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Abstract

Scientific knowledge is stored as natural lan-
guage within scientific papers. This unstruc-
tured format is difficult to search over, a fact
which hinders the development of systems that
find papers which discuss a given claim. As
this task has important applications, including
countering misinformation, it is important to
find ways to efficiently search for facts within
scientific papers. We investigate the application
of semantic searches using sentence embedding
models to this task and compare variations on
this approach to a baseline method of search-
ing keywords. We find that semantic search
approaches improve upon the accuracy of key-
word searches and that controlling the context
present in extracted claims is critical for effec-
tive searches.

1 Introduction

The current practice of science relies on research
papers as the method of storage for scientific find-
ings. This natural language format is able to accom-
modate a wide range of possible facts; however, as
an unstructured format, it is difficult for algorithms
to process. There are several scenarios in which
algorithmically searching facts within the corpus
of scientific knowledge would be useful. These
include locating prior work during the research pro-
cess, automatically verifying claims made on social
media, and building structured databases that link
human knowledge. The natural language format
of scientific research impedes the development of
these technologies.

At present, scientific articles are commonly
searched using keywords. While this approach is
able to generalize to any document, it is only accu-
rate when the searcher is aware of the terminology
that the article is likely to use. This may be true of
academics searching for papers in their field but is
unlikely for the use case of online fact-checking.
To overcome this limitation, recent research has ex-

plored the use of semantic search algorithms which
embed excerpts of the article text as vectors and
then compare a query’s embedded vector to the
excerpts using a similarity metric.

Within scientific article retrieval tasks, claims
are the key unit of linkage between queries and
articles. The task can be thought of as such: given
a claim, can an algorithm be written to reliably
retrieve scientific articles that are relevant to the
claim? As claims often contain different wording
than scientific writing, semantic search is a promis-
ing approach for achieving high accuracy on this
task. However, the best practices for embedding
an article’s claims are not clear, as it is difficult
to interpret how meaning is stored within an em-
bedded vector. One important question must be
answered: how should article text be preprocessed
prior to embedding? Answering this requires an
evaluation method that is able to measure the effi-
cacy of different excerpt extraction procedures for
the semantic search document retrieval task.

2 Related Work

Prior research on retrieving sources for a claim has
largely focused on claim verification. The focus of
the verification task is to return relevant documents
and mark whether they support or refute a claim’s
truth value; this last aspect is not relevant to this
study. Scientific articles often contain nuanced per-
spectives on facts which might be misaligned with
the way they are presented outside of the scientific
domain. Flattening each article to a support-refute
dichotomy is less useful than providing the origi-
nal article, which contains the full nuance of the
finding. Work in claim verification is still relevant
to this study as it pertains to the challenge of claim
extraction and document retrieval.

Claim extraction is the task of identifying well-
formatted claims from a section of text. This chal-
lenge is nontrivial, as not all sentences contain



claims, and many sentences containing a claim
are formatted in such a way that removing them
from context would make their meaning ambigu-
ous. The first step of solving this problem is to
define what the system will consider to be a claim;
existing datasets tend to use different definitions 1.
The AIDA format - standing for atomic, indepen-
dent, declarative, and absolute - is a useful frame-
work for describing well-formatted claims 2. If
extracted from an article’s text, AIDA claims pro-
vide necessary and sufficient context for semantic
search. While rule-based methods for extracting
AIDA claims have been studied 3, recent natural
language processing (NLP) developments have yet
to be applied to the AIDA format in particular.

Recent claim extraction research utilizes the abil-
ities of Large Language Models (LLMs) to ma-
nipulate text according to natural language com-
mands. These systems usually take the form of
pipelines of data where the LLM is asked to mod-
ify claims it has extracted until they are properly
decontextualized. Existing systems decontextual-
ize by prompting the LLM to generate and answer
questions about ambiguous claims 45 or by prompt-
ing the LLM to follow multiple steps to remove
defined classes of ambiguity from the claims 67.

Document retrieval is central to the efficacy of
claim verification systems. Existing systems tend
to split retrieval into two steps: first, a keyword-
matching approach such as BM25 is used to create
a list of documents most likely to match the claim;
then, a transformer is used to evaluate whether
each document supports, refutes, or is irrelevant
to the claim 8910. This split approach is effective
for tasks in which truth evaluation is the central
challenge, but does not apply well when the claims
and documents share few keywords.

