FDA food
recall severity (Class I/1I/1II) prediction. Second, the food-safety ML literature lacks entity-level
leakage audits analogous to those now standard in clinical ML. Third, no prior work has quantitatively
decomposed evaluation bias into firm-level autocorrelation and temporal concept drift. We address all
three gaps with a comprehensive benchmark and a five-layer leakage audit framework.

3. Materials and Methods

3.1. Data Collection and Preprocessing
3.1.1. Data Source

All records were retrieved from the openFDA Food Enforcement API [2], which provides struc-
tured metadata for every FDA food recall event since 2012. The dataset spans 20 June 2012 to
25 February 2025 and contains 28,448 unique enforcement records after removing one duplicate. The
status field was excluded from the feature set to prevent target leakage, as recall status is determined
after severity classification.

3.1.2. Class Distribution

The target variable is the three-level severity classification assigned by the FDA: Class I (12,542
records, 44.1%), Class II (14,250, 50.1%), and Class III (1,656, 5.8%). The pronounced imbalance toward
the minority Class IIl motivated the use of balanced sample weights throughout model training.

Table 1. Dataset summary.

Attribute Value

Source openFDA Food Enforcement API

Time span 2012-06-20 to 2025-02-25

Total records 28,448

Unique firms 4,197

ClassI /11 /11T 12,542 (44.1%) / 14,250 (50.1%) / 1,656 (5.8%)

3.2. Feature Engineering

A 1,437-dimensional feature vector was constructed for each record, comprising three groups:
NLP features, structured features, and temporal features.
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3.2.1. NLP Features (1,392 dimensions)

e  TF-IDF (1,000 d): Term Frequency-Inverse Document Frequency vectors were extracted separately
from the reason_for_recall and product_description fields (500 dimensions each), using
unigrams and bigrams with sublinear term-frequency scaling.

*  Sentence-BERT (384 d): The reason_for_recall text was encoded using the al1-MinilM-L6-v2
model [28] to capture semantic similarity.

¢  Hazard keywords (5 d): Binary indicators for five hazard categories (allergen, pathogen, foreign
material, labelling defect, chemical contamination), derived from keyword dictionary matching
on the recall reason text. These categories reflect the principal hazard classes recognised in
food-safety risk assessment [29]: pathogen contamination carries the highest acute health risk and
is almost synonymous with Class I severity, while allergen and chemical hazards span a wider
severity range depending on the specific agent and exposure level.

e  Text meta-features (3 d): Character length and word count of the recall reason, and character
length of the product description.

3.2.2. Structured Features (40 dimensions)

Structured features include: voluntary/mandated recall status (1 d); distribution scope categories
(5 d, one-hot); number of affected states (1 d); state-group indicators (21 d, grouped by Census region);
product category indicators (11 d, one-hot); and the reporting firm’s historical recall count (1 d),
computed using only temporally preceding records to prevent look-ahead leakage. Product category is
included because different food matrices carry inherently different risk profiles—ready-to-eat products
and those with high water activity are disproportionately associated with pathogen-related Class I
recalls. Distribution scope reflects the public health footprint of a recall: nationwide distribution
amplifies potential exposure and typically correlates with higher severity classification. The firm’s
historical recall count captures systematic food-safety management deficiencies: firms with repeated
recalls often share persistent facility-level hazards such as environmental pathogen harbourage [30].

3.2.3. Temporal Features (5 dimensions)

Five temporal features were derived from the recall report date: report_month, report_quarter,
report_year, response_lag_days (days between the report date and the event initiation date), and
rolling_12m_count (the firm’s recall count in the preceding 12 months).

Table 2. Feature group summary.

