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A B S T R A C T

Food flavor is inherently multidimensional and arises from the complex combined effects of diverse compounds; 
however, dedicated computational tools for predicting integrated multi-flavor profiles of foods are still lacking. 
In this study, DmcFlavor was developed as the first framework for predicting and interpreting integrated multi- 
flavor profiles of foods. DmcFlavor employs Transformer-based modeling to perform both compound-level and 
mixture-level flavor prediction across five flavor attributes: bitter, pungent, salty, sour, and sweet. DmcFlavor 
was applied to tomato ripening analysis, revealing dynamic changes in integrated flavor profiles during ripening 
and quantitatively identifying major contributors to sourness and sweetness. It was further applied to charac
terize integrated flavor patterns across 18 food categories, including fishes, fruits, herbs and spices, and vege
tables, and to explore potential flavor–health effect associations. This framework may facilitate integrated food 
multi-flavor evaluation, support flavor optimization in the food industry, and promote the systematic exploration 
of food therapy.

1. Introduction

As living standards improve, consumer expectations for food quality 
have increasingly shifted from basic nutrition to pleasurable and 
distinctive sensory experiences. Flavor has therefore become a key cri
terion for evaluating food quality, shaping consumer preference, and 
differentiating food products (K. Xu et al., 2025). Accordingly, accurate 
identification and prediction of flavor–related compounds are important 
for food research, functional food development, and rational product 
design. However, food flavor is rarely determined by a single molecule; 
instead, it arises from the combined contributions of multiple com
pounds with diverse structures, concentrations, and sensory properties 
(B. Chen et al., 2025). Therefore, accurate evaluation of integrated 
multi-flavor profiles is essential for understanding food quality and 
sensory characteristics.

Recent advances in artificial intelligence have provided a new 

paradigm for structure–based flavor prediction by learning nonlinear 
relationships between molecular structure and sensory attributes (Wei 
et al., 2026). Existing models mainly include binary predictors for spe
cific tastes, such as bitter–focused BERT4Bitter (Charoenkwan, 
Nantasenamat, Hasan, Manavalan, & Shoombuatong, 2021) and iBit
ter–Fuse (Charoenkwan, Nantasenamat, Hasan, Moni, et al., 2021), and 
sweet–focused ChemSweet (Qian et al., 2025) and BoostSweet (Lee 
et al., 2022). Multi–flavor models, including FART (Zimmermann 
et al., 2025) and VirtuousMultiTaste (Androutsos et al., 2024), have 
further extended taste prediction beyond binary classification. These 
studies demonstrate the ability of deep learning to capture structur
e–taste relationships and reduce reliance on sensory evaluation. How
ever, most models remain limited to a single compound and do not 
directly address real food systems, in which multiple compounds jointly 
determine integrated flavor profiles. In addition, quantitative constitu
ent compound information and sensory activation thresholds are often 
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unavailable or difficult to obtain across foods, making integrated mul
ti–flavor modeling highly difficult.

Food–medicine homologous herbs are edible plants with established 
traditional medicinal value. With increasing interest in dietary regula
tion and food therapy for health maintenance, these herbs provide a 
valuable link between food composition, sensory properties, and bio
logical function (Jiang et al., 2025). Unlike common foods, which lack 
unified and standardized flavor annotations, medicinal–food homolo
gous herbs have well–documented flavor attributes in traditional phar
macopeial systems, offering structured references for learning 
mixture–level flavor characteristics. In these herbs, flavor attributes are 
not merely sensory descriptors but are often associated with health ef
fects; for example, bitter, pungent, salty, sour, and sweet attributes may 
reflect differences in chemical composition and potential bioactivity. 
Recent food knowledge resources, such as FoodAtlas, have begun to 
investigate associations among food composition, chemical bioactivity, 
and health–related information (F. Li et al., 2026). Integrating multi
–flavor prediction with health–effect information may therefore help 
interpret the functional properties of food–derived and medicinal–food 
homologous herbs.

In this study, we developed DmcFlavor, a compound–informed 
computational framework for predicting and interpreting integrated 
flavor profiles of foods and herbs. DmcFlavor uses Transformer–based 
modeling to perform flavor prediction at both compound and mixture 
levels. At the compound level, multiple molecular representations were 
evaluated, and the Transformer–based model was selected to predict 
five flavor attributes: bitter, pungent, salty, sour, and sweet. The 
resulting compound–level flavor features were then used for mixtur
e–level modeling. At the mixture level, each food or herb was repre
sented as an unordered set of constituent compounds, and Set 
Transformer was used to learn integrated flavor profiles from compound 
composition. This design enables DmcFlavor to predict the overall flavor 
characteristics of complex foods and herbs while capturing the contri
butions of individual compounds. DmcFlavor was subsequently applied 
to tomato ripening analysis, large–scale food flavor profiling, and fla
vor–health effect association analysis of compounds and medicinal–food 
homologous herbs. This framework provides a computational strategy 
for integrated food multi–flavor evaluation and the systematic explo
ration of food therapy.

