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Despite the growing scale of untargeted food metabolomics, scalable approaches for translating raw
LC-MS profiles into functionally prioritized, experimentally testable candidates remain limited. Most
detected features remain structurally unresolved, and the few that are annotated cannot be reliably
connected to whole-food biological activity through additive models alone. Here we present a multi-
layer prioritization framework that addresses this bottleneck across 322 commonly consumed foods
in the United States, comprising 30,343 small molecules. A retention-index model (R² = 0.95,
PCC = 0.97) expanded putative structural coverage from 7.4% to over 78% of detected features,
assigning confidence-tiered structural proxies through formula-constrained matching against 11.8
million PubChem compounds. A two-stage large languagemodel workflow harmonized 39,158 assay
protocols spanning 119,633 chemical-assay measurements from ChEMBL into standardized
bioactivity classes, enabling compound-level evidence to bepropagated across the foodcomposition
space. The framework was applied to antioxidant activity as a primary, well-characterized endpoint
while additional bioactivity domains (anti-inflammatory, anticancer, antidiabetic, antiviral, and
antibacterial effects) were incorporated as compound-level evidence layers to support metabolite
prioritization. Integrating concentration-aware activitymappingwith amachine learningmodel trained
on whole-food antioxidant measurements yielded strong predictive performance (R² = 0.73,
PCC = 0.85) and prioritized metabolites most strongly associated with model-predicted food-level
antioxidant capacity via SHAP attribution. Structure-based analysis using Boltz-2 against the
antioxidant sensor provided a final mechanistic triage layer, distinguishing high-priority candidates
from lower-ranked compounds. Applied across 322 foods, this funnel reduces tens of thousands of
untargeted LC-MS features to a confidence-ranked shortlist for targeted wet-lab validation and
provides a generalizable strategy for translating foodmetabolomics into biologically interpretable and
actionable hypotheses. This framework establishes a scalable foundation for transforming food
composition data into actionable biological insight, advancing the integration of food, health, and data
science.More broadly, these results highlight limitations of traditional nutrient-centric frameworks and
support a shift towardmodelingmolecular patterns andcompositional signatures tobetter capture the
functional properties of foods.
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The health and nutritional value of food extends far beyond macro- and
micronutrients to a vast “dark matter” of thousands of metabolites that
influence human health through diverse biological pathways1–3. Many of
these metabolites have been directly linked to human health effects and
frequently display a range of bioactivities measurable by in vitro and in vivo
bioassays4. However, characterizing the bioactivity of these compounds
across the global food supply remains a significant challenge due to the
sparsity of comprehensive and standardized metabolomics data and the
fragmentation of experimental results across studies. Traditionally, the
health-relevant chemistry of foods has been characterized either by targeted
quantification of a small, pre-selected panel of known nutrients or marker
compounds, or by applying single bulk antioxidant assays (e.g., FRAP,
DPPH, ABTS, or ORAC) to whole-food extracts. While valuable, such
approaches probe only a limited fraction of food chemical space, rarely scale
across the diversity of the global food supply, and largely overlook the
thousands of uncharacterized small molecules that untargeted metabo-
lomics now routinely detects.While the bioactive properties of hundreds of
thousands of individual isolated compounds are well-documented in
pharmacological databases such as ChEMBL5,6, comparable whole-food
data remain rare because standardized measurement frameworks are lim-
ited. Furthermore, simply cataloging the presence of bioactive compounds
within a food matrix is insufficient to infer the bioactivity of the food as a
whole or within diets. Moreover, because biological effects are concentra-
tion-dependent, themere presence of a compound is uninformativewithout
an estimate of howmuch of it is present. Complex chemical interactions—
including synergistic and antagonistic matrix effects—lead to highly non-
linear functional outcomes that cannot be captured by simple additive
models7,8.

Recent advances in foodmetabolomics, particularlyThe Periodic Table
of Food Initiative (PTFI)9,10 standardizeduntargetedmetabolomics based on
liquid chromatography-mass spectrometry (LC-MS), offer an unprece-
dented, high-resolution view of food composition2,11. Yet, the sheer volume
and dimensionality of these data—typically comprising thousands of

unique metabolic features across hundreds of food items—necessitate
sophisticated computational tools for meaningful analysis. Inter-food ana-
lysis is further complicated because many structurally complex metabolites
are unique to only a handful of foods. To overcome this, comprehensive
knowledge graphs like FoodAtlas1 can be utilized to contextualize these
high-resolution compositional profiles, mapping known chemicals to spe-
cific dietary sources and biological networks. Despite these informatic
advances, there remains a critical gap: there is currently no scalable com-
putational framework capable of translating these complex, whole-food LC-
MS profiles into standardized, predictive bioactivity rankings. Historically,
literature-mining efforts in this domain have been largely restricted to iso-
lated antioxidant assays, leaving the functional potential of the broader food
metabolome largely uncharacterized.

In this study, we bridge the gap between compositional metabolomics,
predictive machine learning, and structure-aware bioactivity prioritization
to systematically profile the functional potential of the food supply. Speci-
fically, we address a fundamental informatic bottleneck: how to reduce
thousands of untargeted food LC-MS features into a tractable set of biolo-
gically prioritized candidates. To achieve this, we developed amulti-layered
computational framework (Fig. 1). First, we utilized Retention Index (RI)-
guided structural narrowing to assign high-, medium-, and low-confidence
structural proxies to previously unidentified metabolomic features. As a
central intermediate step, we then converted relative LC-MS intensities into
estimated concentrations by anchoring detected features to compound
concentrations curated in FoodAtlas, enabling concentration-aware rather
than presence/absence-based downstream analysis. Second, we deployed a
novel, hierarchical Large Language Model (LLM) workflow to harmonize
heterogeneous in vitro assay data from ChEMBL into standardized bioac-
tivity classes, culminating in a standardized evidence layer that links
compound-level assay activity to food composition data for downstream
food and metabolite prioritization. Third, leveraging this foundational
dataset, we introduce a non-linear machine learning pipeline capable of
predicting whole-food bioactivities directly from complex metabolomic

