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ABSTRACT: Large language models (LLMs) are transforming broad research areas, yet concerns about their trustworthiness
remain. This study explored the use of Retrieval-Augmented Generation (RAG) to improve LLMs’ knowledge extraction in the field
of mealworm-mediated plastic degradation. We integrated publications up to June 2024 (75 papers) to evaluate the model
performance using a curated data set of 100 queries. GraphRAG, LightRAG, and a traditional RAG were examined with five LLM
models (GPT-4o, GPT-5, Deepseek-V3.1, Qwen-plus, and Llama-3.3). Our results reveal that LightRAG improved LLMs the most
in information extraction. Specifically, for quantitative information extraction, the best performing RAG + LLM pipeline achieves
over 92% accuracy. Meanwhile, for open-ended queries, LightRAG + Llama answers the questions with the best balance of precision
and information coverage. Moreover, empirical results validated the answers about the mealworm gut microbiome composition and
plastic deconstruction patterns through the LightRAG + Llama pipeline. In designing plastic biodegradation experiments, the
original LLMs outperformed RAG-trained LLMs. The expandable nature of RAG enables timely updates to the knowledge base.
This study demonstrates a reliable application of advanced LLMs in the emerging environmental science field. Our findings identify
challenges, such as conflict handling, and guide future research in scientific artificial intelligence.
KEYWORDS: plastic degradation, Tenebrio molitor, gut microbiome, retrieval-augmented generation, large language model

1. INTRODUCTION
The global production of plastics represents an escalating
environmental challenge. In 2018, the United States generated
35.7 million tons of plastic waste, with a recycling rate of only
8.7%.1 Annually, plastic pollution kills approximately 100,000
marine mammals.2 Plastic pollution persists mainly because the
common polymers, mostly nonhydrolyzable plastics, have
chemically inert carbon−carbon backbones that resist micro-
bial degradation.3 Traditional waste management strategies,
such as landfilling and incineration, cannot mitigate the
situation and may even produce more pollutants.4,5 Therefore,
researchers keep looking for more environmentally benign
approaches. Enzymes and microbes capable of degrading
plastics are of increasing interest.6 However, very few of them
have been clearly characterized to deconstruct nonhydrolyz-
able plastics without pretreatment like UV exposure.7 Insects,
such as the mealworms (Tenebrio molitor),8,9 the waxworms

(Galleria mellonella),10 and superworms (Zophobas morio),11

have been reported to feed on a variety of plastics. Among
them, mealworms are favored by researchers due to their
resilience and ease of mass rearing,12,13 offering potential for
developing engineered systems to upcycle plastic waste.14

Currently, the exact mechanisms of mealworm-based degrada-
tion are still under investigation. Their gut microbiome could
play a crucial role in degrading plastics15 with certain key
bacteria like Klebsiella.16 Various approaches have assessed the
extent of plastics degradation,17,18 such as weight loss
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measurements, Gel Permeation Chromatography (GPC),19

and spectroscopic techniques like Fourier Transform Infrared
Spectroscopy (FTIR).20 The use of more robust methods like
isotopically labeled plastics enabled direct tracing of plastic-
derived carbon into microbial biomass or CO2.

21 Additionally,
omics technologies enhanced the identification of key enzymes
and metabolic pathways involved in plastic breakdown.22,23

Collectively, the rapid growth of the literature on plastic
biodegradation contains an increasing wealth of information
that requires systematic interpretation. Large Language Models
(LLMs) are artificial intelligence (AI) systems trained on vast
collections of text to learn statistical patterns of words and have
shown impressive applications.24,25 Rather than being explicitly
programmed for each task, they generate text by predicting the
most likely sequence of words based on context. This enables
them to perform a variety of language-related tasks. A natural
follow-up question, however, is how well these general-purpose
models translate to specialized domains. Due to the complexity
of plastics biodegradation, the organization of multilevel
information is essential for guiding future research directions,
making LLMs a promising tool to perform multilevel
knowledge extraction. The impact of LLMs on environmental
science involves streamlining scientists’ workflows, freeing time
for experimental design, analysis, and idea generation, and
thereby accelerating progress on key environmental prob-
lems.26