2. Materials and methods

2.1. Data collection and preprocessing

The flavor data of single compounds were collected from multiple 
public databases, including FooDB (www.foodb.ca), BitterDB (Ziaikin 
et al., 2025), VirtualTaste (Fritz et al., 2021), ChemTastesDB (Rojas 
et al., 2022), PlantMolecularTasteDB (Gradinaru et al., 2021), Pun
gentDB (Z. Chen et al., 2024), and PubChem (Kim et al., 2025). To 
construct a reliable five-class flavor dataset, only compounds with clear 
single-flavor annotations corresponding to bitter, pungent, salty, sour, 
or sweet were retained. Compounds with multiple or conflicting flavor 
annotations were excluded. When multiple annotations were available, 
records with strong sensory descriptors, such as “very,” “extensive,” or 
“extremely,” were preferentially retained. All compounds were stan
dardized using PubChem IDs and represented by canonical SMILES. The 
final compound-level dataset comprised 3186 compounds, including 
1054 bitter, 333 pungent, 614 salty, 463 sour, and 722 sweet com
pounds (Table S1).

For mixture-level modeling, herb flavor annotations were obtained 
from the Chinese Pharmacopeia 2025 edition (CP2025), and constituent 
compound information was collected from BATMAN-TCM 2.0 (Kong 
et al., 2024), and HIT 2.0 (Yan et al., 2022). Of the 616 herbs docu
mented in CP2025, 558 with available constituent compound informa
tion were retained for model development, comprising 69,553 
herb–compound records. Because individual herbs may have multiple 

documented flavor attributes, these annotations were retained as multi- 
label records. Duplicate compound records from different sources were 
merged, and entries with identical compound compositions but different 
names were removed. For external validation, an independent dataset of 
211 herbs comprising 11,735 herb–compound records was constructed 
using constituent compound information from BATMAN-TCM 2.0 and 
flavor annotations from ETCM 2.0 (Y. Zhang et al., 2023). In addition, an 
application dataset comprising 826 foods and 64,720 constituent com
pounds was obtained from FooDB for large-scale food flavor profiling 
(Table S2).

After preprocessing, both compound–level and mixture–level data
sets were independently divided into training, validation, and test sets at 
a ratio of 8:1:1. The training sets were used for model fitting, the vali
dation sets for hyperparameter optimization and model selection, and 
the test sets for internal performance evaluation. The independent 
external validation dataset was used exclusively to evaluate model 
generalization. The FooDB food dataset was used for downstream 
application of the final mixture-level model.

2.2. Model architecture

2.2.1. Compound–level flavor prediction
DmcFlavor first characterized compound–level flavor profiles across 

five categories: bitter, pungent, salty, sour, and sweet. To capture fla
vor–related structural information, canonical SMILES were used to 
generate three complementary molecular representations: ECFP4 fin
gerprints, molecular graphs, and SMILES sequences. Based on these 
representations, single–modality prediction models and multimodal 
fusion models were constructed and systematically evaluated.

For fingerprint–based modeling, ECFP4 fingerprints with different 
bit lengths were calculated using RDKit and used as inputs for random 
forest (RF), CatBoost, and fully connected neural network (FCNN) 
classifiers. For graph–based modeling, each molecule was represented as 
a molecular graph, with atoms encoded as nodes and chemical bonds as 
edges, and a GATv2–based graph neural network was used to extract 
topology–dependent molecular features. For sequence–based modeling, 
canonical SMILES were encoded using a ChemBERTa–based Trans
former model to capture contextual chemical information. In addition to 
these single–modality models, multimodal fusion models were con
structed by concatenating features derived from ECFP4 fingerprints, 
molecular graphs, and SMILES sequences, followed by fully connected 
layers for classification. All models were independently trained and 
evaluated over 10 repeated runs, and the best–performing model was 
selected to generate compound–level flavor features. The final output 
was a five–dimensional probability vector representing the predicted 
likelihood of bitter, pungent, salty, sour, and sweet attributes for each 
compound.

Model parameters were optimized using the AdamW optimizer. 
Predictive performance was evaluated using accuracy (ACC), Matthews 
correlation coefficient (MCC), receiver operating characteristic area 
under the curve (ROC–AUC), macro–averaged precision, macro
–averaged recall, and macro–averaged F1 score.