Group Dimensions Description

TF-IDF 1,000 Bag-of-words from reason & product text
Sentence-BERT 384 Semantic embedding of recall reason
Hazard keywords 5 Binary hazard-category indicators

Text meta-features 3 Length and word-count statistics
Structured categorical 39 Recall type, scope, state, product category
Firm prior recalls 1 Historical recall count (temporal-safe)
Temporal 5 Date-derived features

Total 1,437

3.3. Model Selection and Training

Five classifiers were evaluated: Logistic Regression (LR), Random Forest (RF), XGBoost [31],
LightGBM [32], and CatBoost [33]. The choice of gradient-boosted tree ensembles as the primary model
family is supported by recent benchmarking evidence showing that tree-based methods consistently
match or outperform deep learning on medium-scale tabular classification tasks [17,18,34,35], and
that XGBoost, LightGBM, and CatBoost achieve near-identical performance when given comparable
hyperparameter budgets [36]. Hyperparameters were tuned with Optuna [37] using the Tree-structured
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Parzen Estimator (TPE) sampler over 20 trials with 3-fold stratified cross-validation. Class imbalance
was addressed through balanced sample weights for all models. GPU acceleration (NVIDIA L4) was
used for the three gradient-boosted tree models. A rule-based baseline that assigns severity based on
hazard keyword presence was included for reference.

3.4. Evaluation Protocol Design

The evaluation protocol is the methodological core of this study. We designed four splitting
strategies, a firm-mode baseline, and an identity-masking experiment to systematically quantify
evaluation bias.

3.4.1. Four Splitting Strategies

Table 3. Evaluation splitting strategies.

Strategy Abbr. Train set Test set Simulates
Random Stratified R Random 80% Random 20% Standard practice
Group (by firm) G Firm set A Firm set B (disjoint) Cross-firm
generalisation
Temporal T <2023 >2024 Future prediction
Group + Temporal GT <2023 >2024, new firms Strictest scenario

Our multi-split design is informed by the panel-data leakage framework of Cerqua et al. [21],
who showed that both cross-sectional and longitudinal dimensions of panel data can independently
introduce leakage. The Random (R) split serves as a reproduction of standard literature practice.
The Group (G) split ensures that no firm appears in both training and test sets, isolating cross-firm
generalisation. The Temporal (T) split uses a fixed cutoff (end of 2023) to simulate prospective
deployment. The Group+Temporal (GT) split combines both constraints, representing the strictest
evaluation scenario.

3.4.2. Bootstrap Robustness

For the R, G, and GT strategies, experiments were repeated with five random seeds (42, 123, 456,
789, 2024) and results are reported as mean =+ standard deviation. The T strategy uses a fixed temporal
cutoff and is therefore deterministic.

3.4.3. Firm-Mode Baseline

A non-ML baseline was constructed by assigning each firm the severity class most frequently
observed in its training-set recalls. For firms absent from the training set, the global majority class
was assigned. This baseline quantifies the upper bound of performance achievable through entity
memorisation alone.

3.4.4. Identity-Masking Experiment

To determine whether leakage operates through explicit company-name tokens in the text features,
all occurrences of firm names in reason_for_recall and product_description were replaced with
the placeholder [FIRM] using dictionary matching. TF-IDF features were then re-extracted from the
masked text, and models were retrained under all four splitting strategies.

3.4.5. 2 x 2 Factorial Decomposition

The four splits form a 2 x 2 factorial design crossing firm overlap (same firms vs. new firms in test)
with temporal overlap (IID vs. future test data). This design enables the decomposition of evaluation
bias into firm-level autocorrelation, temporal concept drift, and their interaction.
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3.5. Interpretability Analysis

In regulatory decision-making contexts, model interpretability is not merely an academic prefer-
ence but a practical requirement for building stakeholder trust [38]. Indeed, Rudin [39] has argued
that high-stakes domains should prioritise inherently interpretable models; when complex models are
necessary, post-hoc explanations become essential. Recent food-safety studies have begun integrating
post-hoc explanation methods such as SHAP and LIME to enhance model transparency [14,40], and
regulatory agencies including the FDA are increasingly attentive to explainability standards [41].

SHAP (SHapley Additive exPlanations) [42] TreeExplainer was applied to the XGBoost model
using a subsample of 500 test instances. Three levels of analysis were conducted: global feature
importance (mean absolute SHAP values across all classes), per-class feature importance (disaggregated
by severity class), and dependence plots for the three most influential features.

