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A B S T R A C T

Risk assessment activities at the European Food Safety Authority face mounting challenges from an increasing 
volume of compounds requiring evaluation and exponential growth in scientific literature. To address these 
challenges, toxicologists started grouping compounds based on their mechanism of action in the body, allowing 
study comparisons similar to current risk assessment strategies. The LLMs-rev pipeline was created to retrieve 
potentially relevant papers from PubMed, assess their relevance, and extract the mechanism of action (MoA) 
information from accessible publications using large language models. Applied to 121 compounds, the system 
processed over 400,000 papers, identifying 30,250 as containing relevant information and extracting specific 
MoA quotations from 4500 open-access publications. The automated approach demonstrated processing speeds 
exceeding 8000 papers per hour, dramatically outpacing conventional manual screening methods that typically 
assess 100-120 papers per hour. While the system proved particularly effective for compounds for which 
abundant literature was available, human expertise remained essential for interpreting complex MoAs that 
required contextual data analysis. The optimized prompts minimized model hallucinations by restricting outputs 
to direct quotations from verified sources. The methodology demonstrates considerable potential for accelerating 
risk assessment workflows while maintaining scientific rigor through the complementary use of human oversight.

1. Introduction

In recent years, the Risk Assessment (RA) activities of the European 
Food Safety Authority (EFSA) have faced two major challenges: i) high 
number of compounds on which risk assessment has been performed, 
and ii) high volume of scientific literature relative to those compounds 
and consequently requiring scrutiny. Both aspects negatively impact the 
speed of RA activities, which remains a top priority for EFSA.

The quantity of compounds requiring assessment by EFSA has been 
consistently high between 2018 and 2023, ranging from 586 to 741 
questions closed per year (see EFSA Consolidated annual activity report, 
2023). At the same pace, the number of publications in the EFSA Journal 
between 2021 and 2024 ranged between 589 and 625 per year. Simi
larly, the calls for data emitted by EFSA have steadily grown, reaching 
an average of 12 calls per year over the 2021-2024 period. This 

workload is accompanied by enhanced quality requirements in assess
ments, which nowadays incorporate additional factors such as envi
ronmental sustainability and animal welfare (European Food Safety 
Authority, 2024a; European Food Safety Authority, 2024b). Moreover, 
EFSA aims to report open, transparent, and reproducible science 
(European Parliament and Council of the European Union, 2019), which 
overall involves a higher workload to pursue the RA activities.

The second challenge lies in the volume of scientific literature related 
to the studied compounds, driven by the democratization of scientific 
publishing and the expansion of research fields. The scientific literature 
is continuously increasing with growth patterns suggesting an expo
nential increase (Bornmann et al., 2021).

To ensure risk assessments incorporate the most relevant and current 
scientific knowledge, risk assessors must strive for comprehensive 
literature coverage, which is becoming increasingly challenging, error- 
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prone, and lengthy when performed through manual screening. While 
various online tools have emerged to assist risk assessors in retrieving 
and connecting scientific papers, questions remain about their 
comprehensiveness and potential biases, particularly given the 
increasing pressure to maintain efficient assessment timelines 
(Landhuis, 2016). To address these challenges, emerging technologies in 
artificial intelligence present promising opportunities for automation 
and scalability.

Artificial Intelligence (AI), specifically Large Language Models 
(LLMs), offers promising solutions to these challenges by accelerating 
manual processes and efficiently extracting information from large text 
corpora. The application of LLMs is being extensively studied across 
various domains, with rapid improvements in their capacity to handle 
large-scale data processing (Gupta et al., 2024; Mishra et al., 2024; 
Delgado-Chaves et al., 2025). The integration of AI tools in toxicological 
assessments reflects broader trends in the field. Blümmel et al. (2023)
and Blümmel et al. (2024) reviewed state-of-the-art AI tools for 
screening and evaluating literature in chemical risk assessment, 
emphasizing the potential of AI to handle large datasets and streamline 
literature reviews. LLMs are also used for different applications in 
toxicology such as the construction of adverse outcome pathways (Shi 
and Zhao, 2024).

Beyond conventional conversational agents (i.e. ChatGPT from 
OpenAI, Claude from Anthropic, or Gemini from Google), AI model 
providers typically offer Application Programming Interfaces (APIs) that 
enable programmatic model access. This capability enables the devel
opment of complex, reproducible procedures and the repeated applica
tion of queries across multiple data sources. By utilizing LLMs 
independently of their conversational interface, users can perform 
complex operations that would require significantly more time if con
ducted manually, and that would also be more prone to human error. For 
instance, LLMs could assist in identifying information about toxicolog
ical mechanisms of action (MoA) of compounds, supporting their risk 
assessment.

