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Abstract
The rapid expansion of the biomedical literature has made manual
screening for meta-analyses increasingly hard. While automation
attempts exist, they often rely on active-learning powered binary
classification, which is still time intensive; or simple summarization,
frequently struggling with factual consistency and completeness of
the information reported. This work presents a novel pipeline using
Reasoning-Large LanguageModels (Chain-of-Thought) to automate
the summarization of informative elements from full-text biomedi-
cal documents, focusing on PIO elements (Patient/Population, In-
tervention, and Outcome) in a human-in-the-loop scenario.

PDF documents are segmented into structured XML semantic
chunks. Then, the pipeline employs a Large Language Model, where
several prompts are adaptively used based on the semantic complex-
ity of the chunks, measured using Effective Rank. Consensus-based
filtering mechanisms are then used to synthesize multiple candidate
responses into a single, high-fidelity summary.

We evaluated the pipeline on the EBM-NLP dataset using multi-
ple LLMs. Results demonstrate that an 8B parameter model, when
integrated into our pipeline, achieves (BERTScores) semantic preci-
sion exceeding 0.88 and (BERTScores) semantic recall exceeding
0.91, rivaling much larger models. A subsequent human evalua-
tion by expert researchers confirmed the high factuality and com-
pleteness of the extracted information. These findings suggest that
reasoning-enhanced pipelines are a promising tool to significantly
reduce screening time while maintaining the semantic consistency
required for rigorous evidence synthesis.
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1 Introduction
In recent years, the use of meta-analyses has steadily increased,
particularly in the biomedical field. This trend has been driven in
part by the surge in scientific publications during the COVID-19
pandemic [30], a growth that continues to this day.

Unfortunately, this rapid development has made even harder the
most time-consuming phase of meta-analyses, the screening of doc-
uments. This phase requires considerable cognitive resources and
increasingly long analysis time [11]. Due to these difficulties, the
document screening phase is usually conducted by a well-organized
team of researchers. The process begins with a quick read of the
retrieved article titles, aimed at immediately excluding the irrel-
evant articles. Next, the researchers focus on the abstracts of the
remaining documents; the two steps (title and abstract screening)
are often combined to simplify the activity. Finally, the remaining
documents are read by the researchers. It is in this last stage that
the researchers make the final decision on which documents to
include in the meta-analysis [48]. The proposed approach has been
built for supporting this specific process, but can be used or easily
adapted for different workflows.

The approach described above, although being tuned by decades
of practice, presents several pitfalls. The main disadvantage is the
time it takes. Depending on the meta-analysis to be performed, the
number of initial articles can be in the tens of thousands. Reading
the documents during the final screening phase contributes to the
large effort required. Moreover, the most relevant information is
often located in specific sections or subsections, making the task
even more burdensome for researchers [43].

1.1 State of the Art
Initial attempts to automate screening relied on traditional machine
learning models for text classification [9][16]. These methods frame
the problem as a binary classification task, where a model is trained
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to distinguish between relevant and irrelevant articles based on
features extracted from the text (e.g., TF-IDF vectors [39]). While
foundational, these supervised learning techniques often require a
large, pre-labeled dataset for training, which is impractical in the
context of a new meta-analysis where labeled data are scarce. To
overcome this limitation, the state of the art quickly became using
Active Learning (AL) approaches. Although these methods may
now appear simple or limited, they are still among the most widely
used tools in the scientific community [44].

On the other hand, a different approach is to summarize articles
as a whole. Automatic evaluation remains dominated by n-gram
overlap metrics (e.g., ROUGE or BLUE), but these metrics corre-
late imperfectly with factual correctness and informativeness for
downstream scientific use [24].

Recently, Large Language Models (LLMs) have introduced new
possibilities for generating complex and coherent summaries [5],
guided by a user prompt that steers the summarization according to
the research interests. Modern text summarization spans extractive
and abstractive paradigms (single- and multi-document), together
with a growing emphasis on long-context and retrieval-aware meth-
ods; a recent comprehensive survey charts this evolution and high-
lights datasets, evaluation practices, and open challenges [52].