3.6. Supplementary Experiments
3.6.1. Feature Ablation

Six configurations were evaluated under the Random split to assess the contribution of each
feature group: Full (all 1,437 features), No NLP (structured + temporal only), NLP Only (1,392 NLP
features), No Temporal (all except temporal features), No SBERT (all except Sentence-BERT), and
No TF-IDF (all except TE-IDF features).

3.6.2. Continuous Learning Simulation

Temporal concept drift—the phenomenon whereby data distributions shift over time [43]—may
degrade models trained on historical data. Three retraining strategies were compared over nine annual
evaluation windows (2018-2026): Static (train on data up to 2017 only), Expanding (train on all data
up to year t — 1), and Sliding (train on the most recent three years). This simulation assesses the
importance of data recency versus volume for maintaining predictive performance under temporal
drift.

4. Results
4.1. Model Performance Under Standard Evaluation

Table 4 presents the performance of all six models under the standard 80/20 random stratified
split. XGBoost achieves the highest Macro-F1 of 0.891, closely followed by LightGBM (0.889) and
CatBoost (0.888). The three gradient-boosted tree ensembles are virtually indistinguishable, suggesting
that model architecture is not the performance bottleneck. Random Forest achieves 0.862, while
Logistic Regression (0.483) falls below even the rule-based baseline (0.502), confirming the non-linear
nature of the classification task.

Table 4. Model performance under 80/20 random stratified split.

Model Accuracy Macro-F1 W-F1 Kappa AUC-OVR
Rule-Based 0.698 0.502 0.675 0.441 —

LR 0.571 0.483 0.599 0.300 0.735
RF 0.907 0.861 0.905 0.828 0.982
XGBoost 0.931 0.891 0.930 0.873 0.988
LightGBM 0.929 0.889 0.928 0.869 0.988
CatBoost 0.925 0.888 0.925 0.863 0.982

W-F1 = Weighted F1. AUC-OVR = One-vs-Rest Area Under the ROC Curve.

Figure 1 visualises the comparison across Accuracy, Macro-F1, and Cohen’s Kappa. The confusion
matrix for XGBoost (Figure 2) reveals strong Class I and II discrimination but notable confusion
involving Class III, consistent with the severe class imbalance (5.8% of records).
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Figure 1. Model comparison under random stratified split: Accuracy, Macro-F1, and Cohen’s Kappa for all six
models.
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Figure 2. Confusion matrix for XGBoost under the 80/20 random split.

An additional binary formulation (Class I vs. rest) yielded AUC = 0.988, indicating that distin-
guishing high-severity recalls from lower-severity ones is highly feasible under random evaluation—a
point revisited in Section 5. The temporal split result for XGBoost (Macro-F1 = 0.578) revealed a

dramatic 0.313-point gap compared to the random split, motivating the systematic leakage audit that
follows.

4.2. Leakage Audit: Systematic Comparison Across Four Splits

Table 5 presents XGBoost performance across the four splitting strategies. The Random split yields
Macro-F1 = 0.891 £ 0.008, while Group, Temporal, and Group+Temporal splits produce 0.556 £ 0.024,
0.578, and 0.570 4= 0.008, respectively. The ~0.32-point chasm between Random and the three leakage-
aware splits is statistically robust: bootstrap confidence intervals do not overlap.
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Table 5. XGBoost performance across four splitting strategies (mean & SD over 5 seeds; Temporal is deterministic).

Split Macro-F1 Balanced Acc. W-F1 Kappa
Random (R) 0.891 £ 0.008 0.866 £+ 0.013 0.928 £ 0.002 0.870 £ 0.004
Group (G) 0.556 4 0.024 0.551 £+ 0.020 0.723 +0.032 0.505 £ 0.061
Temporal (T) 0.578 0.560 0.684 0.434

Group+Temporal (GT) 0.570 £ 0.008 0.550 £ 0.006 0.669 £ 0.006 0.414 £0.011

Data Leakage Audit: 4-Way Split Strategy Comparison (with Bootstrap CI)

[ Macro-F1
1.0 [ Balanced Acc
I Kappa
o1 0.866 0.870
0.8
] 0.578
v 0.6 0.556 0.551 0.560 0370 550
S 0.4os
)
0.434
0.414
0.4
0.2
0.0- T
Random Group Temporal GroupTemporal

Figure 3. Macro-F1 across four evaluation protocols. Error bars denote £1 SD over bootstrap seeds. The
~0.32-point gap between Random and the three leakage-aware splits demonstrates the magnitude of entity-level
inflation.

