FoodBench-QA: Overview of the Shared Task on Grounded Food
and Nutrition Question Answering

Tome Eftimov'?, Ana Gjorgjevikj', Matej Martinc', Gjorgjina Cenikj',
Saso Dzeroski' , Barbara Korousi¢ Seljak!3
1 Jozef Stefan Institute, Jamova cesta 39, Ljubljana, Slovenia
2 Jozef Stefan International Postgraduate School, Jamova cesta 39, 1000 Ljubljana, Slovenia
3 Medical Faculty, University of Ljubljana, Vrazov trg 2, 1000 Ljubljana, Slovenia
{tome.eftimov, ana.gjorgjevikj, matej.martinc, gjorgjina.cenikj, saso.dzeroski, barbara.korousic}@ijs.si

Abstract
We present the results of the FoodBench-QA 2026 shared task at the CL4Health workshop, collocated with LREC
2026. FoodBench-QA challenges systems to answer food and nutrition questions using evidence from food
composition databases and food-related ontologies. The shared task comprises three main tasks: nutrient estimation
from recipe ingredients, evaluated using EU Regulation 1169/2011 tolerance thresholds; FSA traffic-light classification
for fat, salt, saturates, and sugars; and food named entity recognition and linking to three ontologies, namely Hansard
Taxonomy, FoodOn, and SNOMED CT. We received submissions from five participating teams across all tasks. For
nutrient estimation, the best system achieved accuracy rates of 93.57% for protein, 86.50% for sugars, 84.65% for fat,
and 86.26% for saturates. For FSA traffic-light prediction, the best macro F1 scores ranged from 0.65 to 0.90 across
different nutrient-color combinations. For named entity linking, the best systems achieved macro F1 scores between
60.71% and 80.89% for natural text and 87.75% and 95.75% for artificial NEL datasets, depending on the ontology.
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1. Introduction

Accurate food and nutrition information is essen-
tial for public health, dietary assessment, and per-
sonalized nutrition recommendations (Carlsen and
Bruggemann, 2022; Agostoni et al., 2021; Guilpart
et al., 2022). However, extracting and linking food-
related information from text remains challenging
due to the complexity of food terminology, the va-
riety of ingredient descriptions, and the need to
ground answers in authoritative food composition
databases and food-related ontologies (Greenfield
and Southgate, 2003; Gjorshoska et al., 2022).

The FoodBench-QA 2026 shared task addresses
these challenges by providing a comprehensive
evaluation framework for food and nutrition ques-
tion answering systems. The task is designed to
assess systems’ abilities to estimate nutritional con-
tent (protein, sugars, fat, saturated fat) from recipe
ingredients according to European Union (EU) regu-
latory standards (Bairati, 2017), classify food items
according to the UK Food Standards Agency (FSA)
traffic-light labeling system (Balcombe et al., 2010),
and recognize and link food entities to standard-
ized ontologies including Hansard Taxonomy (Aber-
crombie and Batista-Navarro, 2018), FoodOn (Doo-
ley et al., 2018), and SNOMED CT (Donnelly et al.,
20086).

The challenge builds upon the FoodBench
dataset, a curated benchmark of question-answer
pairs designed for training and evaluating large lan-
guage models in food and nutrition domains. This
shared task represents the first community evalu-

ation focused specifically on grounded food and
nutrition question answering, following the tradition
of successful BioNLP shared tasks.

FoodBench-QA 2026 was organized as part of
the Third Workshop on Patient-Oriented Language
Processing (CL4Health), collocated with LREC
2026: Language Resources and Evaluation Confer-
ence in Palma, Mallorca, Spain. The workshop pro-
vides a venue for computational linguistics research
focused on patients’ health and health-related is-
sues concerning the public.

2. Background

To contextualize our approach, we summarize prior
work in food and nutrition natural language process-
ing (NLP), relevant ontologies, and applicable EU
regulations.