Trained on broad and noisy data sets, LLMs often produce
outdated or factually incorrect responses due to their
inefficiency in long context reading, with a tendency to
hallucinate.27,28 Retrieval-Augmented Generation (RAG)29

enhances the trustworthiness of LLMs by integrating up-to-
date, verifiable information into their responses, ensuring that
outputs are grounded in current, factual data.30,31 It works by
first searching a trusted textual database, such as a collection of
papers, for relevant information and then using those retrieved
facts to guide what LLMs generate. A smaller and curated

corpus allows knowledge retrieval to be more domain-specific
and precise while also being faster and less resource-intensive.
Another advantage of RAG is improved transparency, since it is
easier to trace back the source of an answer. Traditional RAG
divides the input database into smaller chunks, embeds them,
and stores them as vectors. At query time, the model finds the
top similar text chunks and feeds them into the LLM as a
context to generate the answer. Another way to process the
database is by creating a knowledge network with nodes and
edges representing the structured information extracted from
it. Recently, RAGs like LightRAG32 and GraphRAG33 have
been proposed to enhance and fact-check LLMs’ reasoning
ability through knowledge graphs.
This study (Figure 1) applied LightRAG, GraphRAG, and a

traditional RAG (as baseline) on LLMs, including Deepseek-
V3.1, GPT-4o, GPT-5, Llama-3.3, and Qwen-plus. Compar-
ison of their performance against their default LLM counter-
parts revealed different levels of improvement. We also
included a reasoning LLM, Deepseek-R1, and a PubMed-
finetuned model, Biomistral.34 To ensure a rigorous and
unbiased assessment, we curated a human-evaluated set of
queries to better analyze complex data, identify key factors, and
propose strategies for improving the efficiency of plastic
degradation processes for mealworm plastic biodegradation.
The data set includes 50 quantitative questions, 50 open-ended
questions, and one experiment design. Empirical validation of
open-ended question answers was also performed. By publish-
ing the model codes and guidelines, we bridge the knowledge
gap between environmental science knowledge and advanced
LLM applications. To the best of our knowledge, this is the
first work to apply RAG + LLM pipeline in environmental
science and engineering. Our findings indicate that RAG can
improve the credibility of information retrieval in the
environmental science field and accelerate the database
construction for data-driven research.

Figure 1. Workflow of our study. After constructing the paper database, the multimodal converter was used to transform PDF files into structured
texts for GraphRAG and LightRAG. Next, knowledge graph-based RAGs were tested against our Q&A pool (including Transcriptome, FTIR,
Microbiome, GC-MS, etc.) with a traditional RAG as baseline. Then, LLMs’ performances for each RAG were evaluated by comparing them with
the original models.
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2. MATERIALS AND METHODS
2.1. Literature Search and Processing. We searched

papers with both “mealworm” and the names of fossil-based
plastics in the article titles and abstracts. After excluding
irrelevant studies and only focusing on PS (polystyrene), PE
(polyethylene), PVC (polyvinyl chloride), PP (polypropy-
lene), PU (polyurethane), and PET (polyethylene tereph-
thalate), we downloaded 75 open-access papers from their
publisher Web sites in PDF format by June 2024 (Table S1).
After querying papers, all PDFs selected were processed to
extract structured content using multimodal LLMs that can
read images and text in literature. Each PDF was first
converted to a series of images per page. To detect key
structural components such as figures and tables, we employed
RapidLayout.35 After extraction, these visual elements were
then cropped and stored separately for downstream processing.
To extract and format the textual content from the processed
images, we used Qwen2.5-VL-7B,36 a multimodal LLM
capable of interpreting text embedded in figures and tables.
A structured prompting strategy was applied to guide text
extraction, ensuring the accurate conversion of image content
into a Markdown format. The prompts were designed to (1)
Recognize and transcribe text from scientific PDFs; (2) Ensure
the input is of scientific research paper context; (3) Describe
detected figures and tables; and (4) Format extracted
equations using LaTeX syntax. Each image was processed
through tokenization and embedding transformation followed
by text generation using the Qwen2.5-VL-7B model. The
extracted content was postprocessed to remove redundant text
artifacts and ensure Markdown compatibility. Key postprocess-
ing steps include removing unnecessary Markdown tags,
standardizing LaTeX formatting, and structuring the extracted
text. If figures or tables were detected, they were referenced in
the Markdown document using the appropriate syntax. This
pipeline is scalable and reproducible for knowledge extraction
from PDFs by integrating layout analysis, multimodal LLM-
based text extraction, and structured output generation.