4.2.1. 2 x 2 Factorial Decomposition

The four splits form a natural 2 x 2 design (Table 6). Removing firm overlap alone (R = G)
reduces Macro-F1 by 0.335; removing temporal continuity alone (R — T) reduces it by 0.313; removing
both (R — GT) reduces it by 0.321. The near-identical floor across G, T, and GT (~0.57) indicates that
the two leakage sources are highly collinear: recalls from the same firm cluster in time, so eliminating
either dimension of overlap suffices to expose the true generalisation level.

Table 6. 2 x 2 factorial decomposition of evaluation bias (Macro-F1).

Same firms (overlap) New firms (disjoint)
IID (random time) 0.891 (R) 0.556 (G)
Future (temporal) 0.578 (T) 0.570 (GT)

4.2.2. Per-Class Breakdown

Table 7 reveals that Class III suffers the most dramatic degradation: recall plummets from 0.714
under Random to 0.094 under Group splitting—a 87% relative decrease. This is expected given that
Class III accounts for only 5.8% of records and is concentrated among a small number of firms, making
it highly susceptible to entity memorisation.
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Table 7. Per-class recall across splitting strategies (XGBoost).
Class Random Group Temporal Group+Temp.
Class I 0.937 0.797 0.789 0.780
Class I 0.947 0.761 0.682 0.672
Class III 0.714 0.094 0.208 0.198

4.2.3. Hazard Type and Severity Class Association

To ground the preceding statistical findings in food-safety domain knowledge, Table 8 presents
the prevalence of each hazard category across the three severity classes.

Table 8. Prevalence of hazard categories by severity class (% of records within each class flagged for the hazard

type).

Hazard type Class I Class II Class III

Pathogen 74.9% 17.3% 2.7%

Allergen 28.4% 37.2% 32.6%

Foreign material 0.3% 14.9% 8.2%

Chemical 1.5% 2.9% 6.5%

Labelling 0.9% 3.1% 8.2%

Hazard Type Prevalence by Recall Classification
0.7
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Figure 4. Hazard category prevalence by severity class. Pathogen-related recalls are overwhelmingly Class I,
while labelling and chemical hazards are more prevalent in Class IIL

Pathogen contamination (Salmonella, Listeria, E. coli) dominates Class I recalls (74.9%), consistent
with FDA guidance that pathogen-related hazards pose the most serious health risk [29]. Undeclared
allergens are distributed more evenly across classes, reflecting the heterogeneous severity of allergen-
related incidents depending on the specific allergen and exposure context [44]. Foreign material,
chemical contaminants, and labelling defects are relatively more common in Class II and III, where
health consequences are typically less severe. This distribution aligns with the broader patterns
documented in recent large-scale analyses of FDA recall records [45,46].

These patterns have direct implications for the leakage audit results: the pathogen — Class I
mapping is largely hazard-intrinsic and therefore transferable across firms, whereas Class III recalls—
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dominated by labelling and GMP violations—are highly firm-specific, explaining why Class III recall
collapses from 0.714 to 0.094 under group splitting (Table 7).

4.3. Firm-Mode Baseline: Quantifying Entity Memorisation

To isolate the contribution of entity identity, we constructed a non-ML firm-mode baseline (Table 9).
Under the Random split, this baseline achieves Macro-F1 = 0.818—only 0.075 below XGBoost’s 0.893.
This implies that 92% (0.818/0.893) of the apparent performance can be attributed to firm-level
memorisation. Under the GT split, firm-mode collapses to 0.226, while XGBoost retains 0.564, yielding
a genuine model increment of 4+-0.339—far larger than the +0.075 observed under Random evaluation.