In order to apply semantic search to the docu-
ment retrieval problem, a language model must be
chosen with which to embed claims into vectors.

1https://aclanthology.org/D17-1218.pdf
2https://arxiv.org/pdf/1303.2446
3https://arxiv.org/pdf/1707.07678
4https://arxiv.org/pdf/2406.03239v1
5https://arxiv.org/html/2407.18367v1
6https://arxiv.org/pdf/2502.10855
7https://arxiv.org/pdf/2102.05169
8https://dl.acm.org/doi/pdf/10.1145/3485127
9https://assets-eu.researchsquare.

com/files/rs-3007151/v1_covered_
28f6a157-717f-436a-8251-1179e6f31ed7.pdf?c=
1722246935

10https://arxiv.org/pdf/2210.13777

Sentence-BERT 11 was chosen for this study for its
ability to encode the meanings of text longer than
a single word. Training an embedding model for
the scientific domain is possible 1213, though these
approaches are often less generalizable to new data
and require significant effort to train 14.

Many existing datasets can be used to evaluate
the accuracy of the document retrieval task. Of
these, FEVER, which matches claims to multi-
ple Wikipedia articles that can be used to prove
or disprove them 15, is the most widely used to-
day. SciFact-Open 16, an extension of the SciFact
dataset, contains claims matched to scientific ab-
stracts that support or refute them. Manual inspec-
tion revealed that neither of these datasets was sat-
isfactory for the document retrieval task specified
in this study. Claims in FEVER largely contain
proper nouns such as celebrity names and loca-
tions, while claims in SciFact-Open often contain
highly technical biomedical terminology. These
keywords make it easy to match claims to docu-
ments in these datasets based on word matching
alone. While this is acceptable for a claim verifi-
cation task, it makes the datasets inapplicable to a
context in which claim-writers’ lack knowledge of
the scientific terminology relevant to their claim.

3 Dataset

A new dataset was constructed in order to better
evaluate the accuracy of semantic search proce-
dures for retrieving documents for claim-writers
unaware of relevant scientific terminology. Cita-
tions on Wikipedia were used to build this dataset.

A list of Wikipedia articles to search was first
acquired by parsing the Wikipedia article "List of
common misconceptions", which lists topics that
have commonly-spread misconceptions about them.
This method was chosen to narrow down the set
of topics to those that are commonly discussed
outside of any particular field and for whom claims
are commonly circulated by the general public. The
Wikipedia article pertaining to each of these topics
was then parsed using regular expressions for its

11https://arxiv.org/pdf/1908.10084
12https://www.nature.com/articles/

s41597-019-0055-0
13https://arxiv.org/pdf/1903.10676
14https://assets-eu.researchsquare.

com/files/rs-3007151/v1_covered_
28f6a157-717f-436a-8251-1179e6f31ed7.pdf?c=
1722246935

15https://arxiv.org/pdf/1803.05355v3
16https://arxiv.org/pdf/2210.13777
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citations, keeping only citations that include a DOI
address. Each of these links was stored alongside
the span of text in the Wikipedia article that cited it.
Abstracts were then matched to these DOI citations
using the CrossRef API. Citations that lacked an
accessible abstract - approximately two thirds of all
abstracts - were removed. Abstracts were chosen
instead of the entire article because abstracts are
likely to contain the most important findings of a
study and are easier to access via public APIs.

The dataset was finally split into "queries" -
spans of Wikipedia articles that ended in one or
more citations - and "documents" - abstracts of the
papers cited by those spans. Each query could cite
one or more documents and each document could
be cited by zero or more queries. Queries under 75
characters and over 175 characters, and queries con-
taining hyperlinks and formatting characters, were
removed from the dataset, as they are unlikely to
contain valid claims. Similarly, abstracts with less
than 50 characters were removed from the dataset,
as these examples were usually the result of parsing
errors. The final dataset contained 2329 queries,
each likely to contain a claim, and the 4876 ab-
stracts they were matched to. As shown in 1, most
documents had no queries matched to them; only
about 41% had a matched query. As shown in 2, the
vast majority of queries were matched to exactly
one document.

