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Food-safety occurrence databases are increasingly important for surveillance, evidence appraisal, and quanti-
tative risk assessment, yet their routine analytical use remains constrained by the need for database literacy 
and statistical programming. Building on the curated and harmonized Pathogens-in-Foods (PIF) database, 
we developed and evaluated a retrieval-augmented natural-language interface designed to support grounded 
querying and reproducible evidence synthesis. The system includes two complementary modes: an Open 
Chat Mode for exploratory, tool-mediated interrogation of the database and a Guided Meta-Analysis Mode that 
couples structured user input to a deterministic R-based analytical pipeline. Evaluation included four compact 
language models: Phi-4 Mini (3.8B), DeepSeek-R1 Tool-Calling (14B), Cogito (14B), and Qwen 3 (8B), together 
with Gemini 2.5 Pro as a larger proprietary baseline model. Within a 10-query benchmark, all models achieved 
100% tool selection accuracy and retrieval correctness; for the five argument bearing queries, all models also
achieved 100% argument extraction F1-score, indicating reliable grounding of database operations for the eval-
uated query set. In a guided case study on Toxoplasma in meat and meat products (153 records from 65 stud-
ies), the system achieved 100% numerical concordance and high visual informativeness; the highest report
quality index was 93% with Qwen 3 (8B). Performance differences across models arose primarily from the fac-
tual precision and economy of their written interpretations rather than from failures in tool execution. These
findings support hybrid, evidence-grounded analytical interfaces built on curated data resources and determin-
istic statistical backends as practical tools for accelerating surveillance-oriented evidence synthesis in food
protection.
Foodborne disease remains a major public–health and food-systems 
challenge. An estimated 600 million people develop foodborne illness 
each year and approximate ly 420,000 die, with children under five
years of age, bearing a disproportionate share of this burden (World 
Health Organization, 2020). Beyond its direct health effects, unsafe 
food imposes substantial economic losses through healthcare expendi-
ture, lost productivity, and trade disruption (World Health 
Organization, 2020). These realities sustain the need for food-safety 
surveillance systems that do more than store data: they must also sup-
port timely, transparent, and analytically defensible use of evidence.

One persistent obstacle is that occurrence data for biological haz-
ards in foods remain scattered across primary studies, described with 
heterogeneous terminology, and laborious to reassemble for each 
new assessment. This fragmentation slows evidence synthesis and
raises the technical threshold for conducting secondary analyses that
should, in principle, be routine in food microbiology and risk assess-
ment. The practical value of systematic review and multilevel meta-
analysis for integrating such evidence has already been shown for Por-
tuguese meats and meat products, poultry meat, retail fruits and veg-
etables, and sheep- and goat-milk products (Xavier et al., 2014;
Gonçalves-Tenório et al., 2018; Silva et al., 2017; Gonzales-Barron
et al., 2017). The Pathogens-in-Foods (PIF) database was developed 
to address this upstream problem by centralizing published prevalence 
and concentration data for pathogenic bacteria, viruses, and parasites
in foods, extracted through systematic review and organized in harmo-
nized data structures under controlled terminologies (Gonzales-Barron 
et al., 2025). 

The foundational PIF article is central to the present work because it 
defines both the evidentiary basis and the governance logic on which the 
intelligent agent depends. It presents PIF as an open-access European 
resource designed for structured reuse of hazard-occurrence e vidence
and aligned with FAIR data stewardship (Gonzales-Barron et al., 2025;
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Wilkinson et al., 2016). Its workflow for evidence identification, screen-
ing, structured extraction, validation, and harmonization is consistent 
with contemporary systematic review reporting and with the group’s 
broader methodological work on meta-analytical integration of food
safety evidence (Page et al., 2021; Gonzales-Barron et al., 2021). Its data 
quality layer further emphasizes fit-for-purpose structures and explicit 
controls over completeness, consistency, and represent ational confor-
mity (Gonzales-Barron et al., 2025; Wang and Strong, 1996; Kahn
et al., 2016). In practical terms, PIF already solves the difficult problem 
of assembling a usable evidence base from a highly heterogeneous
literature.

However, a curated and FAIR-oriented database does not automat-
ically become easy to use in day-to-day analytical practice. For many 
food microbiologists, surveillance analysts, and risk assessors, moving 
from evidence retrieval to descriptive analysis or meta-analysis still 
requires familiarity with schema structure, variable harmonization, 
and statistical workflows. That practical barrier is evident in the com-
plexity of systematic-review and multilevel meta-analytic procedures
already applied to food safety evidence synthesis, including recent
work on sporadic toxoplasmosis and broader observational risk factor
integration (Thebault et al., 2021; Gonzales-Barron et al., 2021). Put 
differently, PIF improves evidence availability, but it does not by itself 
eliminate the friction involved in interrogating that evidence quickly 
and correctly. Natural Language Interfaces (NLIs) offer a plausible
way to reduce this friction by allowing users to query structured
resources using ordinary language rather than formal query syntax
(Katsogiannis-Meimarakis et al., 2023). Recent advances in 
Retrieval-Augmented Generation (RAG) and compact instruction-
tuned language models have made this approach more feasible for spe-
cialized scientific settings. In a food safety context, retrieval grounding 
is particularly important because it constrains the model to curated
evidence rather than unsupported model memory, while smaller mod-
els may enable local, lower-cost deployment (Lewis et al., 2020; Fan
et al., 2024; Klesel and Wittmann, 2025). 