However, the use of LLMs in scientific contexts is not without limi
tations. A central concern is reliability: LLMs can generate plausible but 
factually incorrect outputs through a phenomenon known as "halluci
nation" (Huang et al., 2025). Beyond factual errors, LLMs may also 
distort scientific meaning by overgeneralizing research conclusions 
beyond what the original studies support, a bias particularly relevant 
when summarizing toxicological evidence (Peters and Chin-Yee, 2025). 
These reliability concerns are compounded by biases inherited from 
training data: LLMs are known to systematically overrepresent certain 
languages, viewpoints, and publication traditions, potentially skewing 
literature-based assessments (Gallegos et al., 2024). Transparency also 
remains a challenge, as most LLMs operate as black boxes with opaque 
internal reasoning processes, raising significant concerns regarding 
auditability and accountability in high-stakes domains (Chustecki, 
2024). In the context of regulatory risk assessment, where conclusions 
carry direct public health implications, these are not merely theoretical 
concerns: the degree of error that is acceptable from an automated 
pipeline must be explicitly defined, validated against expert annotation, 
and distinguished from efficiency gains: speed and accuracy being 
distinct and independently measurable properties. Furthermore, the 
deployment of large-scale LLMs raises ecological concerns, as training 
and running such models entails substantial energy consumption and 
associated carbon emissions (Ren et al., 2024). Ethical considerations 
also arise regarding intellectual property, data provenance, and the 
appropriate role of automated tools in regulatory decisions (Cheong, 
2024).

The study presented here leverages the capabilities of LLMs to 
address the aforementioned challenges in scientific literature review by 
developing a fast and efficient pipeline for the extraction of relevant 
MoA information across multiple compounds. A set of LLMs-assisted 
algorithms (hereafter referred to as LLMs-rev) have been developed to 
this aim. The case study that is presented has been used to assist a 

scientific report (Kremer et al., 2026) by classifying and grouping 
compounds by MoA on specific endpoints. Specifically, LLMs-rev has 
been used to retrieve potentially relevant papers from PubMed, evaluate 
their relevance, and extract MoA information from open-access publi
cations. For non-open-access papers, users with appropriate credentials 
and under specific copyright license terms could upload PDF documents 
to be inspected by the system for MoA extraction. The automated 
approach devised through LLMs-rev aims to accelerate the RA process by 
providing systematic, large-scale literature screening support. The tool 
is designed to operate under mandatory human oversight, and its out
puts are intended to assist (rather than replace) expert toxicological 
judgment. The scope and limitations of the approach are discussed in 
light of the concerns raised above.

2. Materials and methods

2.1. Mechanism of action

The MoA of a compound in this study refers to the specific 
biochemical, cellular, or molecular interactions and specific pathway 
through which a toxicant produces an adverse effect. Because of the 
variety of the MoA and the way it is usually described in literature, 
simple retrieval through keywords is not sufficient and far from 
exhaustive. LLM models can be a powerful tool to tackle this, since the 
extraction of the MoA from relevant papers would need interpretation of 
the context, using semantic relationships and pattern recognition, as 
well as a deeper understanding of the natural language used in the 
retrieved literature.

The present case study focuses on the extraction of MoAs for com
pounds identified by their Chemical Abstracts Service (CAS) number and 
present in the OpenFoodTOX (https://www.efsa.europa.eu/en/data-rep 
ort/chemical-hazards-database-openfoodtox) and NTP (https://ntp.ni 
ehs.nih.gov/data/download) databases, as well as EPA's IRIS database 
(https://www.epa.gov/iris/). A broad, general term was used to account 
for differences in terminology and study approaches, thereby allowing 
inclusion of a wider range of papers. Examples of subcellular events and 
effects used for the determination of MoAs are oxidative stress, mem
brane damage or mitochondrial dysfunction.

2.2. Technical aspects

The script underlying LLMs-rev has been developed in R (R Core 
Team, 2023) and deployed on the Azure Databricks platform. It in
terfaces with the OpenAI API to utilize the GPT-4o model (128k tokens 
context window, OpenAI, 2024) through Python libraries, accessed in R 
via the ‘reticulate’ package (Ushey et al., 2023). This approach was 
adopted to circumvent stability issues encountered with the native 
OpenAI R package. The entire process of searching, scrutiny and 
extraction was carried out on a dedicated cluster and took approxi
mately 60 h. The cluster consisted of a 4-core processor with 16 GB of 
active memory, using the Azure D4ds_v5 parameters. The runtime 
version of Databricks was 15.4 LTS (Scala 2.12, Spark 3.5.0). The full 
script is available at [https://doi.org/10.5281/zenodo.17546348]. The 
performance of the script will depend on the resources of the infra
structure hosting the LLM-rev processes.