The Wikipedia excerpts in the dataset were
parsed by selecting spans that ended in a citation
and started either after a different citation or at the
beginning of a paragraph. Because citations can
occur in the middle of a sentence, many of these ex-
cerpts are sentence fragments. The excerpts, when
taken out of context, often lack critical context
about the topic they represent. Additionally, many
sentences are sourced from claims found in the
body of the cited paper rather than in the paper’s
abstract. These limitations increase the difficulty
of making correct matches on the dataset. This
may not be a flaw; real-world application of source
retrieval run into similar limitations.

4 Methodology

Two important questions were studied. First, are
semantic searches more accurate than keyword
searches when retrieving academic documents?
Second, how can claims be extracted from doc-
uments in order to best match query claims?

To answer these questions, multiple approaches
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Figure 1: Distribution of document abstracts by number
of query claims matched to them
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Figure 2: Distribution of query claims by number of
document abstracts matched to them



Approach Implementation Search Type
baseline BM25 keyword
paragraph SBERT semantic
sentences spaCy + SBERT semantic
generated gemma + SBERT semantic

Table 1: Description of each approach tested.

for retrieving documents were performed. The first
was BM25, a similarity method that weighs the
words common between two documents by their
frequency in the whole corpus. As a state-of-the-art
keywords search method, BM25 acted as a baseline
method for retrieving abstracts most similar to a
claim.

The remaining approaches used different meth-
ods to extract text from the abstract before em-
bedding that extracted text as a vector. The sim-
plest method used the full text of the abstract for
the document embedding. To test if a more gran-
ular match was beneficial, the next method first
divided the abstract into sentences using the spaCy
model en_core_web_trf before proceeding with
embedding. Embedding individual sentences lim-
its the amount of information held within each
vector and may bring each vector closer to rep-
resenting a single claim. The full-paragraph and
individual-sentence methods were then altered by
prepending each extraction with the article’s ti-
tle before embedding them. This technique may
clarify meaning that is missing from the raw text,
especially for sentences in the middle of the ab-
stract that lose context when isolated. The final
method involved the use of the large language
model gemma-2-2b-it. Gemma was prompted to
extract the top 3 claims from the abstract and gen-
erate a simple title for the article. The extracted
claims were tested as a method with and without
the generate title prepended to them. This large lan-
guage model method confers a large cost for gen-
eration but results in a more focused set of claims
that may produce better semantic matches.

Embedding the extracted text was done using the
Sentence-BERT model all-MiniLM-L6-v2. The
query claims were embedded with this same model.
The cosine similarity of each abstract against each
claim was computed, and the documents with the
highest similarity were ranked as most relevant.
The accuracy of the approaches was evaluated us-
ing the Mean Average Precision metric, which is
the average precision score for each recall value

Prompt
Article:
"<Abstract>"
Write one short, boring header for the
article that doesn’t use acronyms. Write
3 short claims synthesized from the arti-
cle after it.

Table 2: The prompt given to gemma. <Abstract> is
replaced with the abstract for a paper. The response
is parsed for the extracted header and claims for that
paper.

Approach Default Added Context
baseline .337 -
paragraph .538 .568
sentences .513 .572
generated .513 .507

Table 3: Evaluated score for each approach using the
Mean Average Precision calculated over the top five
documents. Each approach was run with and without
extra context prepended to it. The best result in each
column is in bold.

across every query; this metric measures how high
up in the ranking the target documents were. The
Mean Average Precision was computed using the
top five ranked documents per query.

5 Results

All semantic search approaches performed far bet-
ter than the baseline keyword search approach.
Prepending with context was more effective for
both paragraph and sentence extracting meth-
ods. Paragraph embedding was the most effective
method when no context was added and sentence
embedding was the most effective method when
context was added. Large language model extrac-
tions score lower than methods that used the raw
text. Overall, prepending the article title to each
sentence in the abstract individually resulted in the
highest MAP@5 score for retrieval.

6 Discussion

The Wikipedia citation dataset provided a mean-
ingful means of evaluating different academic doc-
ument retrieval strategies. This is noteworthy, as
existing datasets from the fact-checking domain
are insufficient for this task. It is also clear that
the Wikipedia citation dataset is relatively difficult;
the state-of-the-art keyword search method BM25



achieved only a 34% MAP@5 score. This is likely
because the dataset was generated by scraping all
citations on certain Wikipedia articles, resulting in
many abstracts sharing the same topic. Addition-
ally, the parsing process introduced ambiguity to
many of the query claims taken from Wikipedia,
meaning there was a disconnect between the infor-
mation in the query and in the document labeled as
matching it. This can be seen as an accurate rep-
resentation of real-world fact checking scenarios,
where claims are not always stated unambiguously
in their source text.