2.2.2. Mixture–level flavor prediction
For foods and herbs, flavor perception arises from complex combi

nations of multiple compounds rather than from individual compounds 
alone. However, quantitative composition information and sensory 
activation thresholds are often unavailable or difficult to obtain across 
diverse foods and herbs. To address this challenge, DmcFlavor devel
oped two set–based learning strategies for mixture–level flavor predic
tion: attention–based multiple instance learning (Attention MIL) and Set 
Transformer. In both strategies, each food or herb was represented as an 
unordered set of constituent compounds, and each compound was 
encoded using a Transformer–derived embedding, a five–flavor proba
bility vector, or their fused representation.

Attention MIL was used to estimate the relative contributions of in
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dividual compounds to the overall flavor profile. In this framework, each 
food or herb was treated as a bag of constituent compounds, and the 
attention mechanism dynamically assigned an importance weight to 
each compound based on its learned feature representation. The 
normalized attention weight of the i–th compound was calculated as: 

ai =
exp(ei)

∑N
j=1exp

(
ej
)

where ai denotes the attention weight assigned to the compound i, ei 
represents its attention score, and N is the total number of compounds in 
the mixture. The mixture–level representation was then obtained by 
attention–weighted aggregation: 

z =
∑N

i=1
aihi 

where hi represents the feature vector of the i–th compound, and z de
notes the aggregated mixture–level representation used for flavor pre
diction.

To capture compositional flavor patterns among constituent com
pounds, a Set Transformer architecture was further employed. Unlike 
Attention MIL, which mainly estimates compound–level contribution 
weights, Set Transformer uses self–attention to update each compound 
representation based on its relationships with other compounds in the 
same mixture. This allows the model to learn set–level compositional 
patterns in the compound embedding space. The self–attention opera
tion was defined as: 

Attention(Q,K,V) = softmax
(

QKT
̅̅̅
d

√

)

V 

where Q, K, and V denote the query, key, and value matrices, respec
tively, and d represents the feature dimension. After self
–attention–based feature interaction and pooling, the resulting set–level 
representation was used to predict a five–dimensional probability dis
tribution corresponding to bitter, pungent, salty, sour, and sweet 
attributes.

Mixture–level models were trained using the AdamW optimizer with 
binary cross–entropy loss with logits. Model performance was evaluated 
using Top–1, Top–2, and Top–3 accuracy, mean reciprocal rank (MRR), 
and mean rank.

2.3. Food multi–flavor profiling

To evaluate the applicability of DmcFlavor in food flavor analysis, 
tomato ripening was used as a representative case study. Tomato flavor 
changes during ripening are driven by dynamic metabolite variation. 
Therefore, tomato fruits collected at 0, 3, 6, and 9 days after harvest, 
corresponding to the mature green, breaker, pink, and red–ripe stages, 
respectively, were analyzed. DmcFlavor was applied to predict dynamic 
changes in the five–flavor profiles of tomato metabolites across ripening 
stages and to quantitatively identify the major contributors to sourness 
and sweetness.

DmcFlavor was further applied to large–scale food flavor profiling 
using FooDB constituent compound information. In total, 64,720 FooDB 
compounds were predicted using the compound–level flavor prediction 
module, and the mixture–level flavor probabilities were used to infer the 
integrated flavor profiles of 826 foods. These foods were grouped into 18 
categories, including fishes, baking goods, beverages, cereals and cereal 
products, cocoa and cocoa products, coffee and coffee products, con
fectioneries, eggs, fats and oils, fruits, gourds, herbs and spices, milk and 
milk products, nuts, pulses, soy, teas, and vegetables. This analysis 
enabled systematic comparison of predicted multi–flavor characteristics 
across major food categories.

2.4. Flavor–health effect association analysis

To explore potential associations between predicted flavor charac
teristics and health-related effects, DmcFlavor was applied at both the 
compound and mixture levels. At the compound level, flavor profiles 
were predicted for 12,042 DrugBank compounds (Knox et al., 2024) and 
compared across eight pharmacological categories: analgesics, anti- 
asthmatic agents, anti-inflammatory agents, antipyretics, antirheu
matic agents, bronchodilator agents, dietary supplements, and laxatives. 
Potential physicochemical and structural confounding was further 
assessed by comparing major physicochemical properties between 
DrugBank and FooDB compounds, performing physicochemical- 
adjusted regression analyses of pharmacological category–bitterness 
associations, and analyzing generic Bemis–Murcko scaffold composi
tion. Detailed procedures for these analyses are provided in the Sup
plementary Material, Section 1.

At the mixture level, ginger and ginkgo seed were selected as 
representative food–medicine homologous herbs. DmcFlavor was used 
to infer their integrated flavor profiles from constituent compounds, and 
compound-level flavor predictions were mapped to reported health- 
effect annotations from FooDB to explore potential associations be
tween flavor characteristics and reported health effects.