2.2. Configuration and Implementation of RAG and
LLMs. To ensure robustness across different architectures, we
tested the RAG pipelines on multiple LLM models (Table 1),
including GPT-4o, GPT-5, DeepSeek-V3.1 (DS-V3), Deep-
Seek-R1 (DS-R1), Qwen-plus, and Llama-3.3−70b (Llama-
3.3). We used a chunk size of 1200 with a 200-token overlap
and fixed the training temperature at 0.3 across all models. We
used the same embedding model, text-embedding-3-large, for
all of the tests. We cut off the thinking output for all reasoner
models for better representation. We tested three RAG
pipelines for our curated dataset.
GraphRAG builds a knowledge graph with community/

hierarchical summaries, while LightRAG improves it with
graph-based text indexing and a lightweight dual-level retriever.
Both RAGs grow the knowledge graph paper-by-paper, adding
to the existing knowledge base as a union. The hyper-

parameters for GraphRAG and LightRAG are provided in the
supplemental file (Table S2). After knowledge graph
generation, we compared different search methods for answer
generation to assess the Q&A performance. GraphRAG
supports local and global search, while LightRAG supports
local, global, hybrid, and naiv̈e question answering strategies.
Specifically, global retrieval focuses on retrieving information
based on overarching themes and connections within the
knowledge graph. Local retrieval targets specific entities and
their immediate contexts, retrieving detailed information
closely related to the query. Hybrid retrieval combines both
global and local approaches to provide a comprehensive
response. Naive retrieval employs a straightforward search
based on basic keyword matching.
The traditional RAG (not based on the knowledge graph)

for this study was implemented by using the method of Ollama
and Langchain. This process included data ingestion and
loading raw .txt or .md documents, splitting them into chunks,
and embedding them for future vector storing. The processed
data was indexed and stored in a FAISS37 vector database for
efficient retrieval. The prompt for answering questions is “You
must answer strictly from the provided context.” The querying
process integrated the FAISS retriever with an LLM to
generate context-aware answers.

2.3. Model Performance Evaluation. We manually
curated 100 questions into two sets, quantitative and open-
ended, to test the model’s ability to extract the quantitative
information and existing knowledge from the literature corpus
constructed at Section 2.1. Each query set covers diverse
research aspects, including microbiome, metabolomics, tran-
scriptomics and plastic deconstruction extent. All of the
reference answers required by the following model evaluation
were from relevant papers or the domain experts and it took
nearly 200 h/person to curate them. Since the common
conclusions across the mealworm research on plastic
biodegradation were limited by variations in experimental
setups, we included few global questions to test the model’s
ability to summarize the findings. Overall, our queries focused
more on specific studies, as we want to see if models can target
detailed information for a certain study across a bulk of
literature. We also want to avoid the oversimplification of
scientific conclusions, which can be misleading to the general
audience. Although it is achievable for a human to read one
paper and then find one type of information in a short time, it
can be labor-extensive when coming to the same type of
information across numerous papers.
After the answers from different query methods were

compared (e.g., local or global search), the best answer for
each query was used to evaluate the LLMs trained by
GraphRAG and LightRAG pipelines. To evaluate the model
performance on the quantitative query set (Table S3), we
compared the numeric values given by models with our
reference and computed the absolute percentage error (APE).

Table 1. Summary of the Models Used in Comparing Different RAGsa

model GPT-4o GPT-5 DS-V3 DS-R1 Qwen-plus Llama-3.3

initial release date May, 2024 Aug, 2025 Aug, 2025 Jan, 2025 Jan, 2025 Dec, 2024
max context 128,000 400,000 128,000 128,000 131,072 128,000
open-sourced no no yes yes no yes
reasoning model no included no yes no no
developer OpenAI OpenAI DeepSeek DeepSeek Alibaba Meta

aThe reasoning model DS-R1 is not applicable in RAG settings.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.5c14258
Environ. Sci. Technol. 2025, 59, 27437−27448

27439

https://pubs.acs.org/doi/suppl/10.1021/acs.est.5c14258/suppl_file/es5c14258_si_001.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.5c14258/suppl_file/es5c14258_si_001.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.5c14258/suppl_file/es5c14258_si_001.xlsx
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.5c14258?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Model accuracy was quantified by the score 1/(1+APE). For
quantitative questions with no answer, we assigned 100% APE
to them as a penalty. The F1 score is a standard LLMs
evaluation metric representing the harmonic mean of precision
(relevancy of information) and recall (coverage of informa-
tion); therefore, it is suitable for evaluating semantics of the
answers to open-ended queries. To assess the model output of
open-ended queries (Table S4), the F1 score was calculated
using the Bidirectional Encoder Representations from Trans-
formers (BERT)38 with deberta-xlarge-mnli.39 Within the
BERT package, the texts of the reference answer (reference
tokens) and the model answer (candidate tokens) can be
transformed into vectors. Next, the maximum cosine similarity
of pairs between the tokens can be determined and then
averaged across the reference tokens for calculating the
precision (average across the candidate tokens for calculating
the recall). In computing the F1 score, we treated qualitative
text outputs without a clear conclusion to queries as “no
answer.” To summarize, the average 1/(1+APE) score across
50 quantitative queries was calculated to assess the accuracy of
numerical information extraction for each model; while the
average F1 score of 50 open-ended queries was computed to
evaluate the meaning consistency between the model answer
and the human answer.
To assess differences in model scores, the pairwise