The R environment was set up using the CRAN repository URL dated 
from 2024 to 09-15. This ensured that all R packages were installed from 
a consistent and reliable source, which is the operating system used in 
Azure Databricks. The OpenAI API version "2024-02-15-preview" was 
utilized for relevance assessment and content analysis. The LLMs-rev 
pipeline consists of two main phases: (1) retrieval and relevance 
assessment of papers from PubMed, and (2) extraction of MoA-specific 
quotations from relevant publications.
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2.3. Part I: Retrieval and assessment of the relevance of PubMed papers

The initial phase of the workflow involves retrieving scientific papers 
from the PubMed database. To overcome the PubMed API's fundamental 
limitation of retrieving up to 10,000 records per query, the search was 
systematically subdivided by publication year. Papers' metadata, 
including titles, authors, DOIs, and abstracts, were then extracted using 
a combination of the easyPubMed (Fantini, 2019) and rentrez (Winter, 
2021) R packages and structured into XML format with the xml2 pack
age (Wickham et al., 2023). The query consisted in retrieving all papers 
that contain the studied molecule name or CAS number.

The second part of the workflow focuses on assessing the relevance of 
these papers. We used GPT-4o with carefully optimized prompts 
(Table 2) to analyze each paper's title and abstract. These prompts were 
designed to identify specific information related to the MoA target or
gans, and physiological processes. A paper was flagged as relevant if the 
abstract or title contained evidence of direct interaction between the 
compound and biological systems at the cellular, molecular, or organ 
level, as specified in the prompt instructions (Table 2). Papers citing the 
compound solely in an industrial, agricultural, or manufacturing context 
were excluded. Papers flagged as potentially relevant were listed in a 
standardized Excel file for subsequent analysis.

The entire process was automated to handle multiple target com
pounds, identified by their CAS numbers. Tidyverse (Wickham et al., 
2019) packages were used for data manipulation and analysis, while 
writexl handled the final export of results to Excel, ensuring a consistent 
and streamlined output.

2.4. Part II: Extraction of MoA quotations from retrieved scientific papers

Once a list of relevant papers has been established, the second phase 
involves extracting specific quotations related to the toxicological 
events and effects that could be used to determine the MoA. A dedicated 
GPT-4o prompt (Table 2) analyses the full text content of each paper for 
this purpose. A key aspect of this step is implementing robust error- 
handling mechanisms to address common issues such as token length 
limitations, API communication failures, and content policy restrictions.

The extraction process follows a dual-path approach: 

1. Open-Access Papers: For papers publicly available on PubMed, the 
script directly processes the full-text content to extract direct MoA- 
related quotations directly from the results of the easypubmed 
query in XML format, not saving any version of the paper locally.

2. Non-Open-Access Papers: For papers that are not publicly avail
able, a separate workflow was developed. Users with appropriate 
access rights and copyright license can download these papers as 
PDFs and organize them into compound-specific directories. The 

script then systematically converts these local PDF documents into 
XML files and processes them.

To maintain scientific integrity, the process is strictly limited to 
extracting in text and intact quotations identified by the LLM as con
taining MoA related information, thereby avoiding any model inter
pretation, extrapolation, or potential hallucinations. Such hallucinations 
are described as plausible yet non factual content by Huang et al. (2025). 
The output from both open-access and local PDF analyses is a stan
dardized Excel file containing paper metadata and the extracted quo
tations. This ensures a consistent data format for all downstream 
analyses, regardless of the source. The overall workflow is illustrated in 
Fig. 1. In this study, only open access papers have been considered.

3. Results

3.1. Query

The developed script successfully extracted MoA information from a 
list of 121 compounds that were needed for the case study, processing 
over 424,250 papers, of which 73,175 were fully available online (2A 
and Fig. 2:B). A manual search was also performed on a subset of tar
geted compounds for consistency and quality checks purposes. It pro
vided the same results as the automated query created via the 
EasyPubmed packages (example in Table 1). Another check consisted of 
using the LLMs-rev with the Easy PubMed package and assessing if its 
output is equivalent to querying “compound name OR CAS_number” in 
the PubMed online browser. This gives confidence in the fact that the 
automatic querying is at least as good as a manual search, while being 
much faster.