3. Results and discussion

3.1. Compound–level flavor prediction by DmcFlavor

With increasing consumer demand for high–quality food flavor, ac
curate prediction and efficient identification of flavor–related com
pounds have become important drivers of innovation in food research 
and product development (Wang et al., 2026). However, the integrated 
flavor of foods and herbs generally arises from the combined contribu
tions of multiple constituents with diverse chemical structures and 
sensory properties. DmcFlavor was therefore designed to extend flavor 
prediction from individual compounds to complex food and herb mix
tures based on their constituent compound composition.

As the first step of this framework, a compound-level flavor predic
tion module was established to characterize flavor-related molecular 
features and provide transferable representations for downstream 
mixture-level modeling. As shown in Fig. 1, compounds with clear 
single-flavor annotations were curated from multiple public databases 
and classified into five categories: bitter, pungent, salty, sour, and sweet. 
The resulting model-development dataset comprised 3186 labeled 
compounds, including 1054 bitter, 333 pungent, 614 salty, 463 sour, 
and 722 sweet compounds. Canonical SMILES were used as standardized 
structural representations to generate fingerprint-, graph-, and 
sequence-based molecular features. The compound-level models pre
dicted a five-dimensional probability vector for each compound, rep
resenting its probabilities of bitter, pungent, salty, sour, and sweet 
attributes. These compound-level representations were subsequently 
transferred to mixture-level modeling of foods and herbs.

Fingerprint-based flavor prediction was first evaluated using ECFP4 
fingerprints with different bit lengths in combination with three classi
fiers: RF, CatBoost, and FCNN. As shown in Fig. S1, predictive perfor
mance varied according to both fingerprint length and classifier 
architecture. Among the evaluated models, CatBoost showed the most 
consistent overall performance across ACC, MCC, ROC-AUC, macro- 
averaged precision, macro-averaged recall, and macro-averaged F1 
score, with the 768-bit ECFP4 fingerprint achieving the best overall 
performance. These findings indicate that ECFP4 fingerprints effectively 
capture substructural information associated with flavor characteristics, 
while their predictive performance is influenced by feature dimension
ality and the learning algorithm.

Different molecular representation strategies were subsequently 
compared, including ECFP4 fingerprints, molecular graphs, SMILES se
quences, and multimodal fusion features. Among the single-modality 
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models, the Transformer-based model achieved the best overall perfor
mance (Fig. 2A), indicating the effectiveness of contextual representa
tions derived from SMILES for compound-level flavor prediction. 
Transformer architectures can capture contextual dependencies among 
molecular tokens and thereby encode structural patterns that may be 
relevant to flavor characteristics. Multimodal fusion models were also 
evaluated but did not consistently outperform the Transformer-based 
model (Fig. 2B), suggesting that direct integration of heterogeneous 
molecular representations does not necessarily provide additional pre
dictive information and may introduce redundant features. Based on its 
overall performance, the Transformer-based model was selected as the 
final compound-level model and feature generator for subsequent 
analyses.

After model development and evaluation, the compound-level pre
diction module was applied to 64,720 constituent compounds collected 
from 826 foods in FooDB to characterize their individual flavor attri
butes before mixture-level integration. The predicted distribution 
showed that bitter was the most prevalent flavor category among these 
compounds, followed by salty, sweet, pungent, and sour (Fig. 2C, 
Table S3).

3.2. Mixture–level flavor prediction by DmcFlavor

After establishing the compound-level prediction module, DmcFla
vor was extended to mixture-level flavor prediction. A major challenge 
in food flavor modeling is the lack of unified and standardized 

Fig. 1. Framework for constructing the compound-level flavor prediction module of DmcFlavor.

Fig. 2. Performance evaluation of compound–level flavor prediction models. (A) Performance comparison of representative single-modality models. (B) 
Performance of multimodal fusion models integrating ECFP4 fingerprints, graph-based features, and Transformer-derived sequence features. (C) Predicted flavor 
distribution of 64,720 FooDB compounds across five flavor categories.
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annotations for complex food flavors. In contrast, CP2025, a national 
authoritative pharmacopeia, provides well-documented flavor annota
tions for medicinal herbs. Importantly, many medicinal herbs are also 
traditionally consumed as foods, providing a natural connection be
tween pharmacopeial flavor annotations and food-related applications. 
The traditional five-flavor system has a sensory basis, with flavor attri
butes originally identified through direct tasting of medicinal materials. 
Therefore, the systematically documented flavor annotations in CP2025 
provide a valuable reference for mixture-level flavor modeling. 
Accordingly, a labeled mixture dataset comprising 558 herbs, including 
98 food–medicine homologous herbs, and 69,553 herb–compound re
cords was constructed using flavor annotations from CP2025 and con
stituent compound information from BATMAN-TCM 2.0 and HIT 2.0 
(Table S4).