comparisons were performed with a nonparametric significance
test, Wilcoxon signed-rank test.40 The score improvement of
an RAG pipeline (Score LLM+RAG) on the original LLM (Score
LLM) was calculated as the equation below

= ×+Improvement(%)
Score Score

Score
100LLM RAG LLM

LLM
(1)

When the improvement calculation for the quantitative
query set was based on 1/(1+APE) scores, F1 scores were used
for the improvement estimation on the open-ended query set.
Such improvements for three different RAG pipelines on five
LLMs have been computed (Table S5).

2.4. Experiment Validations. Dr. Blenner’s group
conducted a preliminary study and incubated mealworms at
25 °C and 80% relative humidity under dark conditions for 30
days. Mealworms were purchased from Rainbow Mealworms
(Compton, CA, USA) and subject to two-day starvation to
clear their gut before plastics degradation experiments. To
investigate the gut microbiome, nonstripped LDPE films
(Mw:111.0 kDa, crystallinity: 52.6%) were purchased from
Sigma-Aldrich (St. Louis, MO, USA) and fed to 100
mealworms. The genomic DNA of gut microbes was extracted
by a New England Biolabs Monarch Genomic DNA extraction
kit and sent to Joint Genome Institute (Berkeley, CA, USA)
for metagenomic sequencing on PacBio. To evaluate the
deconstruction of PE by mealworms, stripped LDPE films
(Mw: 95 kDa, Mn: 26.6 kDa, crystallinity: 52.0%) were
prepared from PE pellets purchased from the same source of
nonstripped films and then fed to mealworms along with bran.
The molecular weights of residual PE in the frass and the
original feedstock were quantified by HT-GPC (TOSOH
HLC-8312GPC/H with two TSKgel GMHHR-H(20)HT
columns and one TSKgel G2000HHR). The functional groups
of the residual PE and the feedstock were detected by a FTIR
spectrometer (Thermo Scientific Nicolet iS5 FTIR spectrom-
eter, Pittsburgh, PA, USA) with the absorbance mode in the
wavenumber range of 4000−400 cm−1 (32 scans, spectral
resolution: 0.482 cm−1). The experiment results were used to
compare with the predictions generated by the leading model
of the open-ended query set. The queries for experiment
validations are listed in Table S6. Detailed experimental
methods are consistent with previous work.41

2.5. Experiment Design Evaluation. We tested LLMs to
write an experimental design for a study that has not been
previously conducted in the field of mealworm-based plastic
degradation. Because the structures of the long text outputs
given by different models can vary greatly without detailed
prompts, we added instructions in our query to generate
outputs consisting of six sections (Objectives, Hypothesis,
Experiment Design, Data Analysis, Expected Outcomes, and
Conclusions) and having a method section under each

Figure 2. Structure of the model output and the scoring system. Our query instructed LLMs to generate an experiment design comprising six
sections. To evaluate the model output, the numbers of experiments (red text chunks) and details (green text chunks) listed under the whole
Experiment Design section were counted for each model as Em and Dm

E. Similarly, the counts Am and Dm
A for the Data Analysis section. Next, the

maximum value for each type of counting across the set of all models (denoted by M) is found. Then, the ratio of the count for one model
(denoted by m) to the maximum was calculated. Finally, four resulting ratios were used for calculating the final score ExpQ by the formula.
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experiment or data analysis (Figure 2). To incorporate the
necessary details into the methods proposed by models, we
instructed them to include experimental conditions, technol-

ogies, and techniques. Finally, the model output can be refined
by assigning the role of “an expert in the field of plastics
biodegradation” to LLMs and asking about the rationales. We

Figure 3.Model performance comparison for two different query sets. The LLM that has the highest score among original models is highlighted by
a red triangle. The significance level for the score comparison against the original LLM for each RAG pipeline was denoted as below. Significance
(Wilcoxon signed-rank test) p < 0.05 indicated by *, no statistical significance indicated by ns. (A) 1/(1+APE) scores of quantitative queries for
original LLMs. (B) Improvement from three RAG pipelines on the average 1/(1+APE) scores of original LLMs for quantitative query set. (C)
Average F1 scores with standard deviations across 50 open-ended queries for original LLMs. (D) Improvement from three RAG pipelines on the
average F1 scores of original LLMs for open-ended query set.