Abstractive and LLM-based summarizers offer greater fluency
and compression but are particularly prone to factual inconsistency
and/or omission of critical details, problems that are especially risky
in evidence synthesis and biomedical screening.

Furthermore, LLMs are prone to hallucinations1 [18], e.g., an-
swers that are not relevant with respect to the given prompt, or that
contain the original prompt or parts of it. To address this, careful
filtering of the generated replies can be employed [27].

Moreover, even when providing the same prompt multiple times
to the same LLM, the responses may vary each time: even in so
called "deterministic" settings, variability remains [4]. This applies
to "Reasoning" models too, as they are specific versions of causal
LLMs; however, the inclusion of reasoning Chain-of-Thought (CoT)
steps tends to make responses more accurate and, consequently,
to a certain extent more reproducible. To mitigate this variability,
strategies inspired by the idea of “wisdom of the crowd” [50] can
be adopted, generating multiple output sequences, and evaluating
them using appropriate scoring mechanisms [47].

Another critical element is prompt engineering. The perfor-
mance of LLMs is highly sensitive to how a request is formulated,
with even subtle changes in wording potentially leading to vastly
different outcomes that affect output quality. After all, the very con-
cept of CoT models stems from structuring a prompt to explicitly
guide the model’s reasoning process [49]. This sensitivity presents
a significant challenge for specialized tasks where consistency and
reliability are paramount. Different prompting techniques and their
outcome have been explored [7], showing that the model’s behavior
and the output consistency can be fine tuned.

Finally, LLM-based approaches are usually slower with respect
to other machine learning techniques, due to the high computa-
tional cost, which becomes even more burdensome when using
CoT enabled models.

1Gibberish text with no coherence or factual inconsistencies, birthed from the proba-
bilistic nature of LLMs.

1.2 Proposal
Thiswork focused on creating and testing a Reasoning-LLMs pipeline
to extract summary information to aid researchers in selecting
biomedical publications within a human-in-the-loop framework.
The pipeline will produce a summary of each analyzed paper, con-
taining all the information required by a researcher to make a
decision whether to include or not the paper in the meta-analysis.

The research question is whether the proposed pipeline can ef-
fectively support and empower researchers during a meta-analysis.

The results obtained, initially validated using an annotated cor-
pus and subsequently evaluated by a group of expert researchers,
confirm the robustness and effectiveness of the proposed approach.
The methodologies developed and the analyses carried out offer a
contribution towards the implementation of Reasoning-LLM-based
pipelines in meta-analysis workflows, opening up future perspec-
tives for improving and accelerating the screening process in the
biomedical field.

2 Methods
In this work, Chain-of-Thought (CoT) Large Language Models
(LLMs) have been used to summarize PIO (Patient or Population,
Intervention, and Outcome) elements [36], in a human-in-the-loop
scenario. Ideally, the researcher might want to look for further
topics. Nevertheless, as a preliminary analysis, we focus on a pre-
defined set of elements. We simulate that an ideal researcher wants
to summarize an article based only on PIO elements. This approach
offers several advantages:

• Although PIO values do not cover every detail of a biomedical
study, they provide a standardized and comparable repre-
sentation that captures most of the key elements of a meta-
analysis;

• PIO values are usually defined in a clear way and help reduce
the subjectivity typical of other forms of textual synthesis.
Furthermore, the existence of annotated datasets, such as
the EBM-NLP dataset [32], provides a common base for eval-
uation;

• The actual pipeline is agnostic w.r.t. the target topic. Given it
actually works on three distinct topics (the PIO elements), it
could be easily extended towards covering additional topics.

The complete methodology will be fully outlined in what follows,
detailing both the information extraction strategy and architecture
design.