Another challenge is that the relative proportions of constituent 
compounds and their sensory activation thresholds are often unavailable 
or difficult to obtain across foods and herbs. Therefore, concentration– 
or threshold–dependent rules are difficult to apply to large–scale mix
ture–level flavor prediction. To address this limitation, each food or herb 
was represented as an unordered set of constituent compounds, allowing 
DmcFlavor to learn flavor patterns directly from compound composi
tion. As shown in Fig. 3A, each compound was encoded using features 
derived from the compound–level model, including a 384–dimensional 
Transformer–derived embedding, a five–dimensional flavor probability 
vector, or their 389–dimensional fused representation.

Based on these compound–level representations, two set–based 
learning strategies were evaluated. Attention MIL dynamically assigned 
importance weights to individual compounds and aggregated them into 
a mixture–level representation, enabling estimation of com
pound–specific contributions without predefined concentration infor
mation. In parallel, Set Transformer modeled compound–compound 
relationships through self–attention and learned set–level compositional 
patterns in the embedding space. These strategies enabled DmcFlavor to 
predict integrated flavor profiles from complex compound composi
tions, with the final output represented as a five–dimensional proba
bility distribution for bitter, pungent, salty, sour, and sweet attributes 
(Fig. 3A).

The performance of mixture–level models was evaluated using both 
internal and external validation. For external validation, an independent 
dataset comprising 211 herbs and 11,735 herb–compound records was 
constructed using constituent compound information from BATMAN- 
TCM 2.0 and documented flavor annotations from ETCM v2.0. 
Compared with direct weighted averaging, set–based learning models 
achieved better performance in internal validation, highlighting the 
importance of learning compound–specific contributions and composi
tional patterns for food and herb flavor prediction (Fig. 3B). Among 
these models, Set Transformer achieved the best overall performance 
and was therefore selected as the final mixture–level prediction model. 
Its superior performance suggests that self–attention–based modeling of 
compound–compound relationships is particularly effective for 

Fig. 3. Framework and performance evaluation of mixture-level flavor prediction in DmcFlavor. (A) Framework of the mixture-level prediction module. (B) 
Internal validation performance of mixture-level prediction models. (C) External validation performance of mixture-level prediction models. (D) Top-1, Top-2, and 
Top-3 predicted integrated flavor distributions of 826 FooDB foods. TEF, Transformer embedding feature; FFPV, five-flavor probability vector.
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capturing integrated flavor patterns in complex mixtures. The selected 
Set Transformer model was further evaluated on the external validation 
set, where DmcFlavor achieved a Top–1 ACC of approximately 0.62, 
while Top–2 and Top–3 ACC increased to approximately 0.87 and 0.97, 
respectively. The corresponding MRR was approximately 0.78, with a 
mean rank of approximately 1.55, indicating that documented flavor 
labels were generally ranked among the top predicted categories 
(Fig. 3C). These results demonstrate the generalization ability of 
DmcFlavor on independent herb mixtures and support its applicability 
to complex food and herb systems.

DmcFlavor was further applied to 826 foods comprising 64,720 
constituent compounds from FooDB to predict their integrated flavor 
profiles. As shown in Fig. 3D, the Top–1, Top–2, and Top–3 predicted 
flavor distributions showed that sweetness was the dominant Top–1 
flavor across foods. This result is notable because bitter compounds were 
the most abundant category at the compound level, whereas integrated 
food–level flavor profiles were dominated by sweetness. This shift from 
compound–level bitterness to mixture–level sweetness is consistent with 
common sensory perception of foods and suggests that DmcFlavor can 
distinguish isolated compound flavor tendencies from integrated flavor 
profiles emerging from complex food compositions.

3.3. Dynamic flavor profiling during tomato ripening and large–scale food 
flavor analysis

To further evaluate the predictive performance and interpretability 
of DmcFlavor in a real food system, tomato ripening data from Wang 
et al. (Xiao et al., 2026) were used as a representative case study 

(Table S5). Tomato fruits collected at Day 0, Day 3, Day 6, and Day 9 
represented progressive ripening stages from mature green to red–ripe 
(Fig. 4A). During ripening, tomato metabolites showed clear stage
–dependent changes across amino acids, flavonoids, organic acids, and 
saccharides (Fig. 4B). Overall, saccharides increased during ripening, 
whereas organic acids decreased, reflecting the typical transition from 
acidic immature fruit to sweeter ripe fruit. Amino acids and flavonoids 
also exhibited dynamic changes, suggesting broader metabolic remod
eling during postharvest ripening.