Figure 4. Quantitative query example of how LightRAG improved the performance of GPT-4o. Details of the extracted subgraph show that
knowledge graph-based RAG identifies relevant information from the paper database: It “examines” the entire knowledge network to find the key
nodes “Plastic Consumption Rates” and “PE” which were highly related to the query. The nearby entities and linked document sources were
embedded and screened for extracting values. A simple function to find the maximum was applied and the supporting entities (text chunks) were
located over the knowledge network as shown. Those entities and their supporting document sources were embedded and summarized. The
resulting report was integrated into the original query as the context. Finally, the updated prompt was forwarded to LLM for a response. By this
way, the answer from LLMs trained by knowledge graph-based RAG pipeline can be more reliable.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.5c14258
Environ. Sci. Technol. 2025, 59, 27437−27448

27441

https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.5c14258?fig=fig4&ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.5c14258?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


used detailed prompts along with the local search as the query
method for GraphRAG-trained LLMs and the hybrid search as
the query method for LightRAG-trained LLMs. To evaluate
the model output, we defined “Details” in methods as
information about the technologies and software to apply,
statistical techniques, and experimental conditions, such as pH,
temperature, humidity, medium name, incubation duration,
etc. Next, we manually highlighted the corresponding text
chunks to count the number of experiments and the number of
“Details” under the Experiment Design section for each model.
Then, the maximum number across all models was determined.
Similar counting steps were repeated for the Data Analysis
section. Finally, the ExpQ score, defined specifically for this
study, was calculated using the equation shown below (Figure
2, eq 2)

i

k

jjjjjjjjj
y

{

zzzzzzzzz

= × × +

× ×

ExpQ(%)
1
2

E
max E

D
max D

A
max A

D
max D

100

m

m M
m

m
E

m M
m
E

m

m M
m

m
A

m M
m
A

(2)

The numerators Em, Dm
E, Am, and Dm

A are the counts for
experiments, details of experiments, data analyses, and details
of data analysis for a model (m), respectively. The
denominators are the maximums of the corresponding counts
across a full set of models (M).

3. RESULTS AND DISCUSSION
3.1. Model Performances for Quantitative Queries.

We first tested the original LLMs and RAG-trained LLMs
(LLM+RAGs) for quantitative information extraction. Their
performances were evaluated by the score 1/(1+APE),
illustrated in Figure 3A. Among the seven original models,
DS-V3 extracts numeric information best, with the highest
average score of 75%, followed by DS-R1 and Qwen-plus. All
three RAG pipelines improve the overall accuracy of the
original models. LightRAG provides the largest improvement
(Figure 3B) and results in overall model accuracy ranging
between 86 to 93%, followed by GraphRAG (77 to 83%, Table
S5) and BaseRAG (71 to 79%). Among all of the LLMs, the
highest accuracy achieved is 92% by the combination of GPT-5
and LightRAG, which significantly enhanced the original GPT-
5 model by 36%.
From the perspective of query scopes, most original LLMs

and LLM+RAGs can accurately answer experimental condition
parameters, such as temperature, humidity and pH. When
targeting experiment results from specific studies, their answers
are relatively accurate, such as plastics weight loss by specific
strains (Table S3 Q7 and Q11−12). The global questions
(Table S3 Q1−3 and Q32, etc.), however, are more
challenging to both original LLMs and LLM+RAGs. For
example, when asked about the highest specific consumption
rate of PE films (Table S3 Q1, Figure 4) across all of the
mealworm studies, most models replied with values below 10
mg per 100 larvae per day. The reference answer is 90.28 mg
per 100 larvae per day.42−45 One possible explanation could be
the large variation of reported plastic consumption rates from
the curated database with different experimental setups, such
as diverse plastic properties.46−48 In addition, the training data
for most LLMs might be noisy. Notably, LightRAG-trained

models can provide accurate answers even for global questions,
including the question about the consumption rate (Figure 4).