Fig. 1 | Integrated computational framework for large-scale food bioactivity
prediction and profiling. A Integrated Data Inputs & Foundation: The pipeline
merges high-resolution food composition data, comprising 30,343 small-molecules
fromdatabases such as PTFI via LC-MS and FoodAtlas via Literature, with extensive
empirical bioassay records encompassing 39,158 assays. B Profiling Framework &
Predictive Modeling: Raw assay descriptions were harmonized into standardized
bioactivity classes using a two-stage large languagemodel workflow,while retention-
index-guided structural narrowing was used to assign confidence-tiered structural

proxies to previously unidentified LC-MS features. A whole-food bioactivity pre-
dictor with antioxidant-ranking component was then used to prioritize metabolites
and foods for downstream follow-up. CMultidimensional Mapping & Application:
The resulting framework generates a multidimensional Food Bioactivity Atlas that
supports metabolomic clustering, compound-evidence-guided food prioritization,
and shortlist generation for known (e.g., quercetin) and previously unresolved
metabolites (e.g., C47H72O10-629), which can then be triaged by structure-based
analysis for targeted validation.
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profiles, successfully capturing synergistic and antagonistic matrix-level
interaction effects. We integrated three model-guided ranking layers to
prioritize metabolites and foods for downstream follow-up. We then use
Boltz-2 analysis against the KEAP1 Kelch domain12,13 as a mechanistic case
study to further refine shortlisted candidates. We limited whole-food
supervised prediction to antioxidant capacity measured by the Ferric
Reducing Antioxidant Power (FRAP) assay, while other bioactivity cate-
gories are used as compound-level evidence layers for prioritization rather
than food-level prediction targets. By applying this framework, we convert
food metabolomic dark matter into confidence-ranked, testable molecules
for wet-lab validation and functional food discovery. Importantly, unlike
pharmacological systems that focus on isolated compounds, foods represent
complex, multi-component mixtures where exposure, matrix interactions,
and co-occurrence fundamentally shape biological outcomes, requiring a
distinct analytical framework. The ability toperform this analysis is critically
enabled by standardized metabolomics protocols, which ensure cross-
sample comparability and allow models to generalize across foods and
datasets. Together, this work establishes a scalable approach for translating
high-dimensional food metabolomics into functional insight, enabling
systematic prioritization of bioactive compounds and advancing our ability
to link food composition to biological outcomes.

Results
Metabolite-based food clusters reveal unexpected similarities
between disparate foods
The food metabolome was highly sparse and food-specific: of the 27,713
detected features, 44%were unique to a single food, and 85%were present in
five foods or fewer, highlighting the extent ofmolecular heterogeneity across
the dataset. HDBSCAN identified 4 clusters as well as 52 foods that were
identified as outliers, or not belonging to any cluster (Fig. 2 and Table 1).
These clusters aligned remarkably well with traditional food groups
including fruits and vegetables; meat, dairy, and high-protein foods; whole
grains, seeds, and nuts; and processed or compound foods (Chi-
squared = 4.86−37), yet the chemical “fingerprints” of certain foods revealed
surprising deviations from their culinary labels. Cluster 1 was significantly
overrepresented by unclassified foods (no matching FoodOn ID), which in
this dataset were primarily compound or processed foods rather than raw
ingredients. Consistent with this interpretation, Cluster 1 was enriched for
food-derived small molecules associated with processing or external
material inputs. One notable example was N-Phenyl-1-naphthylamine, an
antioxidantwidelyused in rubber and industrialmaterials14 that canmigrate
into foods from processing equipment or packaging15, and it was one of the
key features found in Cluster 1 (a food-contact migrant rather than an
endogenous metabolite). Its presence helps distinguish this cluster from
minimally processed foods and suggests that, in addition to intrinsic food
chemistry, post-harvest handling and processing environments can mea-
surably shape food metabolomic profiles. Cluster 2 was significantly over-
represented by fruits and vegetables and underrepresented by unclassified
foods. Cluster 3 was overrepresented by dairy food products, and Cluster 4
largely consisted of foods in the “plant seed or nut” category Supplementary
Fig. 2). Key metabolites for each cluster as well as a full food map can be
found in Fig. 2.

Although many food items clustered predictably, there were some
notable exceptions, such as white rice and wild rice. While wild rice was
clustered together with other seeds and grains, white rice was clustered with
more processed foods. Indeed, when examining the metabolomic profile of
these two rice varieties, only 33 unique metabolites were identified in white
rice, whereas 411 were identified in wild rice. Of these, only 11 were shared
between the two foods, and of those 11, wild rice generally had 2-6x higher
relative abundance. This pattern is consistent with the retention of bran/
husk-associated secondary metabolites in less-polished wild rice16 and the
depletion of these compounds during white-rice polishing17, although
species differences between Oryza sativa and Zizania also contribute.
Another interesting case was xanthan gum, a food additive derived from
sugars fermented by the bacteria Xanthomonas campestris18. Despite the

differences in food origin, xanthan gum was clustered with nuts and seeds.
When compared to walnuts, 33 shared metabolites were identified, all at
very similar relative abundances. Based on compound-level assay evidence
from the harmonized ChEMBL-derived bioactivity layer, these shared
metabolites are also associated with similar documented bioactiv-
ities (Fig. 2B).

Retention-index prediction substantially increases putative
structural coverage of the metabolome
Across 27,713 detected features, only 2038 (7.4%) possessed confirmed
structural identities, leaving 25,675 unidentified features without database-
resolved structures. To bridge this structural gap, we trained a Gradient
Boosting regression model with the full 2432-dimensional descriptor set
directly on PTFI-measured retention indices, achieving robust predictive
accuracy on a held-out test set (R² = 0.95, MAE = 16.8 RI units, Pearson
r = 0.97; Supplementary Fig. 5). This native-platform model outperformed
transfer learning from external reversed-phase databases (R² = 0.89), con-
sistent with the benefit of eliminating chromatographic domain shift when
sufficient platform-specific training data are available.

Applying the model to PubChem enabled formula-constrained near-
est-neighbor matching in RI space for all 25,675 previously unidentified
features. This pipeline yielded 15,593 High-confidence assignments, 4046
Medium-confidence assignments, and 6,036 Low-confidence putative
annotations (SupplementaryData 1). These RI-guided assignments provide
scalable, structure-resolved identifiers suitable for downstream aggregation
(e.g., enabling reliable linkage to ChEMBL bioactivity data and improving
the accuracy of food-level bioactivity predictions), while remaining expli-
citly probabilistic and requiring orthogonal confirmation (e.g., MS/MS or
standards) for definitive identification. In practical terms, this step reduces a
largely unannotated LC-MS feature space into confidence-tiered candidates
that can be ranked for biological follow-up.

Quantitative estimation anchored to FoodAtlas values further allowed
conversion of relative LC-MS intensities into biologically meaningful molar
concentrations for downstream modeling. Because concentration harmo-
nization is a critical source of uncertainty, we explicitly characterized the
conversion-factor (CF) step (Supplementary Fig. 6).

The resulting conversion factors span roughly seven orders of mag-
nitude, which motivates modeling them on a log scale. Under leave-one-
compound-out cross-validation, the Tanimoto-weighted k-nearest-
neighbor imputation achieved an RMSE of 1.26 on the log10 scale, corre-
sponding to an approximately 18-fold mean error factor. Critically, this
error is not uniform across chemical space: it is concentrated among
compounds that are structurally distant from the polyphenol-enriched
anchor set, whereas for compounds possessing a close structural analog
among the anchors (Tanimoto similarity ≥ 0.5) the error falls to roughly an
11-fold factor (RMSE = 1.06). ANaringeninmulti-foodmetabolite example
(Supplementary Table 1) in which grapefruit and lime cell-level CFs differ
by 1.81-fold, illustrates the compound-level median CF assumption for a
stable anchor. Thus, the CF layer supports approximate concentration-
aware ranking but should not be interpreted as validated absolute
quantification.