Against this background, the present study should be understood as 
an analyst-facing extension of the PIF infrastructure rather than as a 
generic conversational AI application. Whereas the original PIF publi-
cation established the curated occurrence-data resource and its FAIR/
CCC governance logic (Gonzales-Barron et al., 2025), and earlier work 
from the same methodological line demonstrated how heterogeneous 
food safety evidence can be integrated through a systematic review
and multilevel meta-analysis (Gonzales-Barron and Butler, 2011;
Gonzales-Barron et al., 2021), the present study addresses the layer 
required to make that resource operationally accessible. We designed 
and evaluated a retrieval-augmented natural-language interface that 
enables users to (i) interrogate the PIF database in plain language, 
(ii) retrieve correctly grounded evidence subsets, and (iii) generate 
reproducible descriptive and meta-analytical outputs without direct
MongoDB programming. The objective was not simply conversational
access, but a practical reduction in the time and technical expertise
needed to perform surveillance-oriented querying and evidence syn-
thesis in food protection.
Materials and methods

PIF as the evidentiary backbone

The PIF Intelligent Agent was developed on top of the PIF database
(Gonzales-Barron et al., 2025). In that underlying resource, occurrence 
data for biological hazards in foods are assembled through systematic 
review, screened for relevance and methodological adequacy, 
extracted into harmonized structures, and curated under controlled 
terminologies suitable for downstream synthesis and risk assessment.
This design is consistent with current reporting guidance for system-
atic reviews and with pathogen-specific evidence syntheses previously
2

developed by the group for meats, poultry, produce, dairy products,
and parasitic hazards (Page et al., 2021; Xavier et al., 2014;
Gonçalves-Tenório et al., 2018; Silva et al., 2017; Gonzales-Barron
et al., 2017; Thebault et al., 2021). The same framework adopts 
FAIR-oriented data stewardship and explicit quality controls so that 
the stored evidence is both reusable and analytically fit for purpose
(Wilkinson et al., 2016; Wang and Strong, 1996; Kahn et al., 2016). 

For the present study, PIF therefore functioned as a curated eviden-
tiary layer rather than as a generic data store. The intelligent agent did 
not answer questions from parametric model memory alone; instead, it 
operated over structured occurrence data whose provenance, harmo-
nization rules, and quality controls had already been formalized in
the PIF framework and in the broader evidence-synthesis strategy
underlying this line of work (Gonzales-Barron et al., 2025; Gonzales-
Barron et al., 2021). For food-protection applications, this distinction 
is important because the reliability of the system depends jointly on 
the language-model layer and on the methodological rigor of the
underlying evidence resource.

System architecture and operating modes

The PIF Intelligent Agent was implemented as a distributed archi-
tecture designed to separate user interaction, language-model reason-
ing, and deterministic statistical computation. As shown in Figure 1, 
the system comprised three layers: (i) a frontend layer for user interac-
tion, (ii) a backend layer containing the intelligent-agent and statisti-
cal services, and (iii) a data layer for storage and retrieval. Relative
to the database/back-end/front-end structure already described for
the base PIF platform (Gonzales-Barron et al., 2025), the present sys-
tem adds a natural-language access and reporting layer directed at evi-
dence synthesis. (see Figs. 2– 6).

The frontend layer was implemented as a single-page application 
served through Flask. It supported two interaction modes.

1. Guided Meta-Analysis Mode: This mode used a finite-state work-
flow to guide users through dataset selection, preprocessing, 
descriptive analysis, and pooled prevalence estimation. The objec-
tive was to standardize user input and produce reproducible analyt-
ical reports with minimal technical intervention.

2. Open Chat Mode: This mode allowed free-form exploratory inter-
action in natural language. User requests were translated into con-
strained tool calls for database interrogation and downstream
analytical tasks.

The backend layer consisted of two coordinated microservices. The 
intelligent-agent core, implemented in Python, handled natural-
language understanding, prompt construction, tool orchestration, 
and model invocation. The meta-analysis and reporting engine, imple-
mented in R through the Plumber framework, performed data prepro-
cessing, model fitting, figure generation, and report assembly. This
separation was intentional: probabilistic models handled intent inter-
pretation and narrative drafting, whereas quantitative outputs were
produced by deterministic statistical code.

The data layer combined MongoDB and ChromaDB. MongoDB 
stored the structured PIF occurrence dataset, whereas ChromaDB 
stored vectorized schema information used to support retrieval-
augmented interpretation of user requests. This arrangement enabled
the system to map user expressions such as “chicken” to the relevant
controlled vocabulary and database fields before execution.

Prompting strategy and model configuration

The core reasoning functions were provided by Small Language 
Model (SLMs) and one larger external baseline model. To reduce hal-
lucination and improve reproducibility, the system used a constrained
prompting strategy managed by the intelligent-agent core. Three
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Figure 1. High-level system architecture illustrating the layered interaction between the frontend, backend (intelligent agent core and meta-analysis/reporting),
and data components.
design elements were central. First, role-specific system prompts 
constrained the model according to the task. For example, during 
entity extraction the model was instructed to behave as a deterministic 
parser and to return valid JSON only. Second, structured context 
injection ensured that analytical prompts were grounded in data
retrieved from MongoDB or computed by the R backend rather than
in the latent model memory. Third, zero-shot output constraints
were used for summarization tasks to control length, register, and
formatting.