3.2. Assessment of relevance

As shown in Fig. 2A, the pipeline retrieved over 400,000 papers, of 
which approximately 73,000 were available as full-text documents. 
From these, 30,250 papers were classified as containing relevant 

Fig. 1. Overall workflow for papers accessible via PubMed.

Table 1 
Statistics of the PubMed extraction, relevance assessment, 
and MoA extraction for Sodium dichromate dihydrate.

Metric of interest Number

Papers retrieved 118
Available full-texts 9
Relevant papers 83
Relevant full text papers 7
Number of quotations 122
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information for MoA classification based on title and abstract screening, 
and 4500 open-access papers underwent full MoA extraction, yielding 
specific toxicological mechanism quotations. The pipeline extracted a 
total of 48475 quotations for 73 molecules, ranging from 12888 (from 
1209 papers) for carbon tetrachloride to <10 for the 10 least repre
sented molecules. These numbers reflect the scale and efficiency of the 
pipeline as well as the broad range of literature corpus available to this 

day. Distribution of quotations is shown in Fig. 2B.
The prompts used for relevance assessment were systematically 

optimized through a rigorous, iterative human-controlled process to 
minimize hallucinations and extrapolations from GPT-4o, while pre
venting the selection of misleading information. These limitations were 
previously acknowledged by Sonnenburg et al. (2024) and Shaib et al. 
(2023). Through iterative trial, evaluation and refinement, the 
prompts were designed to strictly align the research objective with the 
compound's Mechanism of Action (MoA). Specifically, human oversight 
was maintained to ensure the exclusion of literature citing a molecule 
solely for industrial or manufacturing contexts, isolating only its toxi
cological effects. This calibration was executed on a limited subset of 
compounds; after each iteration, the generated output was manually 
audited, and the prompt was progressively adjusted until the resulting 
bibliography was entirely free of misleading citations. This optimization 
required less than 5 iterations. The primary objective of this human-led 
optimization was not to achieve a flawless definitive assessment (as 
full-text analysis remains mandatory) but rather to establish a robust 
filtering mechanism against irrelevant literature. The calibration needs 
accurate statements, as vague prompts could inadvertently include 
irrelevant information (e.g., a compound's mechanism as a pesticide 
rather than its toxicological effects of interest), while overly restrictive 
prompts risked excluding valuable insights. A balanced approach was 
therefore adopted to ensure accurate identification of relevant infor
mation without omitting critical details. The finalized prompts are 
presented in Table 2.

3.3. Quote extraction

Special attention was required for processing the output format from 
GPT-4o, as these responses served as the foundation for subsequent 
paper selection and prompt generation. While a similar methodology is 
expected to be compatible with next-generation LLM architectures, this 
step was subjected to rigorous expert supervision to ensure data integ
rity. Specifically, the prompt was iteratively optimized by benchmarking 
the AI-extracted quotations against a manual, gold-standard study pre
viously conducted by the toxicologists on a limited list of compounds. 
This comparison revealed that if the prompt did not explicitly mandate 
the retrieval of strictly intact quotations from the text, GPT-4o tended to 
fabricate, extrapolate, or summarize inferred information rather than 
returning an empty or negative response. Such behavior introduces 
substantial noise into the dataset and risks biasing the selection of the 
correct Mechanism of Action (MoA). Consequently, through continuous 
human verification, the prompt was refined until the extracted quota
tions perfectly matched the precision of the manual toxicological study. 
The resulting structure required careful handling to populate the final
ized extraction table, as exemplified by the data for sodium dichromate 
dihydrate in Table 3.

3.4. Validation and utility assessment

3.4.1. Assessment of GPT-4o-assisted literature screening for MoA 
classification

The extracted quotations of the GPT-4o-assisted workflow have been 
used to support toxicologists in classifying compounds by MoA by 
extracting relevant evidence from the scientific literature. To assess the 
reliability of the approach, the workflow was initially utilized for a 
limited subset of compounds. The extracted quotations and associated 
literature sources were qualitatively reviewed by toxicologists and 
considered alongside information obtained through conventional 
manual literature screening.

Special attention has been put to avoid model hallucination or 
extrapolation from the text. The optimized prompt, therefore, includes a 
specific mention to extract in-text quotations only. This verification 
process proved particularly valuable for compounds with limited 
available scientific literature or for compounds where different 

Table 2 
Step by step prompts given to GPT-4o through the OpenAI API.