To assess whether CF uncertainty propagated into the downstream
bioactivity layer, Monte Carlo perturbation of log10CF values showed
moderate stability for food-level FRAP rankings (median Spearman rho =
0.90, across 100 iterations) and stronger stability for SHAP-ranked meta-
bolite candidates (median Spearman rho = 0.94). These results support the
use of theBPMas aprioritization layerwhile reinforcing that food ranking is
more sensitive to CF uncertainty than candidate nomination (Supple-
mentary Fig. 6).

Full metabolomics resolution improves machine learning pre-
diction of whole-food antioxidant activity
We constructed a Bioactivity Prediction Model (BPM) (Supplementary
Fig. 7) by integrating the complete PTFI (27,713) and FoodAtlas (3,610)
small-molecule profiles, yielding 30,343 small-molecule and elemental
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Fig. 2 | Food metabolomics composition map. A A t-SNE projection mapping the
metabolomic composition of various foods, color-coded by food category. Clusters
are strongly associated with food categories (Chi-squared = 4.86−37). Corresponding
radar charts (right) display the aggregate bioactivity profiles for each cluster, high-
lighting group-level functional trends, while descriptive panels detail the defining

primary food groups, predicted bioactivities, and key driving metabolites. B A tar-
geted comparative analysis between a whole food (Walnut) and a common food
additive (Xanthan Gum). The bar graph (left) quantifies the relative abundance of
their top 15 shared metabolites, and the accompanying radar chart (right) shows
overall bioactivity profiles.
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features across 322 foods, with whole-food FRAP measurements as the
supervised antioxidant endpoint. Using only the 3610 small molecules with
experimentally measured absolute concentrations from FoodAtlas pro-
duced suboptimal performance (R² = 0.52). In contrast, using all small
molecules (FoodAtlas and PTFI, the full 30,343 high-resolution profile,
including the additional small-molecule whose concentrations were
imputed via structural similarity) gave the best results (Fig. 3). This higher-

resolution approach provides a broader compositional representation of
whole-food antioxidant prediction by capturing subtle contributions from
trace, untargeted, and structurally imputed compounds that would other-
wise be missed.

Among the eleven machine learning algorithms evaluated, the Ran-
dom Forest regressor demonstrated superior performance (Supplementary
Fig. 8), likely due to its ability tomodel the complex, non-linear interactions

Table 1 | Compositional and metabolite-evidence signatures of food clusters

Cluster (ID) Representative foods Key Metabolites Leading Bioactivity effect References

Processed and
compound foods

Burger, Baked Samosa,
Turnip

5-Methylthioadenosine, Moupinamide Anti-inflammatory 25–27

Fruits and vegetables Lemon, Cherry, Soy, Ginger 1-O-Feruloyl glucose, (S)-Abscisic acid, Thymidine Anticancer, Antidiabetic 28–30

Meat, dairy, and high
protein foods

Shrimp, Goat cheese Palmitoylethanolamide, uberonic acid glucoside, Stearoyl
ethanolamide

Antiviral, Cardioprotective 31–34

Whole grains, seeds, nuts Walnut, Xanthan gum Gingerglycolipid B, Xanthohumol, L-Tryptophan, Linoleoyl
ethanolamide

Antibacterial, Antiviral 22–24

Table showing the key chemicals and bioactivity impact of each cluster, with supporting references.

Fig. 3 | Compound coverage, metabolite-evidence landscape, and predictive
model performance. A Composition of the small-molecule dataset used in the
workflow, showing contributions from PTFI (27,713), FoodAtlas (3610), and their
overlap (980), together with annotation-confidence strata for identified and RI-
guided structurally narrowed features. B Aggregate compound-level bioactivity
evidence for representative well-characterized metabolites, summarizing potency

(color) and evidence count (number) across curated assay categories.C,DPredictive
performance (R²) and RootMean Square Error (RMSE) of the RandomForest FRAP
antioxidant model evaluated across different feature subsets. The combined inte-
gration of datasets (PTFI+ FA) achieves the highest correlation, significantly out-
performing isolated or unidentified subsets (P < 10⁻⁷).

https://doi.org/10.1038/s41538-026-01066-1 Article

npj Science of Food Article in Press

www.nature.com/npjscifood


—both synergistic and antagonistic—among the myriad compounds pre-
sent in the food matrix. Under repeated random subsampling validation
(100 bootstrap iterations, 80/20 train/test split, 5-fold CV), the model
explained 73% of the variance in experimental FRAP values (R² = 0.73,
RMSE = 0.43) with a Pearson correlation coefficient of 0.85 (p = 2.7 × 10−15)
between predicted and observed antioxidant capacity. Residual analysis
showed no systematic bias (r = 0.02) (Supplementary Fig. 9). A preliminary
model relying solely on the sum of all food small-molecule activity loads,
without machine learning, was uninformative (Supplementary Fig. 10).
BeyondreproducingknownFRAPmeasurements, theBPMgeneralizeswell
to foods lacking experimental data. Figure 4 presents a food bioactivity
wheel highlighting the top foods across multiple categories, including the
highest-ranked foods for predicted antioxidant capacity, demonstrating the
framework’s utility for rapid in silico screening of antioxidant potential
across the food landscape.

Chemical bioactivities are log-normally distributed
The distribution of bioactivity scores per chemical is generally best fit by a
log-normal distribution. Of 13 bioactivities tested, 11 were best fit by a log-
normal distribution, albeit with the outlying 2 only containing 31 and 10
samples, respectively. Candidate distributions included log-normal,
gamma, Weibull, truncated normal, and uniform. The Kolmogorov-
Smirnov (K-S) test was used to determine the best fit. Of the bioactivities
containing 300 or more samples, K-S distance was less than 0.1 in all cases,
and of those containing 100 or more samples, K-S distance was 0.15 or less.
Furthermore, the standard deviations and means of each bioactivity occu-
pied tight ranges (Supplementary Fig. 3).

Structure-based triage of food-derived candidates against the
KEAP1 sensor
For the subset of prioritized metabolites with structure-level representa-
tions, we applied Boltz-2 against the KEAP1 Kelch domain as a secondary
mechanistic filter following RI-guided structural narrowing and model-
based ranking to generate putative target engagement hypotheses (Fig. 5).
The model successfully differentiated between baseline controls. The posi-
tive control, Pterostilbene, achieved high binder probability (0.82) and
structural confidence (0.87), with a favorable predicted affinity-like score
(bIC50 ¼ 1.4). The negative control, Glucose, was accurately classified as
inactive, exhibiting a low binder probability (0.14), a bIC50 of 3.4, and a
structural confidence of 0.86. When evaluating food-derived metabolites
that lacked prior KEAP1 antioxidant-related assay records, Quercetin—
selected by the predictive model as an important feature—demonstrated
favorable bindingmetrics with an affinity probability of 0.66, a bIC50 of 1.5,
and a confidence score of 0.87. Conversely, Oleic Acid, which the model
identified as a non-important feature, yielded an inactive probability of 0.28,
a bIC50 of 2.7, and a confidence score of 0.88.