The open weight models were run locally using the Ollama frame-
work. To prioritize factual stability over stylistic variation, inference
parameters were fixed at temperature 0.0 and top-p 0.1 (Holtzman 
et al., 2019; Chang et al., 2024). Gemini 2.5 Pro was included as a 
state-of-the-art external baseline and was evaluated under the same 
task structure and scoring framework, but not under the same local
deployment conditions. This distinction should be considered when
interpreting practical deployment implications.

Analytical pipeline for prevalence synthesis and report generation

All quantitative analyses were executed in R through a determinis-
tic backend, independently of the language model used for interaction 
or narrative generation. This architecture ensured that numerical 
results were reproducible and not contingent on probabilistic model 
behavior. Language models were therefore used to interpret and com-
municate results, but they did not perform the statistical computations
themselves and did not modify the analytical outputs generated by the
R pipeline.

After retrieval from MongoDB, records were preprocessed to stan-
dardize field names, harmonize analytical variables, and construct 
the inputs required for descriptive summaries and prevalence synthe-
sis. For meta-analytical workflows, effect sizes and corresponding sam-
pling variances were computed with the escalc function from the
metafor package (Viechtbauer, 2010), using the predefined prevalence 
analysis settings implemented in the production pipeline. Random-
effects models were then fitted with rma.mv, allowing estimation of 
between-study heterogeneity while accounting for sampling error
and, where applicable, hierarchical data structure. When the modera-
tor variables were specified by the user, the workflow extended to
3

multilevel meta-regression using the same deterministic analytical
backend.

Graphical outputs, including forest plots, funnel plots, bar plots, 
ridge plots, and exploratory text visualizations, were generated pro-
grammatically in R from the same analytical objects used for numeri-
cal reporting. Final reports were assembled from parameterized 
templates that integrated deterministic statistical outputs with
model-generated narrative interpretation. Accordingly, the analytical
validity of each report depended on the R pipeline, whereas the quality
of the written interpretation depended on the language model.

System evaluation framework

The system was evaluated with a dual-track design intended to dis-
tinguish functional correctness in tool-mediated interaction from the 
quality of the resulting analytical communication. This distinction
was necessary because correct database access and correct statistical
executions do not, by themselves, guarantee scientifically appropriate
narrative interpretation.

Models and execution environment. Experiments were con-
ducted on a high-performance computing node running Ubuntu
24.04.3 LTS. Hardware specifications are summarized in Table 1. Four 
compact language models were deployed within the local tool-calling 
environment: Phi-4 Mini (3.8B), DeepSeek-R1 Tool-Calling (14B), 
Cogito (14B), and Qwen 3 (8B). Gemini 2.5 Pro was evaluated as an
external baseline model. Model identity, prompting structure, and exe-
cution settings were kept fixed throughout the benchmark to support
consistent cross-model comparison.

Evaluation endpoints. Evaluation endpoints were organized 
according to the analytical layer being assessed: functional correctness 
of model orchestration, fi delity of the deterministic analytical back-
end, and quality of the resulting analytical communication (Table 2).

Benchmark design and evaluation protocol. Open Chat Mode 
was evaluated with a curated benchmark of 10 representative 
natural-language queries spanning metadata inspection, schema
understanding, descriptive retrieval, prevalence estimation, concentra-
tion summaries, food-source identification, and temporal trend analy-
sis (Table 3 and Table 4). The benchmark was designed to assess 
functional correctness across distinct analytical intents rather than
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Figure 2. Workflow for the guided meta-analysis mode.
broad conversational ability. For each query, outputs were evaluated 
for correct tool selection, extraction of analytical arguments, and
retrieval of the expected data subset. (see Table 5).
4

Argument-extraction F1-score evaluation was performed only for 
benchmark questions requiring explicit analytical parameter extrac-
tion (Q1 and Q7–Q10). Queries involving schema inspection, metadata
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Figure 3. Workflow for the open chat mode.

Figure 4. Temporal trend analysis of Hepatovirus A prevalence in molluscs 
(2010–2025), generated by the Open Chat Mode. The figure displays the
observed annual prevalence rates (circles) with 95% confidence intervals and
the linear regression trend line.

Figure 5. Word cloud of food types.

5

listing, or dataset summarization (Q2–Q6) did not require argument 
extraction and were therefore excluded from F1-score computation. 
These queries were evaluated solely for tool-selection accuracy. Thus, 
the F1 denominator comprised only the total number of expected
canonical field-value arguments across Q1 and Q7–Q10; Q2–Q6 con-
tributed neither true positives, false positives, nor false negatives to
the argument extraction F1-score.

Argument-extraction performance was evaluated by comparing the 
extracted entities against the reference analytical arguments defined in
Table 4. Precision was defined as the proportion of extracted entities 
matching the expected analytical arguments, whereas recall measured 
the proportion of expected entities successfully extracted from the
query. The reported F1-score corresponds to the harmonic mean of
precision and recall across all extraction-required benchmark queries.

Entity matching was evaluated at the semantic field level rather 
than through strict character-level equivalence. Extracted entities were 
considered correct when they resolved unambiguously to the intended 
database concept and analytical fi eld, including normalized lexical
variants corresponding to the same controlled-vocabulary entry. Minor
linguistic variations, pluralization differences, and synonymous
expressions were therefore accepted when mapped to the same schema
entity.