Food and Nutrition NLP. Natural language pro-
cessing for food and nutrition has gained increas-
ing attention due to its applications in dietary as-
sessment, food safety monitoring, and personal-
ized nutrition (Cenikj et al., 2025). Previous work
has addressed various aspects, including ingredi-
ent recognition (Stojanov et al., 2021, 2020; Cenikj
et al., 2022a, 2020), recipe parsing (Popovski et al.,
2019a,b; Ispirova et al., 2022), and nutrient estima-
tion (Ispirova et al., 2024). However, standardized
evaluation benchmarks have been lacking in this
domain. Such benchmarks are essential in NLP
and machine learning because they enable fair, re-
producible, and transparent comparison of models
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using shared datasets and metrics. They help track
progress, identify strengths and weaknesses, and
support scientific rigor through replicability. At the
same time, they must be carefully designed and
regularly updated to avoid overfitting and ensure
real-world relevance.

Food Ontologies and Datasets. Three major se-
mantic resources are used in this shared task. The
Hansard Taxonomy is a hierarchical classification
system for food products using structured codes
such as AG.01.k [Flour], providing standardized
categorization for food items (Parliament, 2022).
FoodOn is a comprehensive ontology that covers
food sources, food products, and their production
processes, using URIs from the OBO (Open Bio-
logical and Biomedical Ontology) namespace and
including links to NCBI Taxonomy for biological
species (Dooley et al., 2018). SNOMED CT, the
Systematized Nomenclature of Medicine Clinical
Terms, includes food-related concepts relevant for
clinical and medical applications, with URIs follow-
ing the BioOntology format (Donnelly et al., 2006).

EU Regulation 1169/2011. The European Union
Regulation 1169/2011 on food information to con-
sumers establishes tolerance thresholds for nutri-
tional declarations (Bairati, 2017). These thresh-
olds define acceptable deviations between de-
clared and actual nutrient values, providing a nat-
ural evaluation framework for nutrient estimation
systems.

3. Task Descriptions

FoodBench-QA 2026 comprises three main tasks,
with subtasks based on input modalities (Gjorgjevikj
et al., 2026).

Task 1: Nutrient Estimation. The nutrient esti-
mation task requires systems to predict the nutri-
tional content per 100g for recipes based on their
ingredients. Two subtasks were defined based on
the input provided to systems (Neuhouser et al.,
2023; Ispirova et al., 2024). In Task 1.1 (Ingre-
dients Only), systems receive only the list of in-
gredients with quantities, while in Task 1.2 (Title +
Ingredients), systems receive both the recipe title
and the complete ingredient list. Four nutrients are
evaluated: protein, sugars, fat, and saturated fat
(saturates), with all values expressed in grams per
100g.

Task 2: FSA Traffic-Light Classification. The
FSA traffic-light task requires systems to classify
the nutritional quality of recipes according to the UK
Food Standards Agency color-coded system (Bal-
combe et al., 2010; Kunz et al., 2020; Emrich et al.,

Nutrient ti d;

Protein, Sugars < 10 <2
10 <t; <40 <0.2¢;
> 40 <8
Fat <10 <15
10<t; <40 < 0.2t
> 40 <8
Sat. Fat <4 <0.8
>4 <0.2t;

Table 1: Tolerance rules used to evaluate nutrient
estimation. ¢; denotes the ground truth value, r;
the predicted value, and d; = |¢t; — r;| the absolute
difference.

2017). Each of four nutrients (fat, salt, saturates,
sugars) must be classified as green (low), orange
(medium), or red (high). Similar to Task 1, two sub-
tasks were defined: Task 2.1 performs classifica-
tion based on the ingredient list and their quantities,
while Task 2.2 uses the title, ingredients, and their
quantities. This formulation results in a 12-class
classification problem with four nutrients multiplied
by three color categories.