Use Prompt

Relevance 
Assessment

paste("Analyze the title and abstract of this scientific paper to 
determine if the full paper might contain information about the 
mechanism of action (MOA) or mode of action or adverse 
outcomes for the toxicological effects of ",molecule," on humans 
or test subjects (mammals/birds). 
Based on these criteria, provide a clear YES or NO response 
only. Input text:", fulltext)

MoA Extraction sprintf("Analyze the full text of this scientific paper and extract 
direct quotes that specifically describe the mechanism of action 
(MOA) for the toxicological effects of %s on humans, birds, or 
mammals used in testing. Focus exclusively on sentences or 
paragraphs that explain: 
Molecular pathway descriptions of toxicity
Physiological toxic effects and their progression
Details of toxic biological interactions
Target organs or systems affected by the toxicity
Cellular or organ-specific responses to toxicity
Biochemical processes involved in toxicity
Return only the relevant quotes that directly describe these 
mechanisms, maintaining the exact wording from %s The 
output should not include anything else than quotes",
molecule, fulltext_combined)

Fig. 2A. Retrieval statistics.
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parameters of an underlying mechanism were studied. By consolidating 
relevant evidence from diverse sources, the approach provided a 
comprehensive overview of the available literature and supported 
expert-driven MoA classification.

For selected compounds, the extracted quotations provided literature 
evidence consistent with and supporting the MoA classifications derived 
through manual screening. However, for compounds with complex 
MoAs requiring interpretation of figures and contextual data analysis, 
insufficient information was provided by the extracted quotations alone 
to accurately interpret the MoA. There is no convention for the wording 
of the description or the MoA, which makes its identification more 
complicated. This finding aligns with previous studies about biomedical 
literature (Toth et al., 2024). In these instances, targeted investigation of 
appropriate sources was facilitated by the comprehensive list of relevant 
literature, both open and closed-access. The extraction step operates on 
the full text of a paper once it has been flagged as relevant for the target 
compound, and pulls all MoA-related quotations regardless of which 
specific compound they describe. For papers studying multiple metals or 
compounds simultaneously (as in the zebrafish multi-metal exposure 
study cited in Table 3), this can yield quotations describing co-occurring 
compounds (e.g., nickel) alongside those describing the target com
pound. This is currently resolved through mandatory human review of 
all extracted quotations before MoA conclusions are drawn, rather than 
automated compound-specific filtering.

3.4.2. Performance with limited literature
In the present study, the query to the PubMed database retrieved 

fewer than 30 full-text papers for 40 of the analyzed compounds, which 
represented a third of the total number of compounds considered. This 

led to the pipeline not retrieving any quotations for 48 of the 121 
analyzed molecules and less than 20 quotations for 19 of the 73 mole
cules for which quotes have been retrieved. This limitation tends to 
justify the use of the LLMs-rev mostly for compounds with abundant 
literature, where all potential MoAs will be thoroughly represented.

3.4.3. Limitations and expert oversight requirements
This developmental methodology was employed to validate manual 

searches, providing additional confidence in the findings. As found in 
Blümmel et al. (2023), the AI extraction tool shows its best potential as 
an assistant to experts, rather than a replacement. The main disadvan
tage of this automated data extraction from scientific literature arises 
from its current limitations of LLMs to access information stored in 
images, plots, and charts. Even though the GPT-4o model would be able 
to use images as input, no specific instructions have been given in the 
prompt to ensure it is done, as the retrieval of full text papers from 
easypubmed only convert texts. For toxicological studies in which the 
MoA is represented visually, current LLMs that rely solely on text may 
overlook it. This limitation is likely to be addressed as LLMs evolve to
wards incorporating multimodal information within a reasonable use of 
tokens. As LLMs advance, the range of applications and input file flex
ibility will broaden, and it is expected that applying the current meth
odology with small, relevant fixes will only increase output quality.

4. Conclusion

The LLMs-rev automated extraction system has demonstrated 
considerable potential for accelerating toxicological assessment work
flows. Applied to 121 compounds, the system assessed over 400,000 

Fig. 2:B. Retrieval statistics per molecules.
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Table 3 
Sample of extracted results for Sodium dichromate dihydrate.

Paper title Authors and DOI Extracted quotations

Synchrotron-based 
imaging of chromium 
and γ-H2AX 
immunostaining in 
the duodenum 
following repeated 
exposure to Cr(VI) in 
drinking water.