To reduce ambiguity during extraction, the prompting strategy 
enforced a deterministic entity-priority hierarchy in which highly 
specific attributes (e.g., ready-to-eat status, packaging status, sampling 
stage, or country) were extracted before food-item resolution. 
Extracted entities were subsequently normalized against the schema
definitions stored in the vector database, enabling synonym-aware
matching and reducing field-assignment ambiguity. During bench-
mark evaluation, no observable field-mapping errors were identified.

The benchmark should nevertheless be interpreted as a focused 
proof-of-concept evaluation designed to assess representative 
surveillance-oriented analytical intents rather than as a comprehensive 
stress test of open-domain conversational robustness. More challeng-
ing scenarios involving ambiguous phrasing, typographical errors,
negation, compositional constraints, synonym variability, and multi-
turn interactions remain important directions for future evaluation.

Guided Meta-Analysis Mode was evaluated through an end-to-end 
proof-of-concept case study on Toxoplasma in meat and meat products 
comprising 153 records from 65 studies. This case was selected 
because it required execution of the complete analytical workflow,
including dataset characterization, prevalence synthesis, subgroup
analysis, figure generation, and draft report production.

For the qualitative endpoints of interpretation quality and visual 
informativeness, outputs were scored independently on a 1–5 scale 
by three food-safety experts, and mean scores were used for model
comparison. Because formal inter-rater reliability statistics were not
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Figure 6. Forest plot of pooled prevalence by sampling stage.

Table 1 
Hardware specifications of the experimental testbed

Component Specification 

Operating system Ubuntu 24.04.3 LTS
CPU AMD EPYC 9554P (32 Cores)
System memory (RAM) 125.79 GB 
GPU NVIDIA GRID A100D-16C
GPU memory (VRAM) 16 GB 
NVIDIA driver version 550.127.05 
CUDA version 12.4 
Disk space (SSD) 252 GB

Table 3 
Curated benchmark questions and their corresponding target tools

ID Natural-language question Target tool (intent)

Load dataset on Salmonella in
Portugal

Q1 dataset_load 

What columns are there in the
dataset?

Q2 dataset_list_columns 

Q3 What does the column RTE mean? dataset_column_description 
List unique values of column
PackStatus.

Q4 dataset_unique_values 

How many records for each
category?

Q5 dataset_records_by_group 

Q6 Provide a summary of the dataset. dataset_summary 
Q7 What is the prevalence of Listeria in

cheese in Portugal?
get_prevalence_by_food 

Q8 What is the average concentration 
of Staphylococcus in composite dish
in Turkey?

get_concentration_stats 

Q9 Which foods are most associated
with Norovirus?

get_food_sources_for_pathogen 

Has Hepatovirus A prevalence in 
molluscs increased from 2010 to
2025?

Q10 trend_analysis
estimated, these qualitative scores should be interpreted as structured 
expert judgment rather than as a validated psychometric scale.

Expert scoring rubric and composite report-quality assess-
ment. For the qualitative endpoints, expert scoring was guided by a 
structured rubric designed to evaluate the scientific usefulness of 
model-generated outputs for food-safety interpretation. Interpretation 
Quality and Coherence (IQC) was assessed across four dimensions: fac-
tual accuracy, logical coherence, completeness, and proportionality of 
interpretation to the underlying evidence. Visual Informativeness (VI) 
was assessed across three dimensions: graphical clarity, interpretabil-
ity, and correspondence between the figure and the underlying analyt-
ical output. Each dimension was scored on a 1–5 scale, where 1
indicated poor performance and 5 indicated excellent performance.
Experts were instructed to score outputs on the basis of their scientific
adequacy and practical usefulness for surveillance-oriented evidence
synthesis rather than on stylistic preference alone.
Table 2 
Evaluation endpoints for the PIF Intelligent Agent

Evaluation layer Endpoint

Functional correctness (Open Chat Mode) Tool-selection accuracy

Functional correctness (Open Chat Mode) Argument-extraction F1-score

Functional correctness (Open Chat Mode) Retrieval correctness

Interpretive quality (Open Chat Mode) Interpretation Quality and Coherence (IQ

Interpretive quality (Guided Mode) Interpretation Quality and Coherence (IQ

Analytical fidelity (Both Modes) Numerical concordance

Communication quality (Both Modes) Visual Informativeness (VI)

Composite report quality (Guided Mode) Report Quality Index (RQI)

6

For each model, mean IQC and VI scores were calculated across 
raters. To support end-to-end comparison of guided reports, an 
exploratory Report Quality Index (RQI) was additionally calculated
as a secondary summary measure. The RQI combined standardized
scores for interpretive quality, numerical concordance, and visual
informativeness using a predefined weighting scheme:
Type Definition/measurement method 

Quantitative Proportion of queries for which the model selected the
correct tool/function

Quantitative Accuracy and completeness of extracted analytical 
arguments relative to the reference specification

Quantitative Whether the resulting data subset matched the 
expected subset for the query

C) Qualitative Expert scoring of factual accuracy, logical coherence, 
completeness, and proportionality of the generated
text (1–5 scale)

C) Qualitative Expert scoring of factual accuracy, logical coherence, 
completeness, and proportionality of the generated
text (1–5 scale)

Quantitative Agreement between reported numerical results and 
the deterministic R outputs

Qualitative Expert scoring of clarity, interpretability, and 
correctness of generated figures (1–5 scale)

Composite Exploratory summary index used to compare end-to-
end report quality across models
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Table 4 
Reference analytical arguments expected for the benchmark questions

ID Expected Entities (JSON argument)

