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Abstract. Environmental DNA (eDNA) refers to genetic material shed by organisms into their 
environment, such as water, soil, or air. As a non-invasive biomonitoring method, eDNA has 
revolutionized biodiversity assessment by enabling the detection of species presence without 
direct observation or capture. This approach is especially critical for tracking invasive, elusive, 
or endangered species and monitoring ecosystem changes due to climate or anthropogenic 
pressures. Over the past decade, a growing body of scientific literature has explored eDNA 
applications, resulting in a fragmented but rich landscape of domain-specific knowledge. 
Navigating this information is increasingly challenging for researchers and policymakers. To 
address this, we developed BioTrace, an AI-powered knowledge base designed to support 
conversational exploration of scientific abstracts focused on eDNA in biodiversity monitoring. 
BioTrace leverages a Retrieval-Augmented Generation (RAG) architecture, integrating the 
mistral-saba-24b large language model via the Groq API for ultra-fast, low-latency inference. 
Scientific abstracts are indexed using a vector store, and retrieved passages are reranked using 
the all-MiniLM-L6-v2 model to improve answer relevance. Users can query the system in natural 
language and receive grounded, context-aware responses that synthesize findings across 
multiple studies. So far, the knowledge base includes more than 4000 abstracts on eDNA studies. 
This work demonstrates the potential of large language models (LLMs) to distil scientific 
literature into accessible, structured knowledge. BioTrace empowers users with real-time, 
interpretable insights into eDNA research, serving as a blueprint for future AI-based tools in 
ecological and environmental sciences. 
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Introduction 
Artificial intelligence (AI) represents a promi-

sing avenue for supporting researchers in their 
work. In particular, large language models (LLMs) 
such as the GPT family are advanced AI systems 
capable of understanding and generating human-
like text based on extensive training data (Thiru-
navukarasu et al., 2023). These models can process 
vast amounts of literature much faster than ma-
nual methods, potentially reducing the time re-
quired for researchers to review publications. 
However, in some cases of outputs still demand 

careful human verification to ensure accuracy and 
reliability. One of the key limitations of LLMs lies 
in their restricted context window, which con-
strains the volume of text they can process at once 
(Shi et al., 2023). This limitation poses challenges 
when analyzing lengthy scientific documents, 
such as those encountered in systematic reviews. 

To address this issue, researchers have intro-
duced the retrieval-augmented generation (RAG) 
framework (Lewis et al., 2020). RAG integrates 
retrieval-based approaches with generative mo-
dels, allowing LLMs to access and utilize infor-
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mation beyond their built-in context window. In 
this framework, a retrieval component identifies 
the most relevant sections from a large corpus 
using vector-based search methods, which are 
then provided to the LLM for response genera-
tion. This enables the model to draw on a broader 
informational base, enhancing its performance on 
complex tasks. RAG’s ability to manage large vo-
lumes of text makes it particularly suitable for sys-
tematic reviews (SRs), improving processes such 
as article identification, selection, and summariza-
tion. Consequently, it can help streamline SR work-
flows while maintaining methodological rigor. 

A major portion of the SR workload involves 
title and abstract screening. This step, which ty-
pically follows the formulation of a search strategy 
and precedes full-text screening, requires resear-
chers to assess whether a publication should be 
included in the review based on its title and ab-
stract. Automating this stage has the potential to 
significantly reduce workload, accelerate eviden-
ce synthesis, and improve methodological consis-
tency and reproducibility. As such, the automa-
tion or semi-automation of title and abstract 
screening has long been an area of active research 
(Clark et al., 2020; Pham et al., 2021; van de Schoot 
et al., 2021). 