Table 9. Firm-mode baseline versus XGBoost across four splits (Macro-F1).

Split Firm-Mode XGBoost A (Model increment)
Random (R) 0.818 0.893 +0.075
Group (G) 0.207 0.596 +0.389
Temporal (T) 0.306 0.578 +0.272
Group+Temporal (GT) 0.226 0.564 +0.339

Firm-Mode Baseline vs XGBoost across Split Strategies

Il Firm-Mode Baseline
1.0 1 I XGBoost

0.893

0.8 1

o
)
L

Macro-F1

N
>
L

0.2 1

0.0 -
Random Group Temporal GroupTemporal

Figure 5. Firm-mode baseline versus XGBoost across four evaluation protocols. The narrowing gap under Random
splitting versus the widening gap under stricter protocols reveals the true model increment.

This result has an important implication: the stricter the evaluation, the more the model’s genuine
learning capacity is revealed. Under Random evaluation, the model’s true contribution is obscured by
the ease of entity memorisation.

4.4. Identity Masking: Verifying the Leakage Pathway

Table 10 shows the effect of replacing firm names in the text with [FIRM] tokens before re-
extracting TF-IDF features.

Table 10. Effect of identity masking on Macro-F1 (A = Masked — Original).

Split Original Masked AF1

Random (R) 0.893 0.889 —0.004
Group (G) 0.596 0.596 +0.000
Temporal (T) 0.578 0.593 +0.016
Group+Temporal (GT) 0.564 0.583 +0.019
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All deltas are at most 0.019, indicating that explicit company-name tokens are not the primary
leakage channel. The leakage is structural: firms that repeatedly recall products share product types,
hazard profiles, distribution patterns, and regulatory language that collectively create distinguishable
signatures in the feature space. Under the GT split, masking slightly improves performance (4-0.019),
suggesting that company names act as noise for unseen firms.

Identity Masking: Firm-Name Removal Impact across Split Strategies

Macro-F1: Original vs Masked Class Il (label=2) Recall: Original vs Masked

== Original == Original
1.0 = Masked 1.0 = Masked

0.893  0.889

0.8 0.8

0.713 g cog

0.596  0.596 o578 _0-593
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o
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0.2 0.2 0.186
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0.0 0.0
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Figure 6. Identity-masking experiment: Macro-F1 comparison between original and masked text features across
four splits.

4.5. SHAP Interpretability Analysis

SHAP TreeExplainer was applied to the XGBoost model trained under the Random split. Figure 7
presents the top-20 features by global mean absolute SHAP value. Hazard keywords (pathogen,
allergen) and TF-IDF terms related to undeclared allergens and microbial contamination dominate,
aligning with the regulatory logic that pathogen-related recalls are predominantly classified as Class 1.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0343.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 March 2026 doi:10.20944/preprints202603.0343.v1

13 of 20
SHAP Global Feature Importance - XGBoost
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Figure 7. SHAP global feature importance: top 20 features by mean |SHAP| value.

SHAP Per-Class Feature Importance - XGBoost
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Figure 8. SHAP per-class feature importance for Class I, II, and III.

Per-class analysis (Figure 8) reveals distinct feature profiles: Class I is driven by pathogen and
allergen indicators; Class II by labelling and manufacturing-process terms; and Class III shows
weaker, more diffuse signals. Notably, firm_prior_recalls ranks among the global top-10 features,
confirming that the model leverages firm history—a finding consistent with the firm-mode baseline
results in Section 4.3.
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Figure 9. SHAP dependence plots for the top three features.

4.6. Feature Ablation

Table 11 reports ablation results under the Random split. Removing all NLP features reduces
Macro-F1 by only 0.067, while NLP-only features achieve 0.890—nearly identical to the full model.
Temporal features contribute negligibly (A = —0.002). These results should be interpreted cautiously:
under Random splitting, the structured features (40 dimensions) suffice to achieve 0.821, largely
because they capture firm-level patterns that the random split fails to exclude.

Table 11. Feature ablation results under random split (XGBoost Macro-F1).