Importantly, thisfiltering stepwas alsouseful for previouslyunresolved
metabolites carried forward from the RI-guided narrowing stage. For
example, feature PTF42551 (formula C₉H₈O₃, RI = 181)—narrowed by the
RI-guided stage to candidate CID 163747858 (InChIKey LNKXPO-
SAFDLORF-UHFFFAOYSA-N)–produced a binder probability of 0.76,
bIC50 = 1.62, and structural confidence of 0.86, despite lacking prior
KEAP1- or NRF2-related assay records in our curated evidence set. In the
context of the fullworkflow, this illustrates the practical role of the structure-
based layer: not to prove mechanism, but to reduce a large set of compo-
sitionally important and structurally plausible candidates into a smaller set
of molecules that are more compelling for targeted experimental follow-up.

Amulti-layer prioritization funnel reduces untargetedmetabolite
features to a shortlist for mechanistic testing
Taken together, the structural, assay-curation, and model-ranking layers
define a practical prioritization funnel from untargeted metabolomics to
testable hypotheses. Of the 27,713 PTFI detected features, only 2038 pos-
sessed confirmed structural identities, whereas 25,675 initially lacked
database-resolved structures. RI-guided matching expanded this space,

enabling provisional linkage of amuch larger fraction of themetabolome to
compound-level chemical space. These structurally narrowed candidates
were then contextualized using thousands of LLM-harmonized ChEMBL
assays and ranked using the antioxidant scoring and model-attribution
framework. The global and local impact of individual small-molecule and
elemental features on model predictions is visualized through SHAP
(SHapley Additive exPlanations) values19 (Supplementary Fig. 11). Exam-
ining the resulting prioritization list directly, the highest-ranked features
includemechanistically plausible antioxidants suchas quercetin-related and
coumaric-acid-derived features, consistentwith theirwell-established redox
activity. Other high-ranking features, however, are less intuitive: these
include simple sugar and elemental/mineral-associated features such as
rhamnose, xylose, phosphorus, calcium, manganese, sodium, and barium
from the integrated FoodAtlas/PTFI composition matrix. We therefore
interpret SHAP importance as predictive associationwithin the foodmatrix,
not as evidence that every top-ranked feature is a direct chemical anti-
oxidant. Elemental and mineral-associated signals were retained in the
composition-level model because they are part of the feature table, but only
structurally plausible organic compounds with valid ligand representations
were advanced to the KEAP1/Boltz-2 mechanistic triage layer. The final
structure-based KEAP1 analysis serves as an additional refinement step for
shortlisted organic candidates, illustrating how a large untargeted food
feature space can be reduced to a tractable set of functional molecules for
targeted wet-lab testing.

Integrated evidence prioritizes anise hyssop as an illustrative
follow-up candidate
Integrating food-level predicted antioxidant potential with compound-level
evidence mining from ChEMBL highlights a small set of foods that are
consistently high-ranking and mechanistically interpretable. Notably,
Agastache foeniculum (anise hyssop)—a plant native toNorthAmerica that
has been studied for its antioxidative, anticancer, and anti-inflammatory
properties20,21—emerged as the illustrative high-ranking example. Anise
hyssop achieved the highest overall summedbioactivity scores, aswell as the
highest specific anti-inflammatory bioactivity score of all 322 foods mea-
sured (Supplementary Fig. 4). Amongmore common foods, tomato had the
highest compound-evidence score for anticancer-associated assays, and
carrots rankedhighly for antidiabetic andanticancer-associatedcompound-
evidence layers (Fig. 4). These rankings are not interpreted as clinical effi-
cacy claims; rather, they identify foods and chemical constellations that are
suitable for targeted follow-up. This combined composition→predictio-
n→evidence framework effectively prioritizes complex foods for follow-up
experimentation and supports data-driven functional ingredient discovery.

Discussion
Theprimary contribution of this study is a scalable prioritization framework
that converts untargeted food metabolomics into testable candidate mole-
cules. The robustness of this framework relies on both the standardized
metabolomics protocols that ensure analytical consistency across samples,
and the computational AI methods employed in FoodAtlas for factual
correctness, thereby enabling reliable cross-food comparisons and model
generalizability.The results show that standardizedPTFIprofiles, RI-guided
structural narrowing, assay harmonization, concentration-aware mapping,
and model-guided ranking can be combined to move from sparse LC-MS
features to interpretable hypotheses. Known examples such as anise hyssop
and quercetin function as internal sanity checks, whereas previously
uncharacterized features such asPTF42551 illustrate the framework’s ability
to surface plausible follow-up candidates that would otherwise remain
buried within untargeted LC-MS data.

A striking feature of the dataset is its extraordinarymolecular diversity
across foods. Of the 27,713 detected features, 44% were unique to a single
food, and 85% were present in five foods or fewer, underscoring the highly
sparse and heterogeneous nature of the food metabolome. This indicates
that much of food’s molecular diversity is not shared across the food supply
but instead resides in food-specific molecular signatures. As a result,
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approaches based only on a limited set of common compounds or aggre-
gated nutrient profiles are inherently incomplete, although our own
concentration-estimation layer still depends on a limited anchor set and
should be interpreted as semi-quantitative. Retention index-guided mod-
eling therefore plays an important role by transforming a largely opaque

feature space into a structured, rankable set of provisional candidates.
Although these assignments remain probabilistic, they provide a practical
bridge between unresolved LC-MS features and external bioactivity
knowledge, enabling downstream prioritization and hypothesis generation
at scale. The superior performance of the native-platform RImodel relative

Fig. 4 | Food bioactivity wheel. The top foods for each bioactivity are displayed, with the category of each food colored. A simple visual guide for selecting a food with a
desired bioactivity. Top 10 foods are displayed for each of 11 bioactivity categories (Antiviral, Antioxidant, Antiaging, Anticancer, Antifungal, Antidiabetic, Neuroprotective,
Antimicrobial, Anti-inflammatory, Antibacterial, and Cardioprotective), providing a visual guide for selecting foods with a desired functional profile. The inner wedge for
each bioactivity shows representative example foods, while the outer ring lists the top 10 ranked foods ordered clockwise from highest to lowest, with each food colored by its
FoodOn category (legend). Antioxidant rankings were generated using the FRAPwhole-food Bioactivity PredictionModel. All remaining bioactivity categories were ranked
by the compound-evidence method. Foods appearing across multiple wedges (e.g., anise hyssop, bilberry, lingonberry, paprika) represent candidates with broad multi-
bioactivity potential, whereas category-specific top entries (e.g., tomato for anticancer, lemon balm for antioxidant) indicate more targeted functional profiles.
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to transfer learning further emphasizes the value of standardized, system-
specific metabolomics data for large-scale inference.