3.2. Model Performances for Open-Ended Queries. In
addition to the quantitative information extraction, the model’s
ability to retrieve domain-specific knowledge was tested by a
set of open-ended queries. The F1 score from BERT, which
captures the meaning-based similarity between a human
written reference and the LLM reply, was used to evaluate
the model performance of original LLMs and LLM+RAGs (see
Section 2.3). The seven tested original models showed similar
overall performance in answering the 50-question query set in
terms of average F1 score. The recently released GPT-5
obtained the highest average F1 score of 65% (Table S5),
followed by GPT-4o and DS-V3 (Figure 3C). Among different
RAG pipelines, knowledge graph-based RAGs improved the
overall answer quality, while the traditional RAG even
deteriorated the model performance. The average F1 scores
of original LLMs landed between 58 to 66%. After training by
GraphRAG, the scores were slightly improved to a range of 62
to 64%. LightRAG enhanced the answer quality the best
(Figure 3D), reaching scores from 66 to 70%. The
combination of Llama-3.3 and LightRAG obtained the highest
average F1 score of 69.5%, which was 12.1% higher than that
of the original Llama-3.3.
For questions about the general knowledge of mealworm-

driven plastic degradation, answers of most LLMs agreed with
human-generated answers. Nonetheless, for questions requir-
ing information collection and summarization, the perform-
ance of LLMs drops prominently. When asked about the
antibiotic suppression effect on PS degradation (Table 2),
original LLMs and GraphRAG + LLMs tended to give direct
conclusions from papers or reply with “no published evidence.”
Notably, LightRAG + LLMs clearly listed the strong evidence
from literature, like molecular weight change and isotopic
tracing.49−51 By this way, the LightRAG pipeline assisted
LLMs to more reliably summarize the cooperation between
mealworms and their gut microbes across different studies. The
LightRAG-trained LLMs also gave relatively precise informa-
tion on strains isolated from plastic-eating mealworms and
performed better in pulling out a specific analysis result, when
pertaining to a certain study. For example, Lou et al. was the
only one comparing the LDPE foam + bran diet with the sole
bran diet for mealworms, and it reported Mucispirillum and
Lactobacillus were upregulated in their gut.52 The LightRAG-
trained GPT-4o answered with exactly those two bacterial
genera (Figure 5), while original GPT-4o gave four bacterial
genera (Enterococcus, Lactococcus, Pseudomonas, and Serratia)
either common in mealworm gut9,47,52 or more associated with
the sole PE diet in mealworms47 or waxworm.10

Although LightRAG-trained LLMs are excellent at retrieving
the existing knowledge from the literature, they lack the ability
to synthesize new ones. The exact biochemical mechanisms of
mealworm-driven PE degradation have not been revealed yet,
and direct information for corresponding pathways is not
available in the paper collection. Thus, no matter what LLMs
or what RAG pipelines were used in our test, each had trouble
in the task of identifying enzymes that initiate PE
biodegradation in the mealworm gut (Table S4 Q48). Some
enzymes they proposed, e.g., esterase and lipase, can be closely
related to PE degradation, considering the upregulated
expression and high activity level in mealworms.53,54 Whereas
those enzymes do not directly act in the very first step. Instead,
alkane monooxygenases, peroxidases, and dioxygenases are
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more likely to be the key enzymes in the beginning of
biodegradation by incorporating oxygen into PE and making
carbon chains more vulnerable to other enzymes.14 Solving a
scientific question requires a strong multihop reasoning ability
which is ambitious for the sole LLM to achieve. Promisingly,
the information retrieval ability of LightRAG-trained LLMs
can be utilized for preparing data sets that could be essential to
discovering a new finding through computational approaches.

3.3. Model Performances of Experiment Validations.
The leading model from the open-ended query test, the
LightRAG-trained Llama-3.3, was used to predict experimental
outcomes for an unpublished preliminary study. Prediction was
generated by answering the three queries in Table S6. Given
the specific incubation conditions, properties of PE, and the
cutoff of relative abundance, our model predicted Pseudomonas,
Acinetobacter, and Bacillus as the abundant genera (>20%) of
gut microbiome from mealworms consuming LDPE films as
their only food source. Instead, the metagenomics results of
the preliminary study reported Staphylococcus and Enterococcus
as abundant genera. In terms of the presence in the sole PE
diet group, the bacterial genus given by our model was logical:
A few strains under the genus Acinetobacter and Bacillus were
isolated from mealworms and claimed to be capable of
deconstructing PE;42,55 Pseudomonas, known to produce
esterases, can also be related to PE degradation in meal-
worms.47 However, predicted bacteria were reported at low
abundance from previous studies43,44,47 and did not overlap
with abundant genera in our preliminary study. The prediction
ability of our model may be limited by the dynamic nature of
microbiome structures, which can vary due to factors like diet
and incubation conditions. Differences in experimental settings
(humidity, PE properties, etc.) between our experiment and
the collected papers introduced variability in both taxonomic
information and abundance of taxa. The inference of abundant
bacteria is a multistep reasoning task; our model tended to
capture key entities like “PE” initially but often overlooked
descriptions like “abundant” and “> 20%”, which were not
directly presented as nodes in the knowledge network.
Consequently, the biological variability and the complexity of
inference tasks have likely increased the uncertainty in our
model predictions.
The predicted FTIR analysis results for residual PE from