Chad M Thompson; 
Jennifer Seiter; Mark 
A Chappell; Ryan V 
Tappero; Deborah M 
Proctor; Mina Suh; 
Jeffrey C Wolf; Laurie 
C Haws; Rock Vitale; 
Liz Mittal; 
Christopher R 
Kirman; Sean M 
Hays; Mark A Harris 
10.1093/toxsci/ 
kfu206

1. "Exposure to Cr(VI) 
induced villus blunting 
and crypt hyperplasia in 
the duodenum–the latter 
evidenced by lengthening 
of the crypt compartment 
by ~2-fold with a 
concomitant 1.5-fold in
crease in the number of 
crypt enterocytes."

2. "Cr(VI) exposure to 
B6C3F1 mice causes 
villous cytotoxicity, 
followed by crypt 
proliferation without 
evidence of cytogenetic 
damage or increases in 
kras mutation frequency."

3. "μ-XRF maps revealed 
mean Cr levels >30 times 
higher in duodenal villi 
than crypt regions; mean 
Cr levels in crypt regions 
were only slightly above 
background signal."

4. "These findings do not 
support a MOA for 
intestinal carcinogenesis 
involving direct Cr-DNA 
interaction in intestinal 
stem cells, but rather sup
port a non-mutagenic 
MOA involving chronic 
wounding of intestinal 
villi and crypt cell 
hyperplasia."

5. "The pattern of Cr(VI)- 
induced lesions in mice is 
consistent with the fact 
that most dietary absorp
tion occurs via villus 
enterocytes of the duo
denum and proximal 
jejunum."

6. "Villus enterocytes are 
differentiated, short-lived, 
and destined to slough 
into the intestinal lumen, 
and therefore DNA dam
age in villus enterocytes 
poses little, if any, carci
nogenic risk."

7. "At low magnification, 
γ-H2AX immunostaining 
in the crypt region appears 
darker in the treated 
mouse specimens; 
however, this appearance 
is due to the increased 
cellular density caused by 
crypt epithelial 
proliferation."

8. "The absence of increased 
γ-H2AX staining in the 
proliferative crypt 
compartment of mice 
exposed to Cr(VI) suggests 
that Cr(VI) does not 
directly reach crypt 
enterocytes in vivo."

9. "The μ-XRF maps 
exhibited strong calcium 
(Ca) and sulfur (S) signals 
in the crypts and villi  

Table 3 (continued )

Paper title Authors and DOI Extracted quotations

(effectively outlining the 
shape of the small 
intestine), whereas Cr 
signal (determined to be 
Cr(III)) was limited to the 
intestinal villi."

10. "Chromium treatment did 
not appear to dramatically 
alter the μ-XRF maps for 
Ca and S; however, these 
maps clearly show the 
villus blunting in the 
duodena of treated 
animals."

11. "Quantification of the 
μ-XRF map indicated that 
the mean and median 
concentrations of Cr in the 
villi were 14.0 and 
11.9 μg/g, respectively, 
whereas the mean and 
median concentration of 
Cr in the crypt region was 
0.4 and 0.4 μg/g"

12. "F344 rats did not exhibit 
villus blunting, crypt 
hyperplasia, or develop 
intestinal tumors in the 
13-week and 2-year NTP 
studies."

13. "No aberrant foci were 
observed in duodenal H&E 
stained sections from 
control mice or mice 
exposed to 0.1–180 mg/l 
Cr(VI) for 13 weeks."

14. "Herein, we clearly 
showed that high 
concentrations of Cr(VI) 
increase the number of 
crypt enterocytes and 
length of the crypt 
compartment after 13 
weeks of exposure."

15. "The U.S. EPA regional 
screening level (RSL) of 
0.035 μg/l for Cr(VI) in 
residential tap water has 
been proposed based on 
the assumption of a 
mutagenic MOA, that is, 
that the biology and risk of 
intestinal tumor formation 
from Cr(VI) exposure is 
linear."

Whole adult organism 
transcriptional 
profiling of acute 
metal exposures in 
male zebrafish.

Naissan Hussainzada; 
John A Lewis; 
Christine E Baer; 
Danielle L Ippolito; 
David A Jackson; 
Jonathan D Stallings 
10.1186/2050-6511- 
15-15

1. "Primary mechanisms of 
metal toxicity include the 
production of free radicals 
which can trigger 
oxidative stress, induce 
mutagenesis by DNA- 
metal interactions, and 
impair protein function by 
covalently modifying pro
teins or competing with 
metal binding sites."