Metabolite-based clustering both validates and challenges conven-
tional food classification systems. Representative metabolites contributing

to the cluster-level compound-evidence signatures, together with support-
ing literature22–34, are summarized inTable 1.While broadgroupings such as
fruits and vegetables, dairy, and seeds or nuts were largely preserved, several
notable deviations reveal that molecular composition, and by extension

Fig. 5 | Structural evaluation of model-prioritized metabolites against the
KEAP1, anNRF2-pathway redox-regulatory protein. A–D Boltz-2 predictions for
representative controls and model-prioritized metabolites evaluated against the
KEAP1 Kelch domain (rendered using PyMOL71). Pterostilbene and glucose were
used as positive and negative reference compounds, respectively, while quercetin
and oleic acid illustrate examples ofmetabolites ranked asmore- and less-relevant by
the composition-based prioritization workflow. Reported classification probabilities

and structural confidence values summarize the structure-based ranking output.
E Schematic of the hypothesized antioxidant-related mechanism used for prior-
itization, inwhich food-derivedmetabolitesmay engageKEAP1 (PDB ID: 4IFJ; PDB
DOI: 10.2210/pdb4ifj/pdb) and thereby support Nrf2-pathway activation. The
subsequent accumulation and nuclear translocation of Nrf2 activate theAntioxidant
Response Element (ARE), ultimately reducing cellular oxidative stress and blocking
downstream inflammation.
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functional potential, can diverge substantially from traditional culinary or
taxonomic labels. For example, white rice (Oryza sativa) clustered with
processed foods, reflecting a markedly reduced and altered metabolite
profile relative to wild rice (Zizania), which retained substantially greater
molecular diversity. While these grains share a common family (Poaceae),
their divergence in both species and processing highlights how molecular
composition can vary independently of broad crop classification. Con-
versely, xanthan gum, despite its microbial origin, clustered with nuts and
seeds due to shared compositional and bioactivity profiles, illustrating that
compositional convergence can arise across fundamentally different food
types. In parallel, the detection of compounds associated with food-contact
materials points to the measurable influence of processing environments
and supply chains on food chemistry. Together, these findings challenge the
assumption that food categories are reliable proxies for nutritional or
functional equivalence and instead highlight molecular composition as a
more precise and actionable determinant of food quality and biological
activity.

A key finding is that whole-food bioactivity cannot be inferred from a
limited subset of known compounds or simple additive models. Incorpor-
ating the full metabolomic profile—including trace, untargeted, and struc-
turally inferred small molecules—substantially improved predictive
performance, indicating that—within our dataset—these often-overlooked
features collectively contribute8 to predicted functional outcomes. This is
consistent with prior reports that minor, trace, and matrix-associated
constituents can meaningfully shape the measured bioactivity of whole
foods3. The superior performance of nonlinearmodels further indicates that
synergistic and antagonistic interactions within the food matrix are critical
determinants of bioactivity. Together, these results support a shift away
from reductionist, single-compound frameworks toward systems-level
models that capture food as a complex chemical network.

Applying this integrated framework across the food landscape high-
lights its utility for discovery. The identification of anise hyssop (Agastache
foeniculum) as a high-ranking candidate illustrates how combining com-
position, prediction, and evidence layers can surface foods with strong and
multi-dimensional bioactivity profiles. Notably, such foods may be under-
represented in conventional diets despite their functional potential, pointing
to opportunities for expanding dietary diversity and identifying novel
functional ingredients.

More broadly, understanding how foods affect our health is important
not only for our current diet, but also for planning for a changing climate
and agricultural landscape. Despite thousands of edible species, only 10-50
crops are responsible for about 95% of calories consumed worldwide35.
Anise hyssop, asmentionedpreviously, is high in several bioactivities, serves
as an excellent pollinator, and is native to North America36. Lemon balm, a
hardy, fast-growing crop that is invasive in many places, topped the list of
antioxidant foods37,38. Identifying functional foods like these is key to
increasing biodiversity while prioritizing human health.

At the same time, profiling the bioactivities of common, well-known
food items allows for more informed decisions for the everyday consumer
and serves as the immediate entry point for public health. The tomato and
carrot rankings reported in the Results are consistent with literature linking
themwith cancer protection39,40, tomatoes usually because of their lycopene
content; however, tomatoes contain several potentially cancer-protective
metabolites, including phlorizin, sphinganine, and more41,42. Likewise car-
rots were found to have high levels of digoxigenin, a chemical that has been
linked with anticancer properties43. These observations reinforce the idea
that the health effects of foods may arise from broader metabolite con-
stellations rather than from a single canonical compound alone.

To characterize antioxidant-related bioactivitymore comprehensively,
we used a dual-modeling strategy that separates whole-food redox capacity
from single-compound mechanistic prioritization. A machine learning
model trained on whole-food FRAP measurements was used to predict
ferric-reducing antioxidant capacity from food metabolomic profiles.
Because FRAP is a single-electron-transfer assay, high FRAP values indicate
greater reducing power under assay conditions and should not be

interpreted as direct in vivo antioxidant efficacy44. However, cellular redox
homeostasis also depends heavily on endogenous defense systems. We
therefore complemented theFRAP-basedmodelwith structure-based triage
using Boltz-2 against KEAP1, the principal negative regulator of the Nrf2
antioxidant response pathway45. These two readouts answer different
questions: FRAPprovides a scalable bulk readout for complex food extracts,
whereas KEAP1/Nrf2 engagement provides a compound-level mechanistic
filter for shortlisted candidates. Thus, the KEAP1 analysis is not intended to
validate whole-food antioxidant activity, but to prioritize structurally
plausible compounds that may warrant targeted experimental follow-up.
Integrating these mechanistic predictions into a unified knowledge graph
linking foodomics and chemical-disease/gene networks1 creates a practical
route for rapid, scalable discovery. Asmore complete structural annotations
and biological data become available, this framework can seamlessly scale to
multi-endpointmodels (e.g., anti-inflammatory or antidiabetic) and extend
to whole-food extracts to better account for exposure, matrix effects, and
compound co-occurrence.