DmcFlavor predicted distinct flavor tendencies among metabolite 
classes (Fig. 4C). Amino acids were mainly associated with salty, sweet, 
and sour attributes; flavonoids were predominantly predicted as bitter; 
organic acids were mainly associated with sourness; and saccharides 
showed a strong sweet tendency. These predictions are consistent with 
known food chemistry characteristics and support the ability of 
DmcFlavor to assign chemically interpretable flavor attributes to food 
metabolites (Belloir et al., 2017; L. Li et al., 2023; Roland et al., 2013; 
Sood et al., 2025; X. Zhang et al., 2022).

The integrated tomato flavor profile changed progressively during 
ripening. Notably, baseline prediction without quantitative metabolite 
information produced a consistent overall flavor ranking, indicating that 
DmcFlavor could infer major flavor tendencies from compound 
composition alone. After incorporating ripening–stage metabolite 
abundance, the model captured temporal flavor changes more clearly 
(Fig. 4D, E). Sourness gradually decreased, sweetness gradually 
increased, and bitter, pungent, and salty attributes remained relatively 
stable. This trend is consistent with the sensory transition of tomato fruit 
from green and acidic to sweeter and more palatable at later ripening 

Fig. 4. Dynamic flavor profiling of tomato ripening using DmcFlavor. (A) Schematic representation of tomato ripening stages from Day 0 to Day 9. (B) Dynamic 
changes in representative tomato metabolites across ripening stages, including amino acids, flavonoids, organic acids, and saccharides. (C) Predicted flavor dis
tributions of different metabolite classes. (D) Predicted integrated flavor profiles of tomato across ripening stages. (E) Dynamic changes in predicted flavor scores 
during tomato ripening.
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stages (Y. Li et al., 2020), indicating that DmcFlavor can reflect bio
logically meaningful flavor changes when quantitative food composition 
data are available.

Compound–level contribution analysis further identified major fla
vor–driving metabolite classes and representative compounds associ
ated with tomato ripening (Fig. S2A–D). Overall, amino acids 
contributed to multiple taste dimensions, particularly salty and sweet 
attributes. Organic acids mainly contributed to sourness, supporting 
their role in the acidic taste of tomato fruit. Saccharides were predom
inantly associated with sweetness and represented major drivers of the 
increased sweet profile during ripening, whereas flavonoids contributed 
mainly to bitterness. At the individual compound level, 
1–O–feruloyl–β–D–glucose, L–mannopyranose, and dihydroferulic acid 
showed the strongest contributions to decreased sourness, while 
1–O–feruloyl–β–D–glucose and L–mannopyranose contributed most 
prominently to increased sweetness. These findings indicate that 
DmcFlavor can not only predict the overall integrated flavor profile of a 
food system but also trace flavor variation to specific metabolite classes 
and candidate flavor–contributing compounds.

DmcFlavor was further applied to large-scale food flavor profiling 
based on FooDB constituent compound information. The model inferred 
five-flavor distributions across 18 food categories, including fishes, 
baking goods, beverages, cereals and cereal products, cocoa and cocoa 
products, coffee and coffee products, confectioneries, eggs, fats and oils, 
fruits, gourds, herbs and spices, milk and milk products, nuts, pulses, 
soy, teas, and vegetables. The predicted flavor profiles varied markedly 
among food categories, indicating distinct category-specific flavor pat
terns. Baking goods were predominantly characterized by sweetness, 
with a relatively evident salty component (Fig. 5A). Beverages and 
coffee and coffee products showed pronounced bitter-dominant profiles 
(Fig. 5B, C), whereas fishes exhibited a distinct pattern characterized by 
relatively high pungent and sweet probabilities (Fig. 5D). Fruits showed 
a clear sweet-dominant profile (Fig. 5E), while herbs and spices dis
played a mixed profile with relatively high sweet and bitter probabilities 
(Fig. 5F). Among the remaining food categories, sweetness was domi
nant in cereals and cereal products, confectioneries, eggs, gourds, milk 
and milk products, nuts, pulses, soy, teas, and vegetables, whereas cocoa 
and cocoa products and fats and oils showed relatively higher bitter 
probabilities (Fig. S3). Overall, sourness was generally less prominent 
across most food categories (Table S6).