2.1 Parsing and Preprocessing Documents
Much of the scientific literature is published in PDF (Portable Doc-
ument Format). The complex layouts typical of these documents
pose significant difficulties for automatic information extraction.
To address this challenge, this work employs a first stage parsing
approach that transforms the PDF into a structured representation
compatible with subsequent stages of textual analysis. One of the
most effective tools currently available is GROBID (GeneRation
Of BIbliographic Data) [1], a framework based on machine learn-
ing techniques widely used in the scientific domain: it produces a
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structured TEI/XML2 representation that integrates textual content
and layout information, thus facilitating the identification of text
blocks and making the document more interpretable for subsequent
modules in the pipeline [26] [37].

The use of GROBID greatly simplifies many operations, but it
also introduces noise: artifacts such as tables interpreted as text,
bibliographic references, citations, links, and emails may not be
properly managed in the XML output, compromising the quality of
the extraction. For this reason, the pre-processing phase is a crucial
step: it aims to clean up the parser output, normalize sections, and
eliminate elements that generate noise while providing no relevant
information for PIO elements extraction.

The structured XML format produced by GROBID is divided
in <p></p> blocks, which map to sections and paragraphs that
correspond to text units already created by the article author(s)
(therefore, being autonomous and coherent), thus providing log-
ical and semantic boundaries useful for dividing the text. In this
context, the textual content length can be a problem: while most
modern LLMs have large context windows that can fit documents
of any size, the attention mechanism’s effectiveness of modern mod-
els tends to be inconsistent as the length of the context increases
[25]; on the other hand, excessively short text may not contain
enough information. For this reason, the strategy adopted aims
to achieve an optimal balance to preserve relevant semantic units
while respecting a predefined maximum token limit, optimized to
generate text blocks of significant length, neither excessively long
nor too short. To this end, the solution implemented is based on a
three-stage segmentation algorithm designed to preserve the logical
boundaries of the article and obtain chunks of a “useful” length for
processing. Specifically, the starting point is the parsed XML (from
hereafter called "granular" XML) containing all the sections and
subsections identified by the parser. From that, a reduced version
(from hereafter called "structured" XML) is constructed, so that it
contains only the "main" sections, identified through a predefined
list of headings: Abstract, Introduction, Methods, Results, Discus-
sion, and Conclusions. The decision to focus on these sections is
justified by the IMRaD format (Introduction, Methods, Results, and
Discussion), widely recognized as the editorial standard for medical
and scientific literature [41]. The Abstract and Conclusions have
also been included, according to a common practice in academic
scientific journals [29]. The parser, even if it fails to reconstruct the
subsection boundaries, still groups the text in a meaningful way,
retrieving the content of the IMRaD sections. Hence, this initial step
produces two distinct XMLs: the original parsed "granular" XML
with all subsections and the "structured" XML, the latter having
the so-called A+IMRaD+C main sections.

Next, the segmentation process is divided into three main phases,
each one contributing to make the text blocks consistent and of a
suitable length. The process, applied starting from the "structured"
XML, can be summarized as follows:

(1) First, a next-fit algorithm [20] is applied, whose objective is
to group by concatenation adjacent (main) sections until a
predefined maximum length in terms of tokens is reached.
This approach preserves the logical order of the biomedical

2The Text Encoding Initiative (TEI) provides guidelines for representing texts in digital
form, most commonly implemented in XML [42].

article and ensures a good balance between the length of the
text block and the original structure of the text itself.

(2) Second phase: some sections might be too long (compared
to the desired maximum number of tokens).
• When possible, a long subsection is divided considering
its internal subsections; then the next-fit algorithm is run
again on the subsections to minimize the number of frag-
mentations;

• If, on the other hand, subdivision into subsections is not
possible because they are absent or they themselves are ex-
cessively long, segmentation based on overlapping token
chunks is used. This solution, mimicking already known
techniques [10], reduces the loss of context that would
result from a clean cut “in medias res” of the text.

(3) Third phase, removal of residual text portions: finally, as a
last step, portions that, after the previous steps, are too short
to be of any use are eliminated to reduce the presence of
segments with little information.