LLMs have demonstrated impressive capabi-
lities across diverse domains and tasks that typi-
cally demand deep comprehension and contex-
tual reasoning from human experts. Their appli-
cations include classification (McNichols et al., 2023), 
information extraction (Wadhwa et al., 2023), and 
knowledge retrieval (Trajanoska et al., 2023). 
Moreover, they can be flexibly adapted through 
prompt engineering (Reynolds & McDonell, 2021) 
and parameter tuning to perform specific roles. 
Nonetheless, challenges remain, such as model 
“hallucinations” (Guerreiro et al., 2023), inherent 
biases (Hastings, 2024; Zack et al., 2024), and im-
perfect alignment with human judgment (Di-
gutsch & Kosinski, 2023). Despite these issues, em-
ploying LLMs for evaluating scientific publica-
tions represents an innovative and promising ap-
proach toward developing automated yet adap-
table systems for screening and assessing scientific 
literature. 

Recent advancements in the field of environ-
mental DNA (eDNA) have been remarkable (Ta-
berlet et al., 2018). Although the core principles 
and workflows of DNA barcoding and metabar-

coding remain largely unchanged, rapid progress 
in high-throughput sequencing technologies has 
significantly improved access to eDNA data. 
These innovations have enabled biodiversity mo-
nitoring with unprecedented precision and scale, 
generating massive environmental genomic data-
sets at relatively low cost. The application of ma-
chine learning and other taxonomy-free analytical 
methods has opened new opportunities to iden-
tify bioindicators and assess ecological status (Cor-
dier et al., 2018, 2019; Pawlowski et al., 2018). As 
scientific literature in this field continues to ex-
pand rapidly, LLMs can provide substantial sup-
port to researchers by facilitating data interpre-
tation and literature synthesis. 

This study demonstrates the potential of 
large language models to transform complex 
scientific abstract information into structured, 
accessible knowledge. We developed BioTrace, a 
tool designed to offer researchers real-time, trans-
parent insights into eDNA research, serving as a 
model for the next generation of AI-driven tools in 
ecology and environmental science. 

 
Materials and methods 
Abstract source 
Abstracts were fetched in bulk from the 

Scopus database (https://www.scopus.com/). 
 
System overview 
The tool is written in Python, and demo ver-

sion is implemented at HuggingFace - an open-
source artificial intelligence (AI) and machine lear-
ning (ML) platform (https://huggingface.co/). 

 
Retriever and Reranking layer 
This module employs the cross-encoder/ms-

marco-MiniLM-L-6-v2 model. The model ms-
marco-MiniLM-L-6-v2 is a sentence embedding 
model created by Microsoft and available via the 
Sentence Transformers library. 

 
Conversational querying and LLM model 
The conversational reasoning component was 

powered by model llama-3.1-8b-instant, an LLM 
optimized for rapid inference. 

 
Data visibility 
The source code can be accessed via 

https://huggingface.co/spaces/vebaev/BioTrac
e/blob/main/app.py 

https://www.scopus.com/
https://huggingface.co/
https://huggingface.co/spaces/vebaev/BioTrace/blob/main/app.py
https://huggingface.co/spaces/vebaev/BioTrace/blob/main/app.py
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Results and Discussion 
We developed BioTrace, a tool for AI-assisted 

analysis of scientific abstracts, focusing on eDNA 
studies. The system implements a retrieval-aug-
mented generation (RAG) workflow, combining 

vector-based document retrieval, cross-encoder-
based reranking, and large language model (LLM) 
reasoning to enable interactive querying of Scien-
tific knowledge. 

 

 
 

Fig 1. User interface of the BioTrace tool. 

 
The user interface (UI) of the BioTrace tool is 

designed with clarity and usability in mind, 
aiming to streamline the process of querying and 
expanding the eDNA knowledge base of scientific 
abstracts (Fig. 1). Users can easily drag and drop 
new documents to contribute to the database, 
with feedback on file limits and types clearly 
displayed. Central to the UI is a responsive query 
input field where users can submit questions 
about eDNA studies. Submitted queries and AI-
generated responses are shown in a conversa-
tional format, with clear attribution to user and 
assistant roles for easy reading. The interface also 
features options to clear chat history, ensuring 
users can maintain an organized workflow 
throughout their literature exploration sessions. 