Several limitations should be noted. First, the whole-food bioactivity
model relies solely on FRAP and is therefore assay-specific as it captures
only a singlemechanism of antioxidant action. Combining complementary
assays, such as DPPH, ABTS, or ORAC, would probe distinct mechanisms
and improve prediction robustness. Second, RI-guided structural proxies
remainprobabilistic, especially for isomers and stereoisomers, anddefinitive
compound identification will require orthogonal MS/MS matching and/or
authentic standards.MS/MSwas not used here because the dataset available
for this analysis contained processed MS1 feature tables, RI, molecular
formulas, and authentic-standard matches, but did not include redis-
tributable MS/MS spectra for unidentified features under the applicable
data-transfer and licensing terms. This is a dataset limitation rather than a
methodological preference, as MS/MS would provide fragment-level, sub-
structural, and compound-class evidence and would improve discrimina-
tion among candidate structures. Third, the concentration-estimation step
is a major bottleneck. Conversion factors were inferred from FoodAtlas
anchors rather than in-sample absolute quantification, then transferred to
additional compounds by structural similarity. This introduces uncertainty
frommatrix-dependent ion suppression or enhancement, uneven chemical
coverage of the anchor set, imperfect transferability of Tanimoto similarity,
and annotation uncertainty for lower-confidence RI-based targets. While
part of this error is expected given the extreme dynamic range of electro-
spray ionization efficiencies across metabolites, these values must be
interpreted strictly as order-of-magnitude estimates rather than validated
absolute quantifications. Although the downstream whole-food FRAP
model is trained and evaluated against measured FRAP values and is
therefore more robust than any individual imputed concentration,
concentration-dependent compound-level interpretations should be trea-
ted cautiously. Finally, the framework does not yet account for digestion,
bioavailability, metabolism, in vivo matrix effects, or inter-individual
variability. The shortlisted foods and compounds should therefore be
interpreted as preliminary, hypothesis-generating candidates46 for targeted
biochemical assays, cell-based testing, MS/MS or standard-based con-
firmation, and ultimately controlled intervention studies, rather than as
definitive evidence of chemical identity, exposure, physiological activity, or
clinical benefit.

These constraints also highlight a broader limitation of extending
traditional nutrient-based frameworks, such as Recommended Dietary
Allowances (RDAs), to the food metabolome. RDAs are designed around
single nutrients with defined deficiency endpoints and largely linear dose-
response relationships, whereas themetabolomic landscape revealed here is
characterized by high dimensionality, extreme sparsity, and nonlinear
interactions across thousands of co-occurring compounds. The observation
that most metabolites are food-specific and that whole-food bioactivity
emerges from complex, non-additive interactions indicates that reduc-
tionist, compound-by-compound targets are unlikely to capture the func-
tional properties of foods. Instead, these results support a shift toward
modeling molecular patterns, compositional signatures that reflect the
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combined and context-dependent effects of multiple metabolites, as the
basis for evaluating food quality and health relevance. Moving beyond
RDAs will require the development of data-driven frameworks that link
these molecular patterns to biological responses, initially through standar-
dized in vitro and ex vivo assays, and ultimately through integration with
human cohort data, controlled dietary interventions, and biomarker-based
validation. In this context, the present framework provides a foundation for
defining and testing such pattern-based models, enabling a transition from
static nutrient thresholds to dynamic, biologically grounded representations
of food function.

Looking forward, this framework can be substantially strengthened
and expanded in several directions. Integrating tandem mass spectro-
metry fragmentation patterns with the current RI‑guided annotation
pipeline will markedly improve structural confidence—especially as MS/
MS data become available—by providing fragmentation evidence that
helps resolve isomeric ambiguity across thousands of dark‑matter fea-
tures. Once matched whole-food assay datasets become available for
other therapeutic categories, the same non-linear modeling approach can
be extended to other bioactivities. Systematic in vivo validation, bioa-
vailability studies and controlled human intervention trials will be
essential to bridge the gap between predicted and physiological effects.
Incorporating gut microbiome interactions, multi-omics layers and
individual response variability could enable a shift toward precision
functional nutrition. In that sense, the framework provides not only a set
of candidate foods and compounds but also catalyzes both basic research
into food-health relationships and applied efforts to design next-
generation functional foods that deliver measurable biological benefits.
More fundamentally, this work reframes how food bioactivity can be
studied at scale: rather than attempting to resolve every metabolite or
relying on predefined nutrient frameworks, the approach leverages
partial structural information, probabilistic annotation, and integrated
evidence layers to generate actionable hypotheses from incomplete data.
This represents a shift from a completeness-driven paradigm to an
inference-driven paradigm, where biological insight can be extracted
even in the presence of substantial uncertainty.

Taken together, this study demonstrates that translating food meta-
bolomics into functional insight requires integration across structural
inference, bioactivity evidence, and systems-levelmodeling. By linking these
layers into a unified prioritization framework, this work provides a scalable
route from high-dimensional food composition data to biologically inter-
pretable and experimentally testable hypotheses, with potential applications
in functional ingredient discovery, crop selection, dietary design, and pre-
cision nutrition.

Methods
Metabolomics data
The untargeted metabolomics dataset analyzed in this study was accessed
through The Periodic Table of Food Initiative (PTFI) database (https://
foodperiodictable.org) via a data-transfer agreement from the PTFI Secre-
tariat at the American Heart Association. To make the upstream data-
processing steps explicit, the PTFI/Odenkirk9 workflow used lyophilized
and homogenized composite food specimens, solid-phase extraction,
reverse-phase LC, positive-mode electrospray HRMS, and precursor-only
MS1 acquisition. The standardized method was evaluated across three
laboratories using commercially available time-of-flight platforms: Waters
Xevo G2-XS qTOF (Lab A), Agilent 6545 qTOF (Lab B), and Agilent 6560
IM-qTOF (Lab C). Raw centroided, mass-calibrated files were converted to
mzML; feature detection was performed with XCMS/centWave after
instrument-specific optimization of peak-width, ppm-error, and m/z-dif-
ference parameters. Retention times were converted to RI values with a
second-order polynomial fit to the 33-compound internal retention time
standard (IRTS) mixture using a Tukey M-estimator. This standardization
reduced inter-laboratory retention variation from more than 20 s to less
than 5 RI units in the method-development study and supported the cross-
food comparability used here46–48.

For formula annotations, theupstreamPTFIMetabolomicsv1pipeline
matched experimental features to a consensus reference library assembled
from chemical databases under defined elemental and adduct constraints.
Redundant isotope and common-adduct signals were removed using Iso-
SpecPy. Molecular-formula confidence was evaluated using a composite
score that incorporated mass difference, RI difference, isotopic-pattern
similarity, adduct preference, andmonoisotopic feature intensity, with a 15
ppm mass tolerance; library inclusion also required observation in two
independent laboratories9. Thus, mass error and isotopic-pattern fit were
used upstream for molecular-formula annotation quality control, whereas
our downstream analysis began from the processed PTFI feature table.