Configuration Macro-F1 AF1

Full (1,437 d) 0.888 —

No NLP (45 d) 0.821 —0.067
NLP Only (1,392 d) 0.889 +0.002
No Temporal (1,432 d) 0.886 —0.002
No SBERT (1,053 d) 0.883 —0.005
No TF-IDF (437 d) 0.885 —0.003
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Figure 10. Feature ablation comparison (Macro-F1 under random split).

4.7. Continuous Learning Simulation

Figure 11 presents the Macro-F1 trajectory across nine annual windows for three retraining
strategies. Expanding-window training (mean F1 = 0.578) consistently outperforms both static (0.517)
and sliding (0.547) approaches. The advantage of expanding over sliding suggests that data volume
matters more than temporal recency, likely because the rare Class III requires a large data pool to
achieve adequate representation. This is consistent with the leakage audit’s finding that temporal
concept drift is modest relative to entity-level effects.
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Mitigating Concept Drift via Continuous Learning (XGBoost)

Macro-F1: Static vs. Expanding vs. Sliding Window Strategy Comparison (Mean across years)
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Figure 11. Continuous learning simulation: annual Macro-F1 for three retraining strategies (2018-2026).

A further challenge not captured by this simulation is the emergence of novel hazard types
absent from historical training data—such as the muscimol-containing mushroom products and lead-
contaminated cinnamon incidents that prompted major recalls in 2024 [46]. Such distributional shifts
represent a harder form of concept drift than the gradual temporal trends modelled here, and suggest
that operational deployment would benefit from anomaly detection or human-in-the-loop mechanisms
for out-of-distribution hazards.

5. Discussion
5.1. Significance of Core Findings

The central finding of this study is that standard random splitting inflates Macro-F1 by approxi-
mately 0.32 points on the FDA food recall severity prediction task. This inflation is not a modelling
artefact but a structural property of regulatory databases in which repeated entities (firms) contribute
clusters of similar records.

Our results extend and systematise the early observation by Bouzembrak and Marvin [22], who
reported an accuracy drop from 80% to 52% for unseen country—product combinations in RASFF food
fraud prediction. While their finding remained incidental—noted but not decomposed—our study
(1) applies the same logic to a different regulatory database (FDA), (2) decomposes the performance
inflation into firm-level autocorrelation and temporal concept drift via a 2 x 2 factorial design, and
(3) demonstrates their high collinearity, showing that removing either source of overlap suffices to
reveal the true generalisation floor. Our 2 x 2 factorial decomposition empirically confirms, in a
food safety context, the theoretical predictions of Cerqua et al. [21]: neglecting the panel structure of
regulatory databases leads to substantial performance inflation.

This finding has direct implications for the interpretation of existing high-performing systems
on food-safety databases. Nogales et al. [13] reported 72-89% accuracy on RASFF, and Sari et al. [14]
achieved 97.8% accuracy, both using standard random splitting. We do not claim that these results are
invalid, but our leakage audit demonstrates that entity-level autocorrelation—a structural property
shared across regulatory recall databases—can substantially inflate reported performance. We recom-
mend that these results be re-evaluated under group-aware or temporal protocols to establish reliable
generalisation baselines.

The parallel with other domains reinforces this point. Patient-level data segregation is now
considered essential in medical image analysis [23], subject-level leakage has been shown to drastically
inflate prediction performance in connectome-based neuroimaging [47], and leave-source-out designs
reduce apparent performance in ECG classification [24]. Kapoor and Narayanan [25] and Cerqua
et al. [21] documented that data leakage affects reproducibility across multiple scientific domains.
Our study extends this evidence to food safety—a domain where the issue has received almost no
systematic attention.

The practical consequences of evaluation bias extend beyond academic metrics. If a model trained
under entity-leaked conditions misclassifies a Class I event as Class I1I, the resulting delay in public
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notification and resource deployment could amplify the economic and health toll. Individual Class I
recalls in the low-moisture food sector have been associated with median market capitalisation losses
of $243 million [7], and supply-chain disruption from a single contamination event can persist for
months [8]. International evidence further confirms that food recall announcements trigger significant
investor penalties [48]. Against a national backdrop where foodborne illness costs an estimated
$75 billion annually [4] and federal oversight remains fragmented [49], the distinction between genuine
and inflated model performance is not merely methodological but consequential for public health
resource allocation.