On the Wikipedia citation dataset, all semantic
search methods outperformed the baseline BM25
search. This result indicates that, when both used
in isolation, semantic search is more effective at
matching claims to sources than keyword search.
This result supports the intuition that semantic
search is able to compare claims with a similar
meaning but dissimilar wording and validates the
pursuit of semantic search methods for document
retrieval.

Embedding the entire abstract by itself was ini-
tially more effective than embedding the abstract’s
sentences individually. This suggests that isolat-
ing sentences removes information necessary for
semantic matching. This ambiguity is enough to
offset the advantage that sentences might have over
paragraphs in their similarity of length and struc-
ture to the query claims. This pattern was flipped
when the article title was prepended to the full
abstract and the individual sentences; both title-
prepended strategies were more effective than their
counterparts and sentence embedding became a
more effective strategy than embedding the full
text. From this it can be inferred that the titles
contain a sufficient amount of extra context to clar-
ify ambiguities in the isolated sentences from the
abstract. Although the score increase from the
title-prepended paragraph to the title-prepended
sentences strategy is small, this increase indicates
that accuracy drops when more information that
necessary is included. These results have implica-
tions for the design of document retrieval systems,
particularly when the queries have a similar for-
mat but different wording than the documents they
are matched to. Such systems should use semantic
search strategies rather than keyword-based meth-
ods and they must be careful to balance the amount
of information included in each extracted claim.
There is no conclusive evidence as to whether the
grammatical structure of the extracted claims af-

fects the retrieval accuracy; this question should be
investigated in future work.

The final set of strategies used a large language
model to generate claims and a header from the
papers’ abstracts. The retrieval accuracy for the
generated claims was lower than that of the raw
text methods, as was the accuracy for the concate-
nations of generated header with generated claims.
These results should not be used to discount the
possibility that large language models can aid in ex-
traction. The method used for this study was very
limited, as it generated a fixed number of claims
per article, utilized a model with a low parame-
ter count, and occasionally produced unparseable
outputs. Further refinements could improve these
results. Nevertheless, these results show that gen-
erated claims are not always better for semantic
matching. As large language models cost much
more to run than other strategies, this method may
be less worthy of pursuit.

This study has evaluated numerous strategies
for extracting text from scientific articles for the
purpose of semantic searching. The evaluations
should not be taken as statements about the via-
bility of broad groups of approaches to this task;
rather, they demonstrate a way to systematically
evaluate approaches. The study also produced re-
sults that indicate what properties of each approach
should be given special attention. To extend this
study, more advanced forms of each approach can
be studied. A more advanced form of introduc-
ing context to isolated sentences could use NLP
techniques to resolve specific types of ambiguity
such as ambiguous subjects or undefined acronyms.
Similar strategies in the form of a pipelined series
of prompts could be used to improve the quality of
generated claims. Finally, other embedding models
could be tested against the Sentence-BERT results.
Fine-tuning on the scientific domain or on a claim-
retrieval dataset may introduce a performance ben-
efit by improving the representational accuracy of
vector embeddings within the space.

Limitations

This study’s findings are limited by the scope of
the experiments. The fact that certain approaches
were effective under this implementation of the task
does not imply that those design decisions would be
more effective when in a different retrieval pipeline,
when using a different language model, or when
applied to another domain.



Additionally, the Wikipedia claims dataset does
not represent a real use case for automatic source
retrieval. In the real world, claims are written with-
out knowledge of the source; the challenge is to
find a source that backs up that claim. However,
the examples in this dataset were explicitly written
to reflect the text of the article they cited. When
certain terms or statistics are carried over from the
scientific paper to the Wikipedia article, matching
them becomes much easier than it would be in the
real-world scenario. Thus, a more robust study
of the semantic search document retrieval would
require a dataset that better reflects its use case.

It is also probable that the document retrieval
task grows more challenging as the size of the
dataset increases, as more articles leads to more
chances for articles to be falsely labeled as a match.
As these tests were run on a relatively small dataset,
their results cannot be taken as an accurate measure
of performance on a realistically-sized corpus.
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