Task 3: Named-Entity Recognition and Linking.
The NER+NEL task requires systems to identify
food entities in text and link them to ontology con-
cepts (Eftimov et al., 2017; Popovski et al., 2019a;
Cenikj et al., 2020; Stojanov et al., 2021; Cenikj
et al., 2022a; Gjorgjevikj et al., 2025). Two sub-
tasks address different data sources. Task 3.1
(NER+NEL) is performed on two corpora: Scien-
tific Abstracts (SA) containing technical food sci-
ence literature (Cenikj et al., 2022b), and Food
Composition Data (FCD) containing recipe descrip-
tions (Ispirova et al., 2022). Task 3.2 (Artificial NEL)
focuses on pure entity linking with pre-identified en-
tities. In both subtasks, three ontologies have been
considered: FoodOn, SNOMED CT, and Hansard
Taxonomy.

4. Evaluation Metrics

Below we summarize the evaluation framework and
metrics used to measure system effectiveness.

Task 1: Nutrient Estimation Metrics. Nutrient
estimation is evaluated using tolerance thresholds
defined in EU Regulation 1169/2011. A prediction
is considered within tolerance based on specific
rules for each nutrient type (see Table 1). The
accuracy for each nutrient is calculated as the pro-
portion of predictions falling within the tolerance
threshold.
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Task 2: FSA Traffic-Light Metrics. Each
category-color combination is treated as a sepa-
rate class, resulting in 12 classes total. Evaluation
metrics include per-class Precision, Recall, and
F1-Score.

Task 3: NER+NEL Metrics Entity linking is evalu-
ated using two averaging methods. Macro Average
calculates metrics per semantic tag and then aver-
ages them, giving equal weight to each semantic
tag. Weighted Average weights metrics by the num-
ber of ground truth links per semantic tag. For each
averaging method, we report Precision, Recall, and
F1-Score. Entities with multiple tags are evaluated
independently for each entity-link pair (This occurs
due to the semantic nature of the tags (parent—child
hierarchy) or the use of general food groups when
the specific entity is not available).

5. Datasets

This section presents the datasets constructed for
each task and summarizes their main statistics.
Further details on the dataset construction process,
the resources from which the datasets were derived,
and the corresponding train—test splits are available
in (Gjorgjevikj et al., 2026).

Task 1 and Task 2: Recipe Data. The nutrient
estimation and FSA traffic-light datasets are derived
from the Recipe1+ dataset (Marin et al., 2021). Ta-
ble 2 reports the number of QA pairs in the datasets
for Tasks 1 and 2.

Task Training Test
T1.1 — Ingredients Only 58,567 29,648
T1.2 — Title + Ingredients 58,652 29,649
T2.1 — Ingredients Only 58,585 29,578
T2.2 —Title + Ingredients 58,583 29,671

Table 2: Number of QA pairs in the FoodBench-
QA T1 and T2 datasets.

Task 3.1: Natural Text NER+NEL. Two corpora
were provided for the NER+NEL task on natural
text. The Food Composition Data (FCD) contains
997 recipe descriptions with annotated food en-
tities, split into 514 training recipes (51.6%) and
483 test recipes (48.4%) using a stratified split by
recipe categories (Popovski et al., 2019b; Ispirova
et al., 2022). The Scientific Abstracts (SA) corpus
contains 470 scientific abstracts from food science
literature, split into 329 training abstracts (70.0%)
and 141 test abstracts (30.0%) using a random
70/30 split due to high category diversity (Ceniki
et al., 2022b). Both datasets include annotations

for three ontologies: Hansard Taxonomy, FoodOn,
and SNOMED CT.