These category–specific patterns are broadly consistent with known 
food flavor characteristics. For example, the higher bitter tendency in 
cocoa, coffee, tea, herbs, and spices may be associated with the 
enrichment of polyphenols, alkaloids, flavonoids, and other secondary 

metabolites (Drewnowski, 2001; Shimizu et al., 2024; Soares et al., 
2018; Y. Xu et al., 2022), whereas the dominant sweetness observed 
in many common food categories likely reflects the contribution of 
carbohydrates and other sweet–associated constituents (An et al., 2025; 
Sukumaran & Palayyan, 2022). These results indicate that DmcFlavor 
can capture both shared and category-specific flavor tendencies across 
structurally diverse foods, providing an interpretable overview of food 
flavor diversity from compound composition and offering potential 
support for flavor evaluation, flavor correction, and product optimiza
tion in the food industry.

3.4. Flavor–health effect association analysis

Flavor is increasingly recognized not only as a sensory attribute but 
also as a chemical feature potentially associated with biological func
tions. Many flavor-related compounds, particularly plant secondary 
metabolites, possess both sensory properties and biological activities (S. 
Liu et al., 2024). In traditional Chinese medicine, flavor attributes have 
historically been associated with functional properties, such as bitter 
with anti-inflammatory effects and pungent with pain-relieving actions 
(M. Li et al., 2022; Lin & Lin, 2011). A potential biological basis for such 
associations is suggested by the extraoral expression of taste receptors 
and the involvement of sensory pathways in diverse physiological pro
cesses (Egan, 2024). For example, bitter taste receptors have been 
implicated in airway defense and bronchodilation (Conaway, Huang, 
Hernandez-Lara, Kane, Penn, & Deshpande, 2024), whereas transient 
receptor potential channels activated by pungent compounds participate 
in nociceptive and inflammatory signaling (Arora et al., 2021). 
DmcFlavor therefore provides a computational framework for exploring 
potential flavor–health effect associations from complex chemical 
compositions.

To explore associations between predicted flavor characteristics and 
pharmacological functions, DmcFlavor was applied to 12,042 DrugBank 
compounds (Table S7). Their predicted flavor distribution was domi
nated by bitter, followed by salty, sweet, pungent, and sour, showing an 
overall pattern similar to that of FooDB compounds (Fig. 6A). However, 
DrugBank and FooDB compounds differed significantly in molecular 
weight, XLogP, polar surface area, hydrogen-bond donor and acceptor 
counts, rotatable bond count, and molecular complexity (all P < 0.001; 
Table S8). Given these domain-level physicochemical differences, sub
sequent analyses focused on within-DrugBank comparisons.

Flavor profiles were then compared across eight pharmacological 
categories: antipyretics, analgesics, anti-inflammatory agents, anti
rheumatic agents, anti-asthmatic agents, bronchodilator agents, 

Fig. 5. Representative predicted five-flavor profiles across food categories. (A) baking goods, (B) beverages, (C) coffee and coffee products, (D) fishes, (E) fruits, 
and (F) herbs and spices.
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laxatives, and dietary supplements. Most categories exhibited bitter- 
dominant profiles, whereas laxatives and dietary supplements showed 
higher salty components (Fig. 6B and C). Given the predominance of 
bitterness, potential physicochemical confounding was evaluated using 
fractional logistic regression. In single-covariate models, pharmacolog
ical category–bitterness associations were generally directionally 
consistent after separate adjustment for individual physicochemical 
descriptors (Table S9). In the fully adjusted model incorporating all 
seven descriptors, anti-asthmatic agents (P < 0.01) and bronchodilator 
agents (P < 0.05) were significantly associated with higher predicted 
bitterness, whereas dietary supplements were associated with lower 
predicted bitterness (P < 0.01) (Fig. S4A). These findings suggest that 
the observed associations were not fully accounted for by the major 

physicochemical characteristics examined. Potential structural contri
butions were further assessed using generic Bemis–Murcko scaffolds. 
Bitter and non-bitter compounds contained 210 and 28 unique scaffolds, 
respectively, with only 11 shared between the two groups (Fig. S4B). 
Scaffold enrichment analysis further identified distinct scaffolds signif
icantly enriched in specific pharmacological categories (Table S10), 
indicating category-dependent differences in scaffold composition. 
Together, these results suggest potential associations between predicted 
flavor characteristics and pharmacological categories, although further 
investigation is needed to better understand these relationships.

Finally, ginger and ginkgo seed were selected as representative 
food–medicine homologous herbs to illustrate potential associations 
between predicted flavor characteristics and reported health effects. 

Fig. 6. Flavor–health effect association analysis based on DmcFlavor predictions. (A) Predicted five-flavor distribution of DrugBank compounds. (B) Flavor 
composition across 8 pharmacological categories. (C) Five-flavor probability distributions across the 8 pharmacological categories. (D) Flavor–health effect asso
ciation analysis of ginger and ginkgo seed.