2.2 Effective Rank and Prompting
Once the section chunks have been obtained through the pre-
processing explained in subsection 2.1, each chunk is processed by
the model with custom prompts. These prompts follow a known
schema [7], consisting of an initial part that introduces the task to
be performed, the name of the section chunk (which usually stores
information about the origin of the text, for example whether it
comes from a union of sections or a specific subsection), the actual
text chunk from which to extract the information, and finally a
concluding reinforcement that reiterates the initial instructions.
A new technique is used to modulate the “degree of reasoning”
required by the prompt: the main objective is to guide it towards
more articulated reasoning when the text chunk is semantically
rich, and to encourage it to be concise and willing to admit the
absence of information when the chunk appears semantically poor,
to mitigate the fact that LLMs tend to hallucinate by making up
information when that specific information is absent from text [51].

To achieve this (prompt) modulation, it was necessary to quan-
tify the notion of “semantic complexity” of a chunk of text. Simple
indicators, such as token length, are often misleading: very long
texts can deal with a single concept in a verbose manner, just as
shorter texts can condense several concepts. To overcome this limi-
tation, we introduce a metric to capture the semantic complexity
of a given text. Specifically, each chunk text is represented as a ma-
trix of contextual embeddings. The (contextual) embedding vectors
of each token were stacked, obtaining a matrix M ∈ R𝑛×𝑑 , with
𝑛 equal to the number of tokens in text and 𝑑 equal to the size
of the embedding space. The matrixM will feature a distribution
concentrated along a few directions in case of semantically related
concepts, or a multidirectional distribution when the text includes
semantically different concepts.

To identify the semantic complexity, the Effective Rank is intro-
duced. Intuitively, the Effective Rank can be thought as the “effective
number of distinct concepts” present in a section chunk: values
close to 1 indicate content focused on a few semantic directions,
while higher values indicate the presence of greater conceptual
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richness. This metric has proven to be more informative than sim-
ple token length: although there is a correlation between the two
measures, it is not uncommon to find very long sections with a low
Effective Rank, as they are entirely dedicated to very few concepts.
The phenomenon is particularly evident in biomedical texts, where
a succession of sections and subsections can exceed hundreds of
tokens while dealing with a single topic.

Focusing on the effective rank computation, Singular Value De-
composition (SVD) is applied to the embedding matrixM; the spec-
trum of singular values describes the relative importance of the
different semantic directions present in the text chunk: a concen-
trated spectrum indicates that the meaning is captured by a few
dimensions, while a more distributed spectrum reveals the presence
of a greater variety of semantic concepts.

To make this information numerically interpretable, the spec-
trum of singular values is normalized, and Shannon entropy is
calculated on the obtained distribution. The resulting metric, the
entropy-based Effective Rank [38], provides a robust measure of
the actual number of active distinct semantic dimensions present
in a text chunk.

Formally, given the matrix M ∈ R𝑛×𝑑 and its singular values
𝜎1, 𝜎2, . . . , 𝜎𝑟 (with 𝑟 = rank(M)), the entropy-based Effective Rank
is:

Eff .Rank(M) = exp

(
−

𝑟∑︁
𝑖=1

𝜎𝑖∑𝑟
𝑘=1 𝜎𝑘

log
𝜎𝑖∑𝑟
𝑘=1 𝜎𝑘

)
(1)

which lies in the interval [1, 𝑟 ].
To exploit the Effective Rank results3, three custom prompts

were created in the workflow, which differ slightly in the way they
formulate instructions to themodel: the prompt associated with text
chunks with a high Effective Rank explicitly invites step-by-step
and in-depth reasoning (with a more articulated Chain-of-Thought);
the prompt for text chunks with low Effective Rank encourages
faster reading and the possibility of declaring the absence of the
requested information; finally, an intermediate prompt covers cases
of moderate semantic complexity. The thresholds identified to dis-
tinguish the three classes were determined experimentally.

2.3 Filtering and Multiple Answers
Once the responses to the prompt have been collected, the halluci-
nation problem and the reproducibility issues has to be dealt with.
Therefore, a filtering step is performed on the answers.