frass of mealworms with a PE + Bran diet corresponded well
with the actual experiment outcomes. When asked about new
peaks, our model listed the carbonyl group and hydroxyl group,
as the experimental result did, and emphasized the
incorporation of oxygen. The predicted peak position of the
C�O stretch (1700 cm−1) was within the empirical range of
its wavenumber (1700−1750 cm−1). Additionally, our model
mentioned a decrease in original peak intensities for C−H
stretch bonds, which is a common observation across plastic
degradation studies. The model prediction was precise for
FTIR analysis on PE, likely because of its qualitative nature
and the relatively consistent findings in our paper collection. In
other words, the model prediction of the functional groups of
residual plastics can be more uncertain if the initial reactions of
plastic biodegradation are diverse and lack relevant studies.
In the case of GPC analysis, both our model and the

preliminary study reported a decrease in molecular weight,
comparing the residual PE with the original feedstock. Mw
(number-average molecular weight) and Mn (weight-average
molecular weight) of residual PE predicted by our model were
47.5−57.0 and 15.9−16.6 kDa, which approximate the valuesT
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given by the actual analysis, 79.8 and 18.4 kDa. Such an
extensive breakdown of LDPE by mealworms was commonly
found in our paper collection. In summary, the model
predictions for different types of analysis, including GPC, not
only align with scientific principles but are also quantitatively
accurate. Meanwhile, caution should be taken when encoun-
tering complex inference tasks and when there is a lack of
supporting studies.

3.4. Application for Experiment Design. The original
LLMs and RAG-trained LLMs were used to generate an
experimental plan for a future study about the interactions
between species enriched from the mealworm gut and with PE
as the sole carbon source. Our detailed prompts instructed
models to give outputs with a consistent structure (Figure 2)
and then we calculated the score ExpQ for evaluating major

sections, Experiment Design and Data Analysis according to
Section 2.5. The experimental plan generated by the original
GPT-5 was the most detailed for both experiments and data
analysis among all other models, while the same LLM trained
by BaseRAG pipeline failed to generate the plan and only
responded with “I don’t know”. The GraphRAG-trained
models scored similarly to the LightRAG-trained models,
and the original models scored higher (Figure 6). Generally,
original LLMs gave a more specific plan than RAG-trained
ones, except for Qwen-plus and Llama-3.3. This limitation
likely stems from the narrow scope of the document collection
used in the RAG pipeline: when the system encounters a study
lacking sufficient methodological details within the available
domain knowledge, the LLM’s reasoning capability is con-
strained.

Figure 5. Open-ended query example of how LightRAG improved the performance of GPT-4o. Details of the extracted subgraph show that
knowledge graph-based RAG identifies relevant information from the paper database: It “zoom in” the entire knowledge network to find entities
near the key nodes “PE + Bran Diet”, “LDPE” and “Gut Microbiome” which were highly related to the query. The descriptions attached to the
nearby entities and relevant document sources were embedded and screened. The summarized report was incorporated into the original query as
the context. Finally, the updated query was sent to LLM. By this way, responses from LLMs trained by knowledge graph-based RAG pipeline can
be enhanced.

Figure 6. Model performance comparison for application in experimental design. The reasoning model DS-R1 and the finetuned model Biomistral
were not integrated with any RAG pipeline, when GPT-4o, GPT-5, and DS-V3 trained from the BaseRAG pipeline did not give any experiment
plan (ExpQ = 0). Vector-based RAG (e.g., BaseRAG) sometimes fails to retrieve text chunks meaningfully supporting the answer. The model giving
the most specific plan relative to others was noted with red triangle. The final score ExpQ was calculated as the formula in eq 2.
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Although the original GPT-5 provided more details in the
experimental plan than others, the design generated by it still
lacks a few critical elements. Microbial community enrichment
is the very beginning of an investigation into the interactions
between gut species in vitro. GPT-5 mentioned gut extraction
and set up sufficient control groups and culture incubation
conditions, but it did not specify experimental conditions such
as the humidity and temperature for mealworms before
sampling, which can impact the species diversity in vivo. The
assessment on the deconstruction of PE was important, and a
set of experiments that GPT-5 suggested is sufficient for
investigating the degradation ability of the microbial
community. Nevertheless, when the number of experiments
increases, it tends to leave out details in the later section and
even loses track of controlling the experimental variables. For
example, in experiments like community enrichment, the
synthetic consortia construction, and stable-isotope tracing, the
substrates GPT-5 selected were inconsistent. Even among the
same type of plastics, property differences like molecular
weight can change the plastics biodegradability, introducing
variations to the microbial community.47 Therefore, the
experiments proposed by LLMs, even the most detailed
ones, still need expert supervision.