5.2. The True Value of ML Models

The Group+Temporal Macro-F1 of ~0.57 should not be viewed with undue pessimism. Under
this strictest evaluation, XGBoost still exceeds the firm-mode baseline by 0.339 points (Table 9),
indicating that the model captures genuine patterns beyond entity identity—including hazard-severity
associations, product-category signals, and temporal trends.

The binary formulation (Class I versus rest) achieved AUC = 0.988 under random evaluation,
suggesting strong practical utility for a simpler “is this recall severe?” triage decision. However, this
binary result requires re-validation under group-aware protocols before operational conclusions can
be drawn.

The ablation experiment (Section 4.6) reveals that structured features alone (45 dimensions)
achieve Macro-F1 = 0.821 under the Random split, while removing NLP features causes only a 0.067-
point reduction. This finding should be interpreted carefully: under random evaluation, structured
features largely capture firm-level patterns. The more informative question—how each feature group
performs under GT evaluation—is left for future work, but would clarify which features drive genuine
cross-firm generalisation versus entity memorisation.

The hazard-type analysis (Table 8) provides a domain-grounded explanation for these patterns.
The pathogen — Class I association is a hazard-intrinsic regularity: regardless of the producing firm,
Salmonella or Listeria contamination poses a severe health risk and is classified accordingly [29]. This
mapping is therefore relatively transferable across firms, explaining why Class I recall degrades least
under group splitting (from 0.937 to 0.797). By contrast, undeclared-allergen recalls span all three
severity classes depending on the specific allergen, its concentration, and whether it triggered adverse
events [44], making allergen severity more context-dependent and harder to predict for unseen firms.
Class III recalls—predominantly labelling defects and GMP violations—are the most firm-specific:
each company’s compliance failures reflect its unique production processes, facility conditions, and
quality management systems. This explains the catastrophic Class III recall collapse (0.714 — 0.094)
under group splitting, as the model can no longer rely on firm-specific signatures to identify these
low-severity patterns.

For practical deployment, our results suggest two actionable insights. First, the Expanding retrain-
ing strategy outperforms both Static and Sliding approaches in the continuous learning simulation,
indicating that historical data volume matters more than recency for rare-class prediction. Second,
at early stages of a recall event—when detailed narrative text may not yet be available—structured
features alone provide a viable initial risk signal, though cross-firm generalisation remains the funda-
mental bottleneck. From a food-science perspective, the firm-level memorisation phenomenon reflects
a structural reality of food production: a firm’s recall profile is largely determined by its product
portfolio, manufacturing processes, facility sanitation regime, and supply-chain structure [30]. A dairy
processor with persistent Listeria environmental contamination will generate repeated Class I recalls,
while a confectionery firm with labelling compliance gaps will produce recurring Class III events. The
model’s ability to “memorise” these patterns is therefore not merely a statistical artefact but a reflection
of genuine production-system determinism—one that, however, does not generalise to firms outside
the training set. These findings align with the FDA’s strategic vision of leveraging predictive analytics
for faster, more targeted food safety interventions [9].
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5.3. Evaluation Protocol Recommendations

Based on our findings, we propose three concrete recommendations for food-safety ML research.
First, studies should report results under at least two evaluation protocols: a standard random split
(for comparability with existing literature) and a group-aware or temporal split (for generalisation
validity); the gap between protocols is itself an informative diagnostic. Second, authors should
disclose the degree of entity overlap between training and test sets (e.g., “X out of Y firms appear
in both train and test”). This single statistic helps readers assess the risk of entity-level inflation
without requiring full replication. Third, a simple non-ML entity-prior baseline—assigning each
entity its historically most frequent class—should be included to provide a lower bound for the
contribution of entity memorisation. If a complex model does not substantially exceed this baseline
under random evaluation, entity-level leakage is likely driving the results. These recommendations are
neither expensive nor disruptive: group-aware splitting requires only an entity identifier (universally
available in regulatory databases), and the entity-prior baseline can be computed in a few lines
of code. We further recommend that models deployed in regulatory settings be accompanied by
post-hoc interpretability analyses. As the broader XAl literature emphasises [38,41], transparency in
model predictions is essential for regulatory trust—particularly in food safety, where SHAP-based
explanations have already been shown to provide actionable insights [14,40].