To balance these aspects, this work developed a filtering pipeline
that combines techniques based on both regular expressions and
embedding-based approaches that exploit cosine similarity [3]. The
former allows for the rapid exclusion of clearly anomalous re-
sponses, while the latter offers finer control over semantic content.
The order has been designed to progressively discard all unwanted
responses, starting with the most basic checks and moving on to
the most sophisticated ones.

The following filters were used:
• First, removal of Chain-of-Thought (CoT);
• Second, verifying that at least one specific target word, ap-
pears in the response generated by the model;

3For reasons of numerical stability, any zero 𝜎𝑖 value is replaced with a small value
𝜀 > 0 before calculating the logarithm.

• Third, verifying the formal consistency of the response with
respect to the way in which themodel was asked to respond4;

• Fourth, the response is discarded if it is too short and it is
also systematically truncated if too long, at the end of the
third sentence;

• Fifth, embedding-based filter; both the initial instruction
prompt and the candidate response are converted into
sentence-level embeddings using mean pooling [35]. Next,
the cosine similarity between the two vectors is calculated.
If the value obtained is excessively high the two texts are
too similar; it is likely that the model is simply repeating
the instructions provided in the prompt without adding new
informative content, and the response is therefore discarded.

If a response passes through the entire filtering chain, it can
be considered valid. Next, a further distinction is made between
“informative” responses and “null” responses (i.e., all responses that
explicitly state that the information is not present in the text). To
make this distinction, an additional embedding-based procedure is
applied:

• First, the embedding of the candidate response is calculated;
• An average embedding is constructed from five variants with
the same meaning as the phrase “No {TARGET} is present
in text”, where {TARGET} corresponds to one of the PIO
elements;

• The cosine similarity between the two embeddings is then
compared: if the cosine similarity is sufficiently high, the
response is classified as "null".

It is worth noting that the choice of thresholds to determine
whether the cosine similarity is "sufficiently high" was determined
empirically through experimental observations. These values may
vary significantly depending on the model or embedding technique
used, and need to be fine-tuned on a case-by-case basis.

To tackle the problem of reproducibility, the following approach
was used: multiple replies are generated from the same prompt.
Then, based on the replies’ concordance, one final reply is selected
(we tackle this problem in detail in subsection 2.4). This approach,
as shown in earlier works [47], can be used to improve the reliability
of the model’s answers and serve as a way to screen out incorrect
answers, enhancing the model’s factual consistency too.

The integration of filtering and multiple replies is implemented
through an iterative refinement. For each section chunk, the model
generates a pool of candidate responses; those failing to meet the
filtering criteria are discarded and re-generated. This iterative loop
continues until a predefined threshold of valid responses, here-
inafter referred to as 𝐹 , for each section chunk. Then, accordance
is checked, as outlined in subsection 2.4. To limit the possibility of
infinite loops, a maximum limit of 10 regenerations has been set
for each section chunk.

2.4 Final Model Reply Extraction
Assuming that an article contains 𝑁 section chunks, the process re-
sults in a total of𝑁 ·𝐹 candidate responses that must be summarized
in a single unified sentence for each target.

4E.g., the reply should start with either "The {TARGET} is..." or "No {TARGET} is...",
with {TARGET} being one of the PIO elements.
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2.4.1 Consensus on Information Target. Before addressing the prob-
lem of summarizing multiple responses in a single sentence, it is
appropriate to start by assessing whether the target information re-
quired is indeed present or not in the considered paper. To validate
this, majority voting [47] based on the frequency of so-called “null”
responses, is used. Namely, the percentage of "null" responses out
of the total is calculated, and if this percentage exceeds a prede-
fined threshold, it is concluded that the article does not contain
the desired information. In this work, the threshold of 66% was
empirically chosen; i.e., the information is considered effectively
absent if at least 2

3 of the responses are considered "null".
Once it has been assessed that the required information is indeed

present in the article, the pipeline considers only valid responses
for the following steps.