2. "Metal-derived reactive 
oxygen species (ROS) may 
perturb a number of 
tightly regulated cellular 
processes (e.g., cell growth 
and proliferation), 
activate transcription 
factors and genes, and 
trigger cellular adaptive 
programs including metal 

(continued on next page)
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papers, identified 30,000 relevant publications, and extracted 48,000 
quotations from 4500 open-access papers, achieving comparable effi
ciency to manual methods but at a significantly higher processing speed. 
By serving as a complementary tool to traditional manual screening 
methods, it provides toxicologists with a systematic means of validating 
their findings and ensuring comprehensive literature coverage. The 
primary value lies in augmenting expert judgment through efficient 
information retrieval and organization.

Table 3 (continued )

Paper title Authors and DOI Extracted quotations

stress response, DNA 
repair mechanisms, and 
inflammation."

3. "Exposure to all three 
concentrations of 
chromium 
histopathologically 
affected the gills, 
intestine, and pharynx."

4. "Both gill and pharynx 
epithelium exhibited 
mononuclear cell 
infiltration, which is 
indicative of acute 
inflammation."

5. "The most prominent 
change in intestine was 
moderate to moderately 
severe atrophy of the 
mucosal folds and a mild 
infiltration of the 
intestinal lamina propria 
with mononuclear cells."

6. "Histopathology 
confirmed that zebrafish 
exposed to all three 
concentrations of cobalt 
presented with respiratory 
tract lesions specific to the 
olfactory epithelium."

7. "Chromium redox cycling 
and ROS generation 
induce DNA damage and 
activate subsequent repair 
mechanisms."

8. "Chromium up-regulated 
p53 and MAPK signaling 
pathways."

9. "Genes associated with 
inflammation and acute 
phase stress responses 
were up-regulated more 
with chromium than the 
other metals."

10. "Nickel poisoning causes 
oxidative damage to DNA 
and inhibits antioxidant 
defenses."

11. "Chromium poisoning was 
associated with a marked 
down-regulation in genes 
involved in cellular meta
bolism, including lipid and 
steroid metabolic 
pathways."

12. "Chromium poisoning 
caused down-regulation of 
an entire set of genes 
encoding important regu
lators of energy meta
bolism, glucose, 
cholesterol, amino acid, 
and fatty acid metabolism 
and transport in many tis
sues, including the intes
tine and liver."

13. "Robust, differential 
down-regulation of key 
mediators of glucose 
metabolism (g6pca, gys2), 
lipid metabolism (fabp1), 
and canalicular bile acid 
transport (abcc2) suggest 
metabolic perturbations in 
the liver and/or gut-liver 
axis."

Table 3 (continued )

Paper title Authors and DOI Extracted quotations

14. "Nickel induced 
transcription factor 
changes consistent with 
redox signaling, including 
up-regulation of hif1α and 
xbp1 and their associated 
gene targets."

15. "Cobalt showed more up- 
regulation of genes regu
lating the biological pro
cesses of the oxidative 
stress response than any 
other metal."

16. "Chromium also up- 
regulated cell cycle regu
lation and apoptosis genes 
not enhanced in the other 
metals, including genes 
involved in the G1/S and 
G2/M cell-cycle check
points and in the RAD6- 
dependent DNA repair 
pathway."

17. "The metals showed a 
significant discrepancy in 
the type and direction of 
the regulation of the 
transcription factors 
expressed."

18. "Common to all metals was 
the up-regulation of the 
highly conserved mini- 
chromosome maintenance 
4 (mcm4) gene with DNA 
helicase activity essential 
for the inhibition of 
eukaryotic genome repli
cation and the origin 
recognition complex 
(orc61) which facilitates 
replication."

19. "Nickel poisoning up- 
regulated other genes 
critical for redox sensing 
and homeostasis, 
including periredoxin 
(zgc:110343), thioredoxin 
(zgc:92903), thioredoxin- 
like 1 (txnl1), and protein 
disulfide isomerase 4 and 
5 (pdia4, pdip5)."

20. "Chromium is readily 
absorbed by the intestinal 
tissue. Since gut mucosa 
represents the primary site 
for whole-body amino acid 
metabolism, mucosal at
rophy can significantly 
diminish the gut's amino 
acid metabolic capacity 
and decrease amino acid 
requirements and use."

21. "Nickel dose-dependently 
increased expression of 
hspa5."
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The LLMs-rev successfully addressed key challenges in scientific 
literature review through its fast and efficient MoA extraction process 
across multiple compounds. By automating the retrieval of relevant 
papers from PubMed, evaluating their relevance, and extracting MoA 
information from open-access publications, significant acceleration of 
the risk assessment process was achieved while maintaining compre
hensive scientific literature coverage. No significant advantages over 
manual screening were demonstrated by this automated method for 
compounds with very limited available literature or those with multiple 
proposed MoAs. For non-open-access papers, the system's capability to 
process uploaded PDF documents by users with appropriate credentials 
could ensure that valuable information is not overlooked, thereby 
enhancing the completeness of the MoA extraction process. This inte
gration of automated extraction with human expertise represents a 
significant step toward providing more efficient and thorough toxico
logical assessments.