Q1 agent": Salmonella", country_sampling": Portugal", …
Q2 N/A 
Q3 N/A 
Q4 N/A 
Q5 N/A 
Q6 N/A 
Q7 agent": Listeria", food_item": cheese", country _sampling":

Portugal", …

Q8 agent": Staphylococcus", food_item": composite dish", 
country _sampling": Turkey", …

Q9 agent": Norovirus", …
Q10 agent": Hepatovirus A", food_item": molluscs", …
RQI 0 40 IQCstd 0 40 NCstd 0 20 VIstd 1

where and are the standardized 0–100 versions of the mean
expert scores, obtained as:

IQCstd 100 IQCmean 1 
4

2

VIstd 100 VImean 1 
4

3

and is the percentage numerical concordance between the 
reported values and the deterministic R outputs. This weighting scheme 
was defined a priori to give equal prominence to interpretive fidelity 
and numerical correctness, while assigning a lower but still relevant 
contribution to graphical communication. The RQI was used as an 
exploratory comparative index and should not be interpreted as a vali-
dated psychometric measure. 

Statistical analysis of evaluation outcomes. Quantitative evalu-
ation endpoints were summarized as proportions or means, as appro-
priate. For benchmark-derived endpoints based on discrete query
outcomes, results were reported descriptively and interpreted in rela-
tion to the fixed benchmark rather than as estimates of general conver-
sational performance. Qualitative expert scores were summarized as
mean values across raters for each model and endpoint. The composite
RQI was used as a secondary summary measure of end-to-end report
performance and was interpreted alongside, rather than instead of,
its component metrics.

Given the exploratory scope of the benchmark and the limited num-
ber of test queries, inferential comparisons between models were trea-
ted cautiously. The evaluation was therefore designed primarily to
characterize functional reliability and practical differences in interpre-

IQCstd VIstd 

NCstd 
Table 5 
Structured expert scoring rubric used for qualitative evaluation of model-generated

Domain Dimension Score 1 Score 3

IQC Factual accuracy Contains major factual errors, unsupported 
claims, or misstates analytical results

Mostly a
imprecis

IQC Logical coherence Interpretation is disorganized, contradictory, 
or dif ficult to follow

Reasonab
transition

IQC Completeness Omits key findings, qualifiers, or relevant
analytical context

Covers th
importan

Proportionality to
evidence

IQC Overstates certainty, exaggerates 
implications, or underplays limitations

Generall
overstate

Figure is cluttered, unclear, or difficult to
read

VI Graphical clarity Figure is
formattin
Figure is
informat

VI Interpretability Figure requires substantial effort to 
understand or lacks clear meaning

VI Correspondence to 
analytical output

Figure is inconsistent with the reported result
or misleading

Figure is
more pre

7

tive quality across models, rather than to support a broad population-
level claims about model superiority.

Results 

Functional performance of evaluated models in Open Chat Mode

Within the evaluated 10-query benchmark, the Open Chat Mode 
showed that all five models correctly executed the structured steps 
required for the evaluated benchmark queries. Tool selection accuracy,
argument extraction F1-score, and retrieval correctness were each
100% for every model tested (Table 6).

Operationally, this means that each model correctly routed the 
benchmark questions to the appropriate tool and supplied the required 
arguments for dataset interrogation and downstream analysis. For 
example, queries such as “Has Hepatovirus A prevalence in molluscs 
increased from 2010 to 2025?” were consistently mapped to the
trend_analysis function, while food-pathogen-country combina-
tions were extracted without observable argument drift. Within this
benchmark, the retrieval-grounded architecture therefore prevented
misrouting and maintained alignment between user request, database
subset, and analytical task.

These results should, however, be interpreted as evidence of reli-
able performance on a constrained benchmark rather than as exhaus-
tive validation of all possible user inputs. The benchmark was
intentionally small and representative, designed to test whether the
architecture could robustly support canonical surveillance-oriented
queries under the evaluated conditions.

Interpretive performance in Open Chat Mode

Uniform functional performance did not translate into uniform sci-
entific usefulness. When outputs were evaluated for IQC, marked dif-
ferences emerged among models (Table 7). Phi-4 Mini produced the 
weakest overall performance (mean 2.73), whereas Cogito, Qwen 3, 
and Gemini 2.5 Pro all achieved mean scores above 4.5, indicating
substantially stronger factual precision and summary quality.

The qualitative differences were not trivial. DeepSeek-R1 Tool-
Calling hallucinated a prevalence estimate of 4.98% for Listeria, where 
the correct system-derived value was 2.32%. Phi-4 Mini returned a 
generic template instead of a usable answer for the Staphylococcus con-
centration query. By contrast, Cogito and Qwen 3 handled the Hepa-
tovirus A trend question with appropriate restraint, correctly
describing the fitted trend as a non significant decrease rather than
overstating the result.