2.4.2 Creation of Summary replies. At this point, the challenge is to
condense the set of valid responses into a single concise "summary"
sentence that encapsulates all the necessary information about the
target PIO element in the most semantically accurate manner.

Creating this summary is by no means trivial. While each section
contributes with the same number of responses, not all sections
are equally important for the type of information sought. For ex-
ample, the “Study Participants” section is usually very relevant
for identifying patients or population, but plays a marginal role in
describing the outcomes of the research study. Ideally, an effective
scoring mechanism should take into account not only this different
relevance, but also the relationships between sections, their order,
and other structural information that, for a human reader, naturally
emerges from the document structure.

To accomplish this, Large Language Models (LLMs) prove again
to be effective, thanks to their attention mechanism [46].

An approach structured in two phases was used:

• In a first phase, using a task-tuned prompt and through a
new call to the model, 𝐾 intermediate “summary responses”
are produced by asking the model to summarize the previ-
ously produced replies, keeping track of section names and
document structure; this ensures that all the information
about the target in the 𝐹 replies is considered and weighted
accordingly to its origin within the document and the overall
document structure;

• Subsequently, these 𝐾 responses undergo a selection pro-
cess, in which a mathematical score (see subsubsection 2.4.3)
identifies the most semantically appropriate one.

This repeated approach has been evaluated effective and offers
several advantages. Firstly, the generation of multiple summary
intermediate responses strengthens the conceptual consistency and
reproducibility of the process. Furthermore, the filters previously
introduced are reapplied to these intermediate responses, once
again ensuring semantic consistency and lexical accuracy.

Finally, as a last preventive measure, a maximum limit of 10
regeneration cycles has been set to avoid potentially infinite loops
in the process of generating and filtering these summary sentences.

The only disadvantage is the increase in the number of calls to
the model and, consequently, in processing times; however, this
computational cost is fully justified in terms of the accuracy and
reliability of the final result.

2.4.3 Mathematical Scoring. The final stage of the pipeline aims
to select the "best" among the 𝐾 summary responses. The aver-
age semantic representation at the sentence level is computed by
averaging the contextual embeddings of the summary responses.

This average semantic representation is used for selection pur-
poses: the cosine similarity between it and each candidate sentence
embedding is computed; the response of which the embedding is
closest to the average will be the one most semantically aligned
with the average meaning the group of summary responses has.

Although simple and elegant, this selection criterion has a lim-
itation: vector averaging tends to mitigate the specific details of
individual responses, reducing the ability to preserve potentially
important details, especially in a biomedical context. To counteract
this effect, Effective Rank can be used again to weigh the “complex-
ity” of the generated sentences 𝑆𝑖 . The Effective Rank is computed
from the matrix of stacked embeddings of the individual tokens
that make up a single response. It quantifies the degree of semantic
richness of the sentence itself.

The overall score assigned to each generated response 𝑆𝑖 will
therefore be defined as:

Score(𝑆𝑖 ) =
©­«

®𝑆𝑖 · ®𝑆

∥ ®𝑆 ∥2 ∥ ®𝑆𝑖 ∥2

ª®¬ ·
Eff .Rank

(
S𝑖

)
max
𝑗

(
Eff .Rank(S𝑗 )

) (2)

Where the various components are:

• ®𝑆𝑖 ∈ R𝑑 is the sentence embedding vector of candidate sum-
mary answer 𝑆𝑖 (sentence-level embedding achieved through
mean pooling);

• ®𝑆 = 1
𝐾

∑𝐾
𝑙=1

®𝑆𝑙 is the mean sentence embedding across the 𝑆
summary answers;

• S𝑖 ∈ R𝑚×𝑑 is the matrix of contextual token embeddings for
sentence 𝑆𝑖 (stacked𝑚 token embeddings);

• Eff .Rank(S𝑖 ) is the Effective Rank computed as in Equation 1.

The idea proposed in this work is therefore to combine two
aspects: on one hand, the cosine similarity term, which quantifies
semantic proximity to the average meaning; on the other hand, the
normalized Effective Rank term, which assigns greater weight to
the response with the greatest possible semantic complexity.