The reproducibility and systematic nature of this approach address a 
fundamental challenge in toxicological research: the need for consistent 
and comprehensive literature evaluation across multiple compounds. As 
regulatory requirements for chemical safety assessment continue to 
expand, such tools become increasingly valuable for maintaining sci
entific rigor while managing growing information volumes.

The versatility of the presented method extends beyond its imme
diate application in MoA retrieval. With appropriate prompt refinement, 
the same methodological framework could be adapted for various ap
plications requiring scientific literature assessment and specific infor
mation extraction. GPT-4o demonstrated the capability to process large 
volumes of textual information efficiently, opening new possibilities for 
automated information extraction from diverse document types, 
including legislation, institutional reports, and scientific literature. This 
capability could significantly accelerate research processes that tradi
tionally require extensive human resources and time investment.

Despite its significant advantages and potential, this approach does 
have some important limitations. In its current form, the LLMs-rev sys
tem serves primarily as an auxiliary tool for expert toxicological 
assessment, particularly for compounds with complex MoAs requiring 
interpretative analysis of figures and contextual data. Additionally, 
rigorous safeguards must be maintained to prevent model extrapolation 
or hallucination, which has been effectively achieved by restricting 
outputs to direct quotations from verified sources. In information 
extraction, a hallucination occurs when the LLM generates information 
that is not present in the source papers or is factually incorrect according 
to the provided text. Extrapolation occurs when the LLM takes a valid 
finding from the paper and projects it beyond its logical or data- 
supported bounds. The model "reads between the lines". The results of 
the MoA extraction also depend on the comprehensiveness of the source 
database and could be implemented using other databases, eventually 
using non-English literature, which will also represent a further 
advantage of this workflow, since direct translation could be included in 
the process to deal with literature that would not be considered by ex
perts who do not master the publication's language. Further de
velopments could also include the iterative inclusion and exclusion of 
mechanism, events and effects keywords within the extraction prompt, 
as well as a contextualization of the extracted quotations within the 
paper. Finally, this pipeline allows only the retrieval of textual infor
mation due to the limitation of full text retrieval process, an issue which 
will most probably be tackled by the newest LLM architectures and 
alternative full text retrieval methods.

In terms of reliability, the automated approach based on LLMs-rev 
aligns with findings from previous studies, demonstrating significant 
improvements in screening efficiency. For instance, Hardy et al. (2024)
reported that AI tools offer clear efficiency benefits in systematic liter
ature reviews, although the impact on accuracy varies. LLM-rev offers a 
significant advantage in speed compared to conventional literature re
view processes, which require validation by two human reviewers. 
Conventional methods typically allow a single validator to assess the 

relevance of 100 to 120 papers per hour. In contrast, this AI script 
processed more than 8000 papers per hour, a figure that includes the 
highly time-intensive task of information retrieval from open texts. This 
value is highly dependent on the hardware infrastructure hosting the 
LLM-rev process. The efficiency of those traditional screening tools and 
their built-in AI features or added machine learning have been discussed 
by Gartlehner et al. (2019), Gates et al. (2019); Chappell et al. (2023), 
highlighting the potential risk of missing important and relevant papers 
in the process. In the presented AI technique, this risk is mitigated by an 
accurate optimization of the prompt, which remains the key role of the 
human user. This has been further corroborated by the manual screening 
for several compounds and a comparison made with the relevant papers 
retrieved by the LLMs-rev procedure. Ample detail on this can be found 
in Kremer et al. (2026).

In conclusion, the LLMs-rev automated approach to MoA extraction 
represents a valuable addition to the toxicologist's toolkit, offering 
enhanced efficiency, reproducibility, and comprehensiveness in scien
tific literature review. However, the current implementation requires 
expert oversight at multiple stages, and formal quantitative validation 
against annotated gold-standard datasets remains an essential next step 
before broader deployment in regulatory workflows can be recom
mended. Future developments including multimodal input processing, 
cross-lingual retrieval, and decision-support agent integration hold 
considerable promise for further advancing this methodology. By 
combining the processing power of LLMs with expert human oversight, 
this methodology advances the field toward more systematic, objective, 
and thorough toxicological assessments while maintaining scientific 
rigor and accuracy.
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