Taken together, these findings show that the major source of vari-
ability in Open Chat Mode was not tool execution, but interpretive
interpretations and figures

Score 5 

ccurate but includes minor 
ion or incomplete linkage to results

Fully accurate, evidence-grounded, and 
consistent with the analytical outputs
Clear, logically structured, and easy to follow
throughout

ly organized but with some weak 
s or uneven reasoning
e main findings but lacks some
t detail or qualification

Covers all major findings, key qualifi ers, and
relevant contextual interpretation
Appropriately cautious, proportional to the 
data, and explicit about limitations where
relevant

y balanced but with occasional 
ment or insufficient caution

 usable but has some clarity or
g limitations

Figure is clear, readable, and effectively 
communicates the intended result

 interpretable but not maximally
ive

Figure is immediately interpretable and 
supports analytical understanding

 broadly consistent but could be
cisely aligned with the result

Figure accurately and faithfully represents the
underlying analytical output
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Table 6 
Core functional performance metrics for the five evaluated models in Open Chat Mode. Scores of 100% were obtained for all models within the evaluated benchmark.
Argument extraction F1-score was calculated only for Q1 and Q7-Q10; Q2-Q6 were N/A for argument extraction and excluded from F1 averaging

Metric Phi-4 Mini (3.8B) DeepSeek-R1 tool-calling (14B) Cogito (14B) Qwen 3 (8B) Gemini 2.5 Pro

Tool-selection accuracy 100% 100% 100% 100% 100% 
Argument-extraction F1-score 100% 100% 100% 100% 100% 
Retrieval correctness 100% 100% 100% 100% 100%

Table 7 
Mean IQC scores by question for each evaluated model in Open Chat Mode (1–5 scale)

Question Phi-4 Mini (3.8B) DeepSeek-R1 tool-calling (14B) Cogito (14B) Qwen 3 (8B) Gemini 2.5 Pro

“Provide a summary of the dataset.” 2.67 3.67 4.67 4.33 4.67 
“What is the prevalence of Listeria…?” 3.00 1.67 4.33 4.67 4.67 
“What is the average concentration…?” 1.33 4.67 4.67 4.33 4.67 
“Which foods are most associated…?” 3.33 4.00 4.67 4.33 4.67 
“Has Hepatovirus A prevalence increased…?” 3.33 4.33 5.00 5.00 4.33 

Overall Mean 2.73 3.67 4.67 4.53 4.60
Standard Deviation 0.83 1.18 0.24 0.30 0.15

Table 8 
VI ratings for figures generated in the automated report ( Supplementary Material
S1), averaged across three expert evaluators

Figure in supplementary report Mean rating (1 –5)

Figure 1: Word cloud of food type 5.00 
Figure 2: Word cloud of assay type 5.00 
Figure 3: Pooled prevalence analysis by year 4.00 
Figure 4: Pooled prevalence analysis by sampling stage 5.00 
Figure 5: Pooled prevalence analysis by pack status 5.00 
Figure 6: Pooled prevalence analysis by temperature of

sampling
5.00 

Figure 7: Pooled prevalence analysis by ready-to-eat status 5.00 
Figures 8, 11, 14, 17: Number of records (bar plots) 5.00 
Figures 9, 12, 15, 18: Prevalence distribution (ridge plots) 4.50 
Figures 10, 13, 16, 19: Funnel plots 4.83 

Overall Mean 4.83

 

fidelity. Once the retrieval and analysis stages were successfully 
grounded, the practical differentiator became whether the model 
could accurately verbalize what the computed output meant. Repre-
sentative high- and low-quality excerpts are provided in Supplemen-
tary Material S2.

Guided meta-analysis mode

The Guided Meta-Analysis Mode was evaluated through an end-to-
end case study on Toxoplasma in meat and meat products, comprising 
153 records from 65 studies. This use case was selected because it 
required the system to execute a complete evidence-synthesis work-
flow, including dataset characterization, prevalence exploration, sub-
group analysis, figure generation, and narrative reporting. The
results presented in this section should therefore be interpreted as evi-
dence from a specific application scenario rather than as a general val-
idation of the approach across all meta-analytical contexts.

Across all models, the deterministic analytical layer produced a 
numerical concordance score of 100%. In practical terms, all reported
statistical values in the generated reports—including pooled preva-
lence estimates, heterogeneity statistics , and subgroup sum-
maries—matched the manually verified outputs of the R pipeline 
exactly. Within this case study, the numerical backbone of the report
remained fixed and reproducible despite variation in narrative gener-
ation across models.

The complete automatically generated report is provided as Supple-
mentary Material S1.

Visual output quality. The figures generated in the guided report 
were rated highly overall, with a mean Visual Informativeness (VI)
score of 4.83/5 (Table 8). Experts judged most visualizations to be 
clear, scientifically conventional, and appropriate for rapid interpreta-
tion of the evidence structure and meta-analytical outputs within this
use case.

Exploratory figures such as the word clouds received the highest 
ratings because they provided an immediate overview of food types 
and assay categories represented in the dataset. Forest plots stratified 
by sampling stage, packaging status, temperature, and ready-to-eat sta-
tus were also consistently scored highly, indicating that the system
could produce interpretable analytical graphics beyond simple
descriptive displays in this application context. The only visibly lower
score was for the pooled prevalence analysis by year, suggesting that
temporal synthesis plots may benefit from further refinement in layout
or annotation.

(I2 τ2 )
8

Interpretation quality and coherence in guided mode.  As  in
Open Chat Mode, the main variability in Guided Mode arose in the
written interpretation of otherwise stable analytical outputs. IQC
scores differed across both models and report sections (Table 9). Phi-
4 Mini showed the weakest overall performance (mean 2.75), whereas 
Qwen 3 achieved the highest overall score (4.37), followed closely by
Cogito and Gemini 2.5 Pro (both 4.23).

The largest differences appeared in sections that required synthesis 
across multiple subgroup meta-analyses, where lower-performing 
models tended to become verbose, numerically loose, or stylistically 
awkward. Higher-performing models were better at preserving magni-
tude, direction, and caution when describing heterogeneity, subgroup
contrasts, and publication-bias diagnostics. Within this case study,
these findings suggest that the statistical pipeline remained stable,
whereas the narrative layer was more sensitive to model choice.