5.4. Limitations

We acknowledge several limitations. First, feature ablation was conducted solely under the
Random protocol; the relative importance of feature groups may differ under group-aware evaluation,
where entity-specific signals are unavailable. Second, the reason_for_recall field is written after
the severity classification is known and may embed classification rationale, making the task partly
retrospective. However, removing all NLP features still yields Macro-F1 = 0.821 under Random
splitting, suggesting that structured features carry independent predictive value. Third, only XGBoost
was used for the multi-split audit. Given that the three boosting models differed by less than 0.003
under Random evaluation, we consider XGBoost representative, but cross-model validation would
strengthen the conclusions. Fourth, text masking replaced only firm names; brand names, addresses,
and other indirect identifiers were not masked, and more aggressive anonymisation might further
reduce residual entity leakage. Fifth, Sentence-BERT embeddings were generated with the general-
purpose all-MiniLM-L6-v2 model without domain-specific fine-tuning, which may underestimate
the potential of semantic features for food-safety text.

6. Conclusions

This study constructed the first comprehensive machine learning benchmark for FDA food recall
severity classification (Class I/II/III), comprising 28,448 openFDA enforcement records (2012-2025), a
1,437-dimensional feature space combining TF-IDF, Sentence-BERT, structured, and temporal features,
and five tuned classifiers evaluated under four distinct splitting protocols.

Our multi-layer leakage audit reveals that the standard random-split Macro-F1 of 0.89 is inflated
by approximately 0.32 points due to entity-level autocorrelation. Under group-aware, temporal, and
combined splitting, true generalisation performance converges to approximately 0.57. A firm-mode
baseline achieves 0.82 under random evaluation, demonstrating that 92% of apparent performance
stems from entity memorisation. A 2 x 2 factorial decomposition shows that firm overlap and temporal
continuity are highly collinear—removing either suffices to expose the true performance floor. Identity-
masking experiments confirm that the leakage is structural rather than attributable to explicit name
tokens. Despite these sobering findings, XGBoost still exceeds the firm-mode baseline by 0.339 under
the strictest evaluation, indicating genuine learned patterns beyond entity identity.

We recommend that food-safety ML studies (1) report results under both random and group-
aware or temporal evaluation protocols, (2) disclose entity-overlap statistics between training and
test sets, and (3) include entity-prior baselines to contextualise model performance. These measures
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are computationally inexpensive and can be adopted with minimal disruption to existing research
workflows. Future work should extend the leakage audit to other food-safety databases (e.g., EU
RASFF), conduct feature ablation under group-aware splits, and explore domain-adapted language
models for food-safety text classification.

Author Contributions: Conceptualisation, PL. and J.-S.T.; methodology, P.L. and J.-5.T.; software, PL. and J.-S.T.;
validation, PL. and J.-5.T.; formal analysis, PL. and J.-S.T.; investigation, PL. and J.-S.T.; data curation, P.L.
and ].-S5.T.; writing—original draft preparation, PL. and ].-5.T.; writing—review and editing, P.L. and J.-S5.T,;
visualisation, P.L. and J.-S.T. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All data used in this study were retrieved from the openFDA Food Enforcement
API (https:/ /open.fda.gov /apis/food /enforcement/), which is publicly accessible. The analysis code is available
from the corresponding author upon reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

FDA U.S. Food and Drug Administration

ML Machine Learning

NLP Natural Language Processing

SHAP  SHapley Additive exPlanations

SBERT  Sentence-BERT

TF-IDF  Term Frequency-Inverse Document Frequency
RASFF  Rapid Alert System for Food and Feed

AUC Area Under the Curve

ROC Receiver Operating Characteristic

TPE Tree-structured Parzen Estimator
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