BioTrace supports PDF, DOCX, and TXT 
formats. Uploaded documents are preprocessed 
to extract text and split into overlapping chunks of 
1,000 characters with a 200-character overlap to 

preserve context across chunk boundaries. These 
chunks are embedded using HuggingFace sen-
tence-transformers/all-MiniLM-L6-v2 embed-
dings and stored in a FAISS vectorstore, which 
allows efficient semantic search across thousands 
of abstracts (Fig. 2). The vectorstore can be persis-
ted locally or uploaded to the Hugging Face Hub, 
enabling collaborative sharing and version control 
of the knowledge base. This approach demon-
strated that large-scale document embedding and 
retrieval can be implemented efficiently while 
maintaining contextual integrity. We have created 
a vectorstore from more than 4000 abstracts (ver-
sion as of 01.11.2025), manually curated from Sco-
pus, about eDNA focused on ecology and biomo-
nitoring. Furthermore, with the upload function, 
users can add future abstracts or full-text docu-
ments to update the knowledge base. 

Initial retrieval using the FAISS vectorstore 
identifies semantically relevant chunks for a given 
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query. To enhance precision, candidate docu-
ments are reranked using a CrossEncoder (cross-
encoder/ms-marco-MiniLM-L-6-v2), which sco-
res query-document pairs and prioritizes the most 
contextually relevant abstracts. This two-step re-
trieval approach reduced noise from superficially 

similar but semantically irrelevant abstracts, im-
proving the fidelity of downstream reasoning. 
The system’s ability to combine dense retrieval 
with reranking highlights the importance of inte-
grating both relevance and semantic understand-
ding in literature exploration.

 

 
 

Fig 2. Workflow of the BioTrace tool. 

 
The reranked documents serve as context for 

the Groq model of choice (LLama-3.1-8b-instant), 
which generates concise, evidence-based respon-
ses to user queries. A conversational memory 
buffer maintains multi-turn context, enabling 
iterative exploration of the knowledge base. 
Responses are generated with explicit citations to 
the original abstracts, ensuring traceability and 
supporting scholarly workflows. Testing on a 
dataset of 4,000 eDNA-related abstracts showed 
that users were able to retrieve relevant infor-
mation across diverse topics, including species 
detection, environmental monitoring, and mole-
cular techniques. The system successfully synthe-
sized information from multiple abstracts into 
coherent, context-aware answers, demonstrating 
that conversational AI can complement tradi-
tional literature review methods. 

While the system achieved strong perfor-
mance in semantic retrieval and response gene-
ration, some limitations were observed. The qua-
lity of responses depends on the LLM’s domain-
specific understanding, occasionally producing 
generalized or partial answers. Processing a very 
large volume of data requires significant compu-
tational resources during embedding and re-
ranking, which may limit scalability. Despite these 
challenges, the results suggest that integrating 
RAG workflows with reranking and conversa-

tional LLMs offers a practical and efficient ap-
proach to knowledge discovery in biology. Future 
work will focus on enhancing domain-specific 
LLM capabilities, optimizing memory usage for 
large-scale datasets, and implementing quantita-
tive metrics to evaluate retrieval and summariza-
tion accuracy.  

 
Conclusions 
The provided tool offers some advantages 

over public LLM platforms such as ChatGPT, 
Perplexity, etc. While paid plans on these services 
may include advanced document analysis, they 
often impose strict limitations on document size 
and storage duration. Furthermore, the model is 
instructed to generate answers only from the 
curated database of abstracts, which will limit the 
hallucinations and improve the quality of the 
answers, compared to the general knowledge of 
the public LLMs. This feature makes the tool a 
more robust and sustainable option for academic 
organizations seeking greater control over their 
data and analytical workflow. 
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