Food samples in the PTFI database are accompanied by structured
metadata on the source organism, production method, and food classifi-
cation based on the FoodOn ontology. The PTFI release contains 500
metabolomics samples covering 322 unique food items; the remaining
samples correspond to biological or technical replicates of the same food. To
avoid inflation of per-foodmetrics (e.g., over-countingmetabolites in foods
represented by multiple samples, or biasing cluster membership toward
foods with more replicates), all downstream analyses were conducted at the
unique-food level (n = 322), with replicate samples aggregated by median
intensity permetabolite prior to analysis. Feature detection, retention-index
calibration, and molecular formula assignment were performed upstream
using the PTFI data-processing pipeline, and the resulting processed feature
table served as the input for all downstream analyses in this study. Both the
PTFI dataset and the analysis code used in this study are publicly accessible
(see Code Availability).

Retention-index guided structural assignment for unidentified
metabolites
FollowingMetabolomics Standards Initiative guidelines49, the 2,038 features
matched to authentic reference standards correspond to MSI Level 1
(confirmed identification). To expand structural annotation beyond the
2,038 identified metabolites with confirmed InChIKeys, we built a
chromatography-specific retention prediction model50 that learns the rela-
tionship between molecular structure and chromatographic retention
directly from PTFI platform measurements. The RI-guided putative
annotations correspond to MSI Level 3 (formula-level putative annotation
with retention-based structural narrowing) and are represented by
Formula-RI identifiers (e.g., C9H8O3-181), inwhich themolecular formula
is assigned by the PTFI adduct-aware mass/RI annotation framework and
the RI denotes normalized chromatographic retention on the PTFI plat-
form. A supervised regression model was trained natively on the PTFI-
identified compounds with confirmed SMILES and measured RI values.
Molecular structures were encoded as a combined feature vector of 2432
descriptors: 217 two-dimensional physicochemical and topological
descriptors51,52, (e.g., logP proxies, H-bond counts, polar surface area, ring
metrics) computed via RDKit, 2048-bit Morgan circular fingerprints
(ECFP4, radius 2), and 167 MACCS structural keys. Eight model families
were systematically benchmarked across three feature set configurations on
an 80:20 held-out test split, 5-fold cross-validation, and 25 bootstraps
(Supplementary Fig. 5). Transfer learning from external reversed-phase
databases was evaluated as a comparison strategy and is described in Sup-
plementary Note 1.

For eachPTFImetabolite feature lacking an InChIKey, we assembled a
formula-constrained candidate set by retrieving 11,770,660 PubChem
compoundswith available structures whose elemental formulamatched the
feature’s assigned molecular formula (Supplementary Note 1). For each
candidate structure, we predicted RI in silico and ranked candidates by the
absolute residual between observed and predicted retention (|ΔRI|,
expressed as RT-equivalent seconds under the PTFI calibration). The top-
ranked candidate was reported as a putative annotation, and matches were
stratified into confidence tiers based on retention agreement: High (1) if |
ΔRT| < 5 s; Medium (2) if 5–25 s; and Low (3) otherwise. These confidence
tiers formed the first screening layer used to reduce untargeted LC-MS
features to a tractable candidate space for downstream bioactivity ranking.
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Because retention agreement andmolecular formula alone cannot uniquely
resolve structural isomers (and cannot resolve stereochemistry), these
annotations are treated as uncertainty-tagged structural proxies intended
for scalable aggregation and hypothesis generation, with definitive identi-
fication requiring orthogonal confirmation (e.g., MS/MS matching or
authentic standards).

Dataset integration: unified food and metabolite
concentration matrix
Downstream analyses operate on a unified 322 × 30,343 food × small-
molecule matrix (includes endogenous metabolites as well as processing-
derived, exogenous, and food-contact-associated small molecules) in which
every populated cell is expressed as molar concentration (mol/L). The
matrix combines two sources of distinct provenance: PTFI, providing a
322 × 27,713 matrix of LC-MS relative abundances on a standardized
platform, and FoodAtlas, a literature-mined knowledge graph providing
per-compound, per-food absolute concentrations (mg/100 g). The two
sources share 980 compounds by exact InChIKey match, which serve as
empirical anchors for unit harmonization. Each cell is populated according
to the compound’s provenance class: (i) for the 980 PTFI ∩ FoodAtlas
compounds, FoodAtlas mg/100 g is converted to mol/L using the exact
molecular weight from canonical SMILES (RDKit) and treated as ground
truth; (ii) for the 26,733 PTFI-only compounds, PTFI relative abundance is
converted to mg/100 g via a compound-specific conversion factor (CF),
definedas the empirical FoodAtlas-to-PTFI ratio across the980anchors and
imputed for non-anchor compounds by Tanimoto-weighted k-nearest-
neighbor averaging53 (k = 5, 217 RDKit physicochemical descriptors51,52; see
Supplementary Note 2), then converted to mol/L as in (i); (iii) for the 2630
FoodAtlas-only compounds, literature concentrations are converted
directly to mol/L, with food-compound pairs absent from the literature
treated as zero.

The CF imputation treats CF as approximately compound-specific; in
reality, CFs also vary across food matrices because ion suppression and
enhancement are matrix dependent. We therefore report the food-to-food
spread of CFs together with a chemical applicability-domain analysis,
defined as the distribution of Tanimoto similarities between each imputed
compound and its nearest usable anchor, in Supplementary Note 2. The
empirical anchors used to fit CFs were compounds with FoodAtlasmatches
and usable InChIKeys; 665 were authentic-standard MSI Level 1 identifi-
cations, and the full 980-anchor set includedhigh-confidence annotations as
detailed in Supplementary Note 2.

Metabolomics-based food clustering
322 unique foods derived from the PTFI database and matched to the
FoodAtlas Knowledgebase were clustered based on their metabolomes.
Because the metabolite matrix was highly sparse, feature selection was
performed prior to clustering. The elbowmethodwas used to retain the 305
metabolites detected in at least 12% of foods (Supplementary Fig. 1). To
identify clusters in the dataset, t-SNE was employed for dimensionality
reduction and then HDBSCAN was used to identify clusters in the lower
dimensional space54,55 (Fig. 2). To analyze the meaningfulness of the iden-
tified clusters, the amount of each metabolite in each cluster was compared
via t-test to the amount of that metabolite in foods not in the cluster.
Furthermore, the representation of food categories per cluster was also
analyzed by Chi-squared test and by comparison of Pearson residuals per
cluster and food category (Supplementary Fig. 2).