Task 3.2: Artificial NEL. Three artificial entity
linking datasets were created with pre-identified
food entities. Artificial IR instances were gener-
ated to balance the distribution of food entities
by identifying underrepresented entities for T3.1
and augmenting them until 2 minimum threshold
of 150 mentions per entity was reached. The
generated instances consist only of NEL instruc-
tion—response pairs linking sampled entity labels
to FoodOn, Hansard, and SNOMED-CT, ensuring
that all ontology entities are observed during fine-
tuning while preventing duplicate examples to avoid
data leakage (more details in (Gjorgjevikj et al.,
2025). The FoodOn NEL dataset is the largest
with 13,492 entries, split into 9,445 training en-
tries (70.0%) and 4,047 test entries (30.0%), con-
taining 587 unique entities of which 42 are rare
entities reserved for zero-shot evaluation. The
SNOMEDCT NEL dataset contains 4,445 entries
with a medical and clinical terminology focus, split
into 3,112 training entries (70.0%) and 1,333 test
entries (30.0%), with 310 unique entities including
30 rare entities. The Hansard NEL dataset con-
tains 1,611 entries with the highest entity diversity,
split into 915 training entries (56.8%) and 696 test
entries (43.2%), featuring 1,082 unique entities of
which 568 (52.6%) are rare entities, providing the
most challenging zero-shot evaluation scenario.

All artificial NEL datasets employ stratified splits
with rare entity protection, ensuring that entities ap-
pearing three or fewer times in the full dataset are
exclusively placed in the test set for zero-shot eval-
uation. Table 3 summarizes the complete dataset
statistics for the NER+NEL subtask.

6. Participating Systems

Five teams registered for FoodBench-QA 2026,
with varying levels of participation across tasks.
The best-ranked team (labeled as Team 1) partic-
ipated in all tasks and submitted the most com-
prehensive set of runs, achieving the best results
across most subtasks. The second-best team (la-
beled as Team 2) also participated in all tasks with
competitive submissions. Team 3 focused on Task
1 (nutrient estimation), while Team 4 and Team
5 participated in the development phase. Partici-
pants were allowed to submit multiple runs to ex-
plore different configurations. The test phase ran
from February 1-9, 2026, with submissions evalu-
ated on the CodaBench platform .

%https://www.codabench.org/
competitions/12112/
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Dataset Total Train Test Unique Ent. Rare Ent.
T3.1.1 — SA (Abstracts) 470 329 141 - -
T3.1.2 — FCD (Recipes) 997 514 483 - -
T3.2.1 — Artificial FoodOn 13,492 9,445 4,047 587 42
T3.2.2 — Artificial SNOMEDCT 4,445 3,112 1,333 310 30
T3.2.3 — Artificial Hansard 1,611 915 696 1,082 568
Total 21,015 14,315 6,700 - -

Table 3: Summary of FoodBench-QA 2026 NER+NEL Datasets.

Applied methodologies. Team 1: For T1, arule-
based, evidence-grounded pipeline was developed
in which heterogeneous ingredient measurements
were resolved, quantities were standardized un-
der Sl standards (NIST SP 811), and interpretable,
recipe-level nutrient values were deterministically
estimated using publicly available resources (USDA
FoodData Central and Recipe1M+). For T2 and T3,
lightweight text-based classification was applied for
FSA traffic-light prediction, and rule-based entity
recognition was employed together with dictionary-
driven ontology linking. Team 2: For T1, nutrient
estimation and entity linking were framed as re-
trieval tasks rather than generative tasks, using TF-
IDF and k-NN to identify the most similar recipes
in the training database. To preserve authentic
nutrient profiles, a conditional routing rule was im-
plemented: when a retrieved recipe was nearly
identical (over 95% similarity), ensembling was by-
passed and the exact nutritional values were di-
rectly adopted. For standard matches below this
threshold, a squared weighted voting mechanism
was applied to ensure that high-confidence neigh-
bors dominated the final prediction. For T2, an iden-
tical retrieval-augmented architecture to T1 was
utilized. TF-IDF vectorization and weighted k-NN
retrieval were applied to predict Food Standards
Agency categories based on the closest neighbors.
The same conditional routing rule was also applied
to bypass ensembling and directly adopt categories
from nearly identical matches (over 95% similarity).
For T3.1 and 3.2 (NER and NEL), a unified Hy-
brid Regex-Dictionary approach was employed for
both Named Entity Recognition and Linking. Re-
call was optimized using an automatic pluralization
engine, while high precision was ensured through
a Longest-Match-First regex strategy to prevent
substring errors. The extracted entities were then
mapped directly to the FoodOn, SNOMED CT, and
Hansard ontologies using a high-precision dictio-
nary, supported by an automated post-processing
pipeline for strict formatting compliance. Team 3:
For T1, multiple modeling strategies were evalu-
ated to estimate recipe-level nutrients from unstruc-
tured ingredient lists, ranging from traditional lexical
matching to large language models. A TF-IDF rep-
resentation coupled with Ridge Regression was