Representative excerpts from both stronger and weaker guided 
reports are supplied in Supplementary Material S2.

Overall report quality. The composite Report Quality Index (RQI), 
which integrates interpretive quality, numerical concordance, and 
visual informativeness, placed Qwen 3 highest at 93%, with Cogito
and Gemini 2.5 Pro close behind at 91% (Table 10). Phi-4 Mini and 
DeepSeek-R1 Tool-Calling lagged primarily because a weaker narra-
tive interpretation reduced overall report quality despite the shared
deterministic analytical backbone.

Taken together, the Guided Mode results demonstrate the feasibil-
ity of producing statistically correct and visually strong draft reports

move_t0040
move_t0045
move_t0050
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Table 9 
Mean IQC scores by report section for each evaluated model in guided meta-analysis mode

Section Phi-4 Mini (3.8B) DeepSeek-R1 tool-calling (14B) Cogito (14B) Qwen 3 (8B) Gemini 2.5 Pro

1. Dataset Overview 2.67 3.67 4.33 4.00 4.58 
2.2 Prevalence by sampling stage 3.67 3.17 4.17 4.50 4.17 
2.3 Prevalence by pack status 3.33 4.07 4.83 3.77 4.17 
2.4 Prevalence by temperature 2.60 4.50 4.17 4.50 4.17 
2.5 Prevalence by RTE Status 3.07 4.17 4.50 4.50 4.17 
2.6 Prevalence by country 2.43 4.17 4.83 4.17 3.83 
3.1 Meta-analysis (food subcategory) 2.00 2.67 4.50 4.17 4.17 
3.2 Meta-analysis (food class) 2.50 2.77 4.13 4.73 4.17 
3.3 Meta-analysis (organ sampled) 2.67 2.73 3.47 4.50 4.58 
3.4 Meta-analysis (assay detection) 1.50 2.83 3.50 4.83 4.25 
3.5 Meta-analysis (mean concentration) 3.77 4.07 4.10 4.43 4.25 

Overall Mean 2.75 3.53 4.23 4.37 4.23

Table 10 
Final standardized component scores and computed RQI for the Guided Mode case study for each of the five evaluated models

Metric/index Phi-4 Mini (3.8B) DeepSeek-R1 tool-calling (14B) Cogito (14B) Qwen 3 (8B) Gemini 2.5 Pro

Numerical concordance 100.00 100.00 100.00 100.00 100.00 
Visual Informativeness 95.75 95.75 95.75 95.75 95.75 
Interpretation Quality 43.75 63.25 80.75 84.25 80.75 

Report Quality Index (RQI) 76.65% 84.45% 91.45% 92.85% 91.45%

, NCstd

, VIstd
, IQCstd
with limited user intervention in this specific Toxoplasma case study. 
However, the findings also indicate that scientific usefulness remained 
dependent on human review of the narrative layer. Broader conclu-
sions regarding robustness, generalizability, and performance across
different pathogens and food categories scenarios will require evalua-
tion in future multicase studies.

Discussion 

Relevance for food-safety surveillance and risk assessment. 
The principal contribution of this study is practical rather than purely 
technical. Curated occurrence databases have clear value for food pro-
tection only when analysts can retrieve, summarize, and statistically 
interpret the underlying evidence without excessive technical over-
head. In that sense, the PIF Intelligent Agent is not best understood 
as a generic conversational system, but as an analyst-facing interface
for grounded evidence synthesis. By converting natural-language
requests into constrained database operations and delegating quantita-
tive work to a deterministic R backend, the system supports a work-
flow that is directly relevant to surveillance, rapid evidence
appraisal, and risk assessment.

Read alongside the original PIF publication, this article represents a 
downstream extension of an already curated evidence infrastructure. 
The 2025 PIF paper addressed the upstream challenge of assembling
harmonized hazard-in-food occurrence data under FAIR principles
and explicit quality controls (Gonzales-Barron et al., 2025; Wilkinson
et al., 2016). That upstream effort is methodologically aligned with 
the group’s earlier occurrence meta-analyses in meats, poultry, pro-
duce, dairy matrices, and parasitic–hazard assessment, which showed
both the utility of pooled prevalence synthesis and the recurring diffi-
culty of reusing heterogeneous primary data (Xavier et al., 2014;
Gonçalves-Tenório et al., 2018; Silva et al., 2017; Gonzales-Barron
et al., 2017; Thebault et al., 2021). The present study addresses the 
next operational challenge: making that curated evidence accessible 
through low-friction analytical interaction. This distinction is impor-
tant because food-safety infrastructures often fail not because evidence
is absent, but because the path from data availability to usable analysis
remains too technically demanding for routine practice.

Why the hybrid architecture mattered. Within the scope of this 
proof-of-con cept evaluation, the results support a clear design princi-
9

ple for AI-assisted scientific analytics in food safety: language models 
are most useful when they interpret user intent and draft narrative out-
put, whereas deterministic software remains responsible for the quan-
titative analysis itself. In the present study, all five evaluated models 
achieved perfect functional performance on the 10-query Open Chat 
benchmark, and the Guided Mode achieved perfect numerical concor-
dance in the Toxoplasma case study. Although these results derive from
a limited benchmark, they indicate that the critical safeguard was not
model size per se, but the architectural separation between language
interpretation and statistical computation. For food-protection applica-
tions, where numerical reproducibility is essential, that separation is
likely to be more important than marginal differences in conversa-
tional fluency.