Metabolite bioactivity scores
For the metabolites with InChIKeys, 119,633 chemical-assay data were
extracted from ChEMBL (v36)6, yielding 39,158 unique assays. To map
heterogeneous assay descriptions to broad bioactivity evidence classes (e.g.,
inflammation-relevant assays targeting COX-2, NF-κB, cytokines) (Sup-
plementary Table 2), we implemented a hierarchical semantic indexing
strategy inspired by LLM-agent frameworks56,57 (Supplementary Note 3).
This two-stageworkflow isolated relevancedetection from label assignment,

filtering assays based on evidence spans and assigning therapeutic direc-
tionality. The input to the agent was bioassay details including assay
description, standard activity type, value with unit, bioassay ontology
annotations (BOA), assay type, target type, and target organismmetadata58.
Only assays with explicit quantitative evidence were retained, and the agent
was given the option to return an uncertain label when the available
information was insufficient for confident classification. Cross-model
(OpenAIChatGPT-5.2-high andGoogleGemini 3.1 Pro, accessed February
2026) agreement was assessed using Jaccard similarity (J = 0.92), and a
manual audit of 100 assays (randomly sampled and high-volume assays)
was used to validate the final labels59 (Supplementary Table 3). Importantly,
these classeswere used as semantic evidence labels rather than as claims that
all assays within a class measured the same biochemical endpoint. For
example, antioxidant-labeled assays could include radical-scavenging,
reducing-power, oxidative-stress-protection, or pathway-related assays, but
theunderlying endpointdescriptions andquantitative recordswere retained
at the assay-record level. Only assays with explicit quantitative evidence
were retained, and uncertain or ambiguous labels were excluded. These
curated assay labels were used as compound-level contextual evidence for
prioritization rather than as direct food-level endpoints or supervised food-
level prediction targets.

From composition to bioactivity: concentration-potency
mapping
Bioactivity data in ChEMBL is reported as IC50 values in molarity (mol/L),
which are subsequently transformed into pIC50 units
(�log10 IC50

� �
orpChEMBL). However, untargeted PTFI metabolomics

and the FoodAtlas database typically report relative abundances and
absolute concentrations in mass fractions (Cmass, mg/100 g) respectively.
Calculating bioactivity directly from mass fractions using concentration-
response curves60,61 introduces a systematic error favoring low-molecular-
weight compounds. To resolve this, all small-molecule concentrations were
normalized tomolarity using their exactmolecularweights (MW,g/mol) via
RDKit from SMILES strings (Supplementary Note 4).

For each individual metabolite we applied a bounded concentration-
response61 mapping using the Hill equation (sigmoid form) with Hill
coefficient60 h = 1 to convert molar concentration and pIC50 potency into a
fractional activity load bounded between 0 and 1 (Supplementary Note 4).
Formixture baselines, we computed a conservativeConcentrationAddition
/ Hazard Index style estimate by aggregating activity loads across com-
pounds (equivalent to summing the linear hazard quotients and taking the
logarithm), yielding a “sum-of-parts” baseline that does not assume
unbounded synergy62–64. This providesa biologically grounded, conservative
estimate of a food’s total potential bioactivity by capturing the additive
cocktail effect of its components.

Whole food bioactivity prediction model
To predict food-level antioxidant bioactivity from composition-derived
metabolites, the model strictly treats different assays categorized under the
same semantic label (e.g., FRAP, DPPH, ABTS, ORAC) as separate end-
points, rather than combining them into a single overarching variable. For
this predictive task, the Ferric Reducing Antioxidant Power (FRAP) assay
was selected as the primary, most readily available whole-food endpoint,
using data collected from the literature65,66. FRAP quantifies ferric-reducing
power and provides a practical proxy for direct chemical antioxidant
capacity at the whole-food level. Food-level bioactivity is not strictly defined
by chemical potency alone; rather, it is a complex function of potency,
exposure, the food matrix, and the co-occurrence of multiple compounds.

A supervised machine learning approach was employed to predict
whole-food bioactivity, utilizing empirical bioactivity scores as target labels.
We implemented the primary Bioactivity Prediction Model as a Random
Forest (RF) regressor. The RF algorithm was selected as the primary pre-
dictive engine because it empirically achieved the highest accuracy among
the 11 models evaluated (Supplementary Fig. 8). It effectively captures the
additivenature of complex chemicalmixtures,models nonlinear effects, and
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accounts for higher-order interactions among compositional features
without requiring strong parametric assumptions. Model performance was
evaluated using repeated random subsampling within the dataset. Across
100 bootstrap iterations, the dataset was iteratively split into 80% training
and 20% testing subsets. Within the training sets, hyperparameters for all
models were optimized using 5-fold cross-validation coupled with an
exhaustive grid search (Supplementary Note 5). The antioxidant prediction
model attribution was quantified using SHAP values19, and these feature-
level rankings were subsequently used to nominate metabolites for struc-
tural follow-up and Boltz-2 analysis.

Structure-based shortlist refinement using KEAP1 as a
mechanistic case study
To transition from statistical prediction to mechanistic hypothesis, we
prioritized metabolites with high model attribution (via SHAP values) that
lacked prior bioactivity-related assay records in ChEMBL. To connect
composition-based antioxidant prediction to plausible molecular mechan-
isms, we performed a targeted structure-based analysis against the KEAP1
Kelch domain (UniProt: Q14145), a sensor/repressor in the NRF2
pathway12,13,67. We applied Boltz-268,69 to predict protein-ligand complexes
and associated affinity outputs for shortlisted candidates. Boltz-2 provides
two relevant outputs: a binary affinity probability designed for binder-
versus-decoy discrimination and an affinity-like value (affinity_pred_va-
lue), whichwe report as bIC50 and define as themodel-predicted log10(IC50
[μM]) score, where lower bIC50 values indicate stronger predicted binding.
For reference, this score can be converted to an approximate pIC50 scale as
pIC50 ¼ 6� bIC50 (Supplementary Note 6)70. In the present study, these
outputs were used only as relative prioritization signals within a small
candidate panel, not as calibrated estimates of biochemical potency or
covalent reactivity. To anchor interpretation, we included Pterostilbene as
an algorithmic positive control and Glucose as a negative control. We then
compared model-prioritized candidates, such as Quercetin and RI-linked
unknown-derived candidates, against lower-priority metabolites such as
OleicAcid. These calculationswere used strictly for shortlist refinement and
internal consistency. They do not establish electrophilic modification of
KEAP1 sensor cysteines, direct KEAP1-NRF2 pathway activation, or
downstream cellular antioxidant effects, all of which require orthogonal
biochemical or cell-based validation.

Data availability
The PTFI dataset analyzed in this studywas accessed through theAmerican
HeartAssociationPrecisionMedicine Platform (https://pmp.heart.org/ptfi-
data-resource), version v3_2025_12. PTFI data are distributed under the
CC-BY-NC-4.0 license. External databases were retrieved from: ChEMBL
v36 (https://www.ebi.ac.uk/chembl/); PubChem (FTP snapshot 2026-01-
25; https://ftp.ncbi.nlm.nih.gov/pubchem/); FoodAtlas (https://foodatlas.
ai); UniProt Q14145 for KEAP1. The paper and the Supplementary
Information contain all necessary data to assess the conclusions.

Code availability
All code and instructions on how to reproduce the results can be found at
https://github.com/IBPA/food-metabolomics-bioactivity.
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