used as a lightweight baseline, providing moder-
ate estimation accuracy with near-instantaneous
inference. To assess deeper semantic modeling,
the DeBERTa-v3 encoder was evaluated, although
its performance was limited by the scarcity of task-
specific training data. In addition, few-shot infer-
ence with large language models (e.g., Gemma-3-
27B) and a hybrid refinement pipeline combining
TF-IDF retrieval with Gemini 2.5 Flash were ex-
plored. These approaches leverage pre-trained
world knowledge to implicitly perform ingredient
disambiguation and unit normalization, achieving
higher accuracy under the strict tolerance criteria
of EU Regulation 1169/2011, albeit at the cost of
increased computational latency. For T2 and T3,
lightweight text-based classification was applied for
FSA traffic-light prediction, while rule-based entity
recognition combined with ontology-based entity
linking was used to map extracted food entities
to controlled vocabularies. Baseline: To assess
whether LLM-based solutions show promising sig-
nals when trained on the data, a previous study re-
ports results for each task (Gjorgjevikj et al., 2026).
However, these results should be interpreted cau-
tiously, as the evaluations were not performed using
identical training and test splits.

7. Results

We present the task-wise results and compare the
performance of the submitted systems.

Task 1: Nutrient Estimation Results. Table 4
presents the results for the nutrient estimation task,
where accuracy represents the percentage of pre-
dictions within EU Regulation 1169/2011 tolerance
thresholds.

The best results were achieved by “Team 17,
with accuracy rates exceeding 84% for all nutri-
ents when using title and ingredients (T1.2) (see
Figure 1). Adding recipe titles provided marginal im-
provements over ingredients-only predictions, with
the largest gain observed for sugars at 0.06 per-
centage points.
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Task Team Protein Sugars Fat Saturates
Team 1 (best) (six entries) 93.44 86.44 84.46 86.18

T1 1 Team 2 (a single entry) 76.35 69.66 67.45 71.55
' Team 3 (two entries) 59.71 43.08 39.21 47.13
T1 2 Team 1 (best) (six entries) 93.57 86.50 84.65 86.26
' Team 2 (a single entry) 77.73 71.67 69.28 73.41

Table 4: Task 1 Results: Nutrient Estimation Accuracy (%)

Task 1 Results: Nutrient Estimation Accuracy (%)

(a) Task 1.1

(b) Task 1.2

Accuracy (%)

Protein Fat Saturates

Sugars
Nutrient

[ Team 1 (best)

[ Team 2

Accuracy (%)

Protein

Sugars Fat
Nutrient

Saturates

N Team 3

Figure 1: Task 1 results: Nutrient estimation accuracy (%) across participating teams.

Task 2: FSA Traffic-Light Results. Table 5
presents the F1-scores for each nutrient-color com-
bination, showing results for the best-performing
submissions (also see Figure 2). The results show
that green (low) classifications are generally eas-
ier to predict than orange (medium) and red (high)
classifications. The orange category consistently
shows the lowest F1-scores across all nutrients,
suggesting that medium-level classifications are
most challenging. Adding recipe titles improved
classification performance across most categories.
Across both teams, the best overall performance
was achieved by Team 2 in Task 2.1 (notably for
Saturates and Salt), while Team 1 dominated Task
2.2, consistently obtaining the highest F1-scores
across most nutrients and traffic-light classes when
title information was included.