Interpretive fidelity, not tool execution, differentiated models. 
A central result of the study is that correct tool execution did not guar-
antee equally useful scientific communication. All tested models 
retrieved the correct evidence subsets and triggered the appropriate 
analytical functions, yet their written outputs differed substantially 
in factual precision, coherence, and rhetorical economy. This distinc-
tion has practical consequences. In a food-safety setting, a system that 
computes the right prevalence estimate but states it incorrectly, over-
interprets a non-significant trend, or produces a diffuse summary still
creates an interpretive burden for the user. The strongest-performing
models were therefore not merely those that completed the workflow,
but those that remained close to the computed evidence and expressed
conclusions in a restrained scientific register.

Implications for local deployment. The performance of Qwen 3 
(8B) is operationally encouraging because it suggests that smaller, 
locally deployable models may be sufficient for tightly structured 
evidence-synthesis tasks in food safety. This matters for institutions 
that handle sensitive surveillance data, operate under constrained bud-
gets, or prefer on-premises analytical infrastructures. The present find-
ings do not imply that larger proprietary models lack value; rather,
they indicate that open-weight models can be competitive when the
task is retrieval-grounded, domain-bounded, and supported by deter-
ministic analytical tools. For many applied food-safety settings, that
may be the more realistic deployment scenario.

Limits of the current evidence. The findings should be inter-
preted as strong proof-of-concept evidence, not as comprehensive val-
idation. First, the Open Chat benchmark contained only 10
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representative queries, which is sufficient to demonstrate feasibility 
but not to characterize the full distribution of user inputs likely to arise 
in practice. Second, the Guided Mode was assessed using a single case 
study on Toxoplasma in meat products, so generalizability across haz-
ards, matrices, and analytical contexts remains to be demonstrated. 
Third, although three food-safety experts evaluated qualitative out-
puts, formal inter-rater reliability statistics was not estimated. Fourth, 
the study did not include direct usability testing with intended end
users, nor did it compare latency, computational cost, or task perfor-
mance against existing manual workflows. Finally, the observed per-
formance depends partly on the current structure of the PIF
database, the curated schema exposed to the agent, and the prompt
design used to mediate tool calling. These dependencies do not
weaken the proof of concept, but they do define the boundaries of
the present evidence.

Implications for future work. Future work should proceed in 
three directions. The first is broader technical validation using larger 
benchmark sets, less canonical question formulations, and a wider 
range of hazard-food combinations. The second is user-centered eval-
uation with microbiologists, food safety authorities, and risk assessors 
performing realistic tasks under time constraints. The third is analyti-
cal expansion, including additional evidence synthesis workflows and
more explicit communication of uncertainty in generated reports. In
methodological terms, this should build on the more general system-
atic review and meta-analysis strategy already developed for food-
borne disease evidence integration (Gonzales-Barron et al., 2021) 
and on pathogen-specific syntheses that demonstrate how heteroge-
neous food safety evidence can be pooled across matrices, study
designs, and exposure pathways (Xavier et al., 2014; Gonçalves-Tenó
rio et al., 2018; Gonzales-Barron et al., 2017; Thebault et al., 2021). 
As the PIF platform itself continues to expand in scope and curation
depth (Gonzales-Barron et al., 2025), the intelligent-agent layer should 
be tested against the newly incorporated evidence domains and more 
demanding cross-domain queries. These next steps will determine 
whether the system improves not only technical correctness, but also
the quality and speed of real-world decision support in food
protection.

Conclusions 

A retrieval-augmented natural-language interface was developed 
for the PIF database and evaluated in two complementary modes: con-
versational querying and guided meta-analysis. Within the evaluated 
benchmark, all tested models achieved 100% tool-selection accuracy, 
argument-extraction F1-score, and retrieval correctness, indicating 
consistent grounding of database operations within the evaluated
benchmark. In a guided case study on Toxoplasma in meat and meat
products, the system achieved 100% numerical concordance and a
highest Report Quality Index of 93% with Qwen 3 (8B).

Taken together, these results support hybrid architectures that sep-
arate language interpretation from deterministic statistical computa-
tion when deploying AI-assisted analytics in food safety. They also 
show that correct tool execution is not, by itself, a sufficient bench-
mark for scientific usefulness: interpretive fidelity remains the more
discriminating criterion. Broader validation, formal usability testing,
and additional food-safety case studies are now needed before routine
operational deployment can be recommended.
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Data availabili ty

The software code for the PIF Intelligent Agent is available in the
project repository: https://github.com/fsqanalytics/PIFChatBot-pub-
lic. The data backbone used in this study is the Pathogens-in-Foods
database described by Gonzales-Barron et al. (2025): https://github.-
com/fsqanalytics/PIFDataModel. Public information about the data-
base and access portal is available through the official PIF website.

The PIFChatBot interface can be accessed through the main plat-
form at: https://pathogens-in-food.vercel.app/, via the navigation 
path Main Menu Dashboard AI PIF Explorer. Access to this feature 
is restricted to users with an advanced role, which must be requested
during account creation.

Access to the curated database used in this study may be subject to 
project governance and data-sharing conditions. The automatically 
generated case-study report is available as Supplementary Material
S1, and representative text-output examples are provided as Supple-
mentary Material S2.
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