4. ENVIRONMENTAL IMPLICATIONS, LIMITATIONS,
AND FUTURE DIRECTIONS

In specialized fields such as mealworm-driven plastic
degradation, we show that RAG-enhanced models outperform
their non-RAG counterparts in answering expert questions,
except for experimental design. RAG + LLM can improve
information transparency and factual accuracy without the
massive computational cost required for fine-tuning. Specifi-
cally, our work indicated great potential for RAG + LLM
pipelines to provide practical aid by automating the feature
extraction (e.g., the strain names, plastic type, and incubation
conditions) from bulky literature in a specific domain. Such a
framework can help with data curation and reduce researcher
workload. It can also shorten the discovery cycles through
context-aware retrieval. For example, redundant search can be
minimized with basic inferences from RAG + LLM applied
(fewer iterations, semantic cues, real-time refinement, etc.). By
integrating unstructured data like policy documents with
structured environmental data sets, the pipeline may enable
faster comparisons of technological options based on environ-
mental impacts.
In this study, the papers we collected for model training can

be a representative subset of the plastic biodegradation domain
because the conceptual foundation and methodologies applied
are similar. The core challenges and primary goals are shared
among the broader fields, such as the marginal degradation rate
for nonhydrolyzable plastics and the investigation on
degradation pathways. However, mealworm-driven plastic
degradation is still a young field and has not yet progressed
to include metabolic engineering and strain engineering.
Currently, the metabolic pathways of mealworm plastic
degradation are unclear, and it is difficult to differentiate the
degradation process in gut microbes from that in the larvae
themselves due to the complexity of their interactions. Thus,
even multiple gut microbes capable of deconstructing plastics
have been isolated from mealworms, but their application to
waste treatment was limited by uncertainty and conflicting
outcomes. With more relevant papers emerging in the future,
the RAG can easily evolve with updated information and allow

models to access recent reports, making them particularly
valuable in rapidly evolving fields of engineering technology.
This dynamic retrieval capability ensures that responses remain
current without the need for frequent model retraining.
On the other hand, we note that RAG remains unreliable for

higher-order tasks, such as hypothesizing mechanisms, explain-
ing biological pathways in depth, or reconciling contradictory
findings. Most “errors” in the generated answers likely reflect
conflicting preliminary findings inherent to a field that is still in
its nascent stage. Even the best models merely aggregate
information without distinguishing which study says what,
undermining trust in their synthesized outputs from the
perspective of humans who read these papers. For example,
early research on KlebCP’s PVC-degrading activity attributed
new FTIR peaks to polymer breakdown, whereas a later paper
showed those peaks stemmed from enzyme residues on the
plastic surface.56 After adding this new conflicting finding, the
knowledge graph does not reflect the change by deleting the
edge between KlebCP and PVC (Figure S1) because RAG
treats the next paper as direct additions to a union rather than
as corrections to existing structures (Section 2.2). The
observed weaknesses in open-ended questions also highlight
risks in relying solely on current AI for generating expert-level
scientific content. The tendency toward oversimplification, the
omission of critical details, and a lack of nuanced under-
standing regarding the weight of different types of evidence
necessitate rigorous expert oversight. These limitations high-
light the need for advanced information extraction methods.
AI outputs in specialized scientific domains should be

viewed as preliminary drafts or informational starting points,
requiring thorough verification against primary, high-impact
literature, and critical evaluation by domain experts. The
following three future directions can help mitigate the poor
conflict reconciliation problem inherent in RAG pipelines: (1)
apply a temporal filter, such as a temporal knowledge graph,
that prioritizes newer studies over older ones, (2) act as
intelligent, self-evolving agents that can check and weigh
conflicting claims, or (3) detect and flag discrepancies,
prompting users to choose which interpretation to follow.
RAG + LLM may empower machine learning57,58 and
mechanistic modeling59 to enhance the prediction of
enzymatic reactions, microbial specialists, residual plastic
distributions, and biodegradation processes.
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