Task 3.1: NER+NEL on Natural Text Results
Table 6 presents the entity linking results for natural
text datasets.

The results demonstrate that SNOMED CT link-
ing achieves the highest F1-scores for both SA and
FCD datasets, followed by FoodOn and Hansard.
The higher precision on FCD compared to SA sug-
gests that recipe text is easier to process than scien-
tific abstracts. Across both subtasks, clear perfor-

mance differences emerge between the two teams.
On T3.1.1 (Scientific Abstracts), Team 1 consis-
tently outperforms Team 2 in terms of Weighted
F1 across all three ontologies, with particularly
strong results for SNOMED CT (F1 = 80.89), where
it achieves both the highest precision and recall.
Team 2 remains competitive in precision, espe-
cially for FoodOn and SNOMED CT, but lower recall
limits its overall F1 performance on this dataset.
In contrast, on T3.1.2 (Food Composition Data),
Team 2 demonstrates stronger overall performance,
achieving the highest Weighted F1 scores for all
three ontologies, including the best overall result
(F1 = 80.89 on SNOMED CT). While Team 1 main-
tains strong recall, particularly for Hansard and
SNOMED CT, Team 2’s higher precision across on-
tologies leads to superior overall F1 performance.
Notably, SNOMED CT emerges as the most robust
ontology across both datasets and teams, consis-
tently yielding the highest scores (see Figure 3).

Task 3.2: Artificial NEL Results. Table 7
presents the entity linking results for the artificial
NEL datasets.

The artificial NEL task shows significantly higher
performance than natural text NER+NEL (see Fig-
ure 4). In Task 3.2 (Artificial NEL), Team 1 clearly
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Task 2 Results:

Task 2.1
(Ingredients Only)

Saturates

Task 2.2
(Title + Ingredients)

Saturates

=0~ Team 1

FSA Traffic-Light F1-Scores

Orange

Saturates Saturates

Team 2 |

Figure 2: Task 2 results: FSA traffic-light classification F1-scores across nutrients and teams.

Nutrient Team Green Orange Red
Task 2.1 (Ingredients Only)
Fat Team 1 0.828 0.709  0.791
Salt Team1 0.875 0.657 0.758
Saturates Team 1 0.851 0.577 0.802
Sugars Team 1 0.860 0.616  0.806
Fat Team2 0.828 0.750 0.764
Salt Team?2 0.874 0.743 0.768
Saturates Team?2 0.858 0.707 0.814
Sugars Team2 0.867 0.656 0.693
Task 2.2 (Title + Ingredients)
Fat Team 1 0.856 0.756 0.818
Salt Team 1 0.898 0.718 0.794
Saturates Team1 0.877 0.647 0.831
Sugars Team 1 0.880 0.687 0.847
Fat Team2 0.822 0.749 0.765
Salt Team 2 0.866 0.730 0.764
Saturates Team?2 0.857 0.707 0.812
Sugars Team2 0.866 0.662 0.692
Table 5: Task 2 Results: FSA Traffic-Light F1-

Scores

outperforms Team 2 across all ontologies and eval-
uation metrics. Team 1 achieves substantially
higher recall, particularly for FoodOn (94.80) and
SNOMED CT (98.90), which translates into con-
sistently superior F1 scores. The largest perfor-
mance gap is observed for Hansard, where Team
1 reaches an F1 of 87.75 compared to 56.20 for
Team 2. Although Team 2 remains competitive in
precision—especially for FoodOn and SNOMED
CT—the significantly lower recall limits its overall
effectiveness.

8. Analysis of Results

The following analysis highlights major trends and
insights derived from the experimental results.