T. Xu et al.                                                                                                                                                                                                                                       Food Chemistry 531 (2026) 151386 

8 



FooDB compound–health effect annotations were mapped to the corre
sponding DmcFlavor predictions (Fig. 6D). Ginger showed predomi
nantly pungent and bitter characteristics, with corresponding 
compounds associated with reported anti-inflammatory and antiemetic 
effects (Anh et al., 2020; Shaukat et al., 2023). In contrast, ginkgo seed 
showed more prominent sweet and bitter characteristics, with corre
sponding compounds associated with reported gastroprotective, hep
atoprotective, and purgative effects (Boateng, 2022; Y. Liu et al., 2022). 
These examples illustrate potential associations between compound- 
derived flavor characteristics and reported health effects.

3.5. Comparison with other models of multi–flavor prediction

To further contextualize the compound–level performance of 
DmcFlavor, we compared it with representative multi–flavor prediction 
models (Table S11). Because DmcFlavor is the first framework designed 
for mixture–level integrated multi–flavor prediction of foods and herbs, 
no existing model provides a directly comparable mixture–level 
benchmark. Therefore, the comparison was restricted to com
pound–level multi–flavor classification. FART showed strong perfor
mance in compound–level multi–flavor prediction, whereas 
VirtuousMultiTaste also focused on compound–level multi–flavor clas
sification but could not be reproduced under the same experimental 
setting. Among the reproducible models, DmcFlavor achieved the best 
overall compound–level performance and, more importantly, further 
enabled mixture–level prediction from constituent compound compo
sition. These results indicate that DmcFlavor provides competitive 
compound–level classification performance while extending flavor 
prediction to complex food and medicinal–food homologous herbs.

3.6. DmcFlavor web server

DmcFlavor is available as a web-based application at https://www. 
tcmait.com, supporting both single-compound and mixture-level flavor 
prediction, result visualization, and data download (Fig. 7). Detailed 

usage instructions are provided in the Supplementary Material, Section 
2.

4. Conclusion

In this study, we developed DmcFlavor, a compound–informed 
computational framework for predicting and interpreting integrated 
flavor profiles of foods and herbs from chemical composition. DmcFla
vor performs flavor prediction at both compound and mixture levels. At 
the compound level, multiple molecular representation strategies were 
compared, and the Transformer–based model achieved the best perfor
mance for predicting five flavor attributes: bitter, pungent, salty, sour, 
and sweet. At the mixture level, each food or herb was represented as an 
unordered set of constituent compounds, and Set Transformer was used 
to learn integrated flavor profiles from compound composition. This 
design enables DmcFlavor to extend flavor prediction from individual 
compounds to complex food and herb mixtures while capturing com
pound–specific contributions and set–level compositional patterns. Ap
plications to tomato ripening, large–scale FooDB food profiling, and 
medicinal–food homologous herbs demonstrated that DmcFlavor can 
reflect biologically meaningful flavor changes, characterize categor
y–specific food flavor patterns, and provide interpretable associations 
between flavor–related chemical features and potential health functions.

Overall, DmcFlavor provides a scalable and interpretable strategy for 
integrated food flavor evaluation and the systematic exploration of food 
therapy. By identifying compounds associated with specific flavor at
tributes and their contributions to overall flavor changes, DmcFlavor 
may also support targeted flavor modulation during food processing and 
the screening of natural food additives or flavor-modulating compounds 
for improving undesirable sensory characteristics. Nevertheless, several 
limitations remain. In particular, the relative proportions of constituent 
compounds and their sensory activation thresholds were not fully 
incorporated, as such information is rarely available, difficult to stan
dardize, and highly variable across diverse foods and herbs. A key 
challenge for further development is therefore to determine the 

Fig. 7. Web interface of the DmcFlavor platform.
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concentration levels at which individual compounds substantially in
fluence desirable or undesirable flavor attributes. Future validation 
using standardized sensory-panel ratings or other experimentally 
measured sensory profiles would provide important independent evi
dence for evaluating the predicted integrated flavor profiles of 
DmcFlavor. Further integration of such sensory data with quantitative 
composition data, sensory thresholds, and food processing records could 
enable more accurate, concentration-dependent assessment of individ
ual compound contributions and improve mixture-level flavor 
prediction.

The current framework is also limited to 5 sensory attributes and 
does not encompass the full spectrum of food flavor, particularly aroma- 
related properties. This scope largely reflects the availability and 
annotation systems of the reference datasets used for model develop
ment. Future extensions incorporating additional sensory dimensions, 
such as umami and kokumi, together with aroma-related properties, 
could provide a more comprehensive characterization of food sensory 
profiles and broaden the applicability of DmcFlavor to food design, 
personalized nutrition, and food therapy research.
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