Task Difficulty Analysis: The results reveal a
clear hierarchy of task difficulty. Artificial NEL
proved to be the easiest task, with weighted F1-
scores reaching up to 95.75%, benefiting from pre-
identified entities that eliminate the need for en-
tity recognition. Nutrient estimation achieved accu-
racy rates up to 93.57%, leveraging well-defined
tolerance thresholds. FSA traffic-light classifica-
tion showed F1-scores ranging from 0.61 to 0.90,
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Dataset Ontology Team Precision Recall F1
T3.1.1 — Scientific Abstracts (SA)

SA Hansard Team 1 54.11 71.51 60.71
SA Hansard Team 2 4799 38.38 41.13
SA FoodOn Team 1 7453 7148 71.38
SA FoodOn Team 2 75.16 5423 61.43
SA SNOMEDCT Team 1 83.90 84.34 80.89
SA SNOMEDCT Team?2 83.90 69.40 74.32
73.1.2 — Food Composition Data (FCD)
FCD Hansard Team 1 7435 77.06 75.09
FCD Hansard Team 2 81.04 7560 77.75
FCD FoodOn Team 1 91.15 70.39 77.92
FCD FoodOn Team 2 94.67 69.98 79.01
FCD SNOMEDCT Team 1 91.30 72.65 79.42
FCD SNOMEDCT Team 2 95.10 72.51 80.89

Table 6: Task 3.1 Weighted Results: NER+NEL on Natural Text (Best Submissions)

Task 3.1 Results: NER+NEL on Natural Text (Weighted Scores)
Hansard FoodOn SNOMEDCT

Precision Precision Precision

T3.1.1
(Scientific
Abstracts)

Precision Precision Precision

T3.1.2
(Food Composition
Data)

=O- Team 1 Team 2 ‘

Figure 3: Performance evaluation of named entity recognition and linking on natural text: A comparison
across Scientific Abstracts (T3.1.1) and Food Composition Data (T3.1.2).

with orange classifications proving most challeng- Impact of Recipe Titles: Comparing the
ing across all nutrients. Natural text NER+NEL  ingredients-only subtasks (T1.1 and T2.1) with
emerged as the hardest task with F1-scores upto  the title plus ingredients subtasks (T1.2 and
80.89%, as it requires both accurate entity recogni-  T2.2) reveals the impact of additional contextual
tion and correct linking to ontology concepts. information. Nutrient estimation showed marginal
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Dataset Ontology Team Precision Recall F1
Task 3 — Natural Text Evaluation
Artificial text Hansard Team 1 90.53 85.89 87.75
Artificial text Hansard Team 2 75.48 45.86 56.20
Artificial text FoodOn Team 1 86.35 94.80 90.04
Artificial text FoodOn Team 2 9249 6456 74.71
Artificial text SNOMED CT Team 1 93.07 98.90 95.75
Artificial text SNOMED CT Team 2 93.22 72.01 80.68

Table 7: Task 3.2 Weighted Results: Artificial NEL (Best Submissions).

Task 3.2 Results: Artificial NEL on Natural Text (Weighted Scores)

Hansard

Precision
50:

FoodOn

Precision

SNOMEDCT

Precision

-O— Team 1

Team 2

Figure 4: Performance analysis of named entity linking on artificially generated text using Hansard,

FoodOn, and SNOMED CT ontologies.

improvements of approximately 0.13 percentage
points for protein and 0.06 percentage points for
sugars. FSA traffic-light classification demon-
strated more substantial improvements, particularly
for red classifications. Recipe titles provide contex-
tual information that helps disambiguate ingredient
interpretations and improve overall prediction
accuracy.

Ontology-Specific Performance: Across both
natural text (scientific abstracts and recipe de-
scription) and artificial NEL tasks, consistent pat-
terns emerged in ontology-specific performance.
SNOMED CT consistently achieved the highest F1-
scores, likely due to more standardized medical
terminology that facilitates accurate entity linking.
FoodOn showed strong performance with good cov-
erage of food items across diverse categories.

Zero-Shot Evaluation: The artificial NEL
datasets were specifically designed with rare
entities (appearing three or fewer times) exclusively
in the test set to enable zero-shot evaluation.
The FoodOn dataset contains 42 rare entities,

SNOMED CT contains 30 rare entities, and
Hansard contains 568 rare entities representing
52.6% of its unique entities. The Hansard dataset
provides the most challenging zero-shot scenario
due to its high proportion of rare entities, testing
systems’ ability to generalize to previously unseen
food terminology.

9. Conclusions and Future Work

FoodBench-QA 2026 established the first
community benchmark for grounded food and
nutrition question answering, attracting five
teams and providing insights into the capabilities
and limitations of current food NLP systems.
It introduced a multi-task evaluation frame-
work for nutrient estimation, FSA classification,
and entity linking, with datasets, evaluation
scripts, and submissions publicly available on
CodaBenchhttps://www.codabench.org/
competitions/12112/ and Zenodo at https:
//doi.org/10.5281/zenodo.17798877.
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11. Ethics Statement and Broader
Impact

Intended Use and Societal Impact. The
FoodBench-QA shared task aims to advance
research in grounded food and nutrition ques-
tion answering, with potential applications in
dietary assessment, public health monitoring, and
personalized nutrition support. By promoting stan-
dardized evaluation benchmarks and transparent
comparison of methods, the task contributes to the
development of reliable Al systems for food and
health-related information processing. However,
the presented systems are intended for research
purposes and should not be used as substitutes
for professional medical or nutritional advice.

Risks and Misuse. Automated nutrient estima-
tion and food classification systems may produce
inaccurate predictions, particularly in cases of in-
complete ingredient information, ambiguous food
descriptions, or unseen entities. Incorrect nutri-
tional estimates or classifications could potentially
mislead users if deployed without appropriate vali-
dation or human oversight. We therefore empha-
size that outputs should be interpreted with caution
and require expert verification in real-world health
or clinical applications.

Data Sources and Privacy. The datasets used
in the shared task are derived from publicly avail-
able resources, including recipe datasets, scientific
abstracts, and food ontologies. These datasets
do not contain personally identifiable information,
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and no personal or sensitive user data were col-
lected or processed. The annotation and dataset
construction processes followed standard research
practices to ensure responsible data handling.

Bias and Representation. The datasets primar-
ily reflect food terminology, recipes, and nutritional
standards derived from specific cultural and regu-
latory contexts, including European Union nutrition
regulations and English-language resources. As a
result, the benchmark may not fully represent global
dietary practices, regional cuisines, or multilingual
food descriptions. Systems trained or evaluated
on this benchmark may therefore exhibit reduced
performance for underrepresented food concepts
or cultural contexts.

Reproducibility and Transparency. To pro-
mote transparency and responsible research, all
datasets, evaluation scripts, and submission re-
sults are publicly released through CodaBench and
Zenodo. This enables independent validation, com-
parison of methods, and further research on trust-
worthy food and nutrition Al systems.

12. Limitations

The FoodBench-QA shared task has several limita-
tions that should be considered when interpreting
the results.

First, participation was limited to a small num-
ber of teams, and not all teams submitted results
for every task or subtask. This restricts the diver-
sity of methodological approaches and limits the
generalizability of performance comparisons.

Second, the benchmark focuses on structured
recipe data and curated text corpora, which may
not fully capture the complexity and variability of
real-world food descriptions, informal language, or
multilingual settings.

Third, nutrient estimation is evaluated using
tolerance thresholds defined by EU Regulation
1169/2011, which provide a regulatory evaluation
framework but may not reflect all practical require-
ments for dietary assessment or clinical decision-
making.

Fourth, the artificial named entity linking datasets
simplify the problem by providing pre-identified en-
tities, which do not fully reflect the challenges of
end-to-end information extraction from natural text.

Finally, although the benchmark covers multiple
ontologies, it remains limited to three semantic re-
sources and does not account for the full diversity
of food-related knowledge representations.

Future work should address these limitations
by expanding dataset diversity, increasing partici-
pation, incorporating multilingual and culturally di-



verse food data, and evaluating systems in real-
world deployment scenarios.
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