3 Discussion and Results
As already mentioned in [24] [13] [6], automatic evaluation of short
summaries is usually computed via n-gram overlap metrics which
struggle with abstractive summarization (e.g., synonyms, different
sentence structures, rhetorical figures).

3.1 Axis of Evaulation
To make the assessment as objective as possible, three quantita-
tive metrics were selected to analyze the pipeline’s performance
according to complementary perspectives. Specifically, these are:

(1) Semantic precision and semantic recall based on token-level
embeddings. These are calculated as:

S-Precision(𝑐, 𝑟 ) = 1
|𝑐 |

∑︁
𝑥∈𝑐

max
𝑦∈𝑟

cos(e(𝑥), e(𝑦)) (3)
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and

S-Recall(𝑐, 𝑟 ) = 1
|𝑟 |

∑︁
𝑦∈𝑟

max
𝑥∈𝑐

cos(e(𝑦), e(𝑥)) (4)

Where each term is:
• 𝑐 : set of tokens in the candidate sentence;
• 𝑟 : set of tokens in the reference sentence;
• e(𝑥): contextual embedding of token x;
• cos(e(𝑥), e(𝑦)): cosine similarity between the embeddings.
These two metrics come from BERTScore [54]. The intuition
behind these metrics is to measure the semantic similarity
between the candidate and reference sentences, even when
they are phrased differently. In fact, while the pipeline gener-
ates coherent and complete sentences, the annotations in the
EBM-NLP dataset are only single words, sentence fragments,
or short n-grams. Therefore, the added value of the embed-
dings in matching different phrased texts is paramount. The
embedding model of choice is microsoft/BiomedNLP-
BiomedBERT-base-uncased-abstract-fulltext [15].

(2) Error rate related tomissing information: since the EBM-NLP
dataset consists solely of biomedical articles labeled with P,
I, and O annotations, whenever the pipeline used decides
that such information is missing, it is reasonable to assume
that this is an error. Consequently, for each of the three
PIO elements, the number of times the information is found
absent, divided by the number of documents, represents a
failure rate that should ideally be equal to zero.

(3) Cross-similarity based on sentence-level embedding: finally
the cross-similarity between pairs of sentences P, I, and O,
for the same document, calculated as the cosine similarity
between sentence-level embeddings:

Cross Similarity(𝑆𝑥 , 𝑆𝑦) =
®𝑆𝑥 · ®𝑆𝑦

∥ ®𝑆𝑦 ∥2 ∥ ®𝑆𝑥 ∥2
(5)

where ®𝑆𝑥 and ®𝑆𝑦 represent the embeddings of two sentences
between P, I, and O. This measure allows one to evaluate the
degree of semantic overlap between the three different cate-
gories. Ideally, the information is expected to be as atomic as
possible, reflected in cosine similarity values towards zero.
For this calculation, therefore, the NeuML/pubmedbert-
base-embeddings [31] model5 was used.

These measures should not be considered exhaustive in the ab-
sence of an assessment by expert human researchers [28] [22].
Hence, a study was conducted on a subset of 16 documents selected
from the EBM-NLP dataset, aimed at verifying the quality perceived
by researchers on the PIO elements extracted from the model.

Specifically, the main steps were:
(1) Initially, the full-text pipeline produced the sentences con-

taining the PIO summary information.
(2) At this point, 12 researchers participated in the evaluation

phase, analyzing 4 full-text documents, so that each article
was read by 3 different researchers. Approximately 42% of the
researchers had already used automated meta-analysis tools
(ASReview [45], ChatGPT and Rayyan [33]); in addition, 50%

5This latter model is a modified version of [15], tuned for sentence level embeddings.

of the researchers had conducted between 2 and 10 meta-
analyses, while only one researcher had completed more
than 10 meta-analyses during their working career.

(3) For each PIO element, the researchers assessed the com-
pleteness6 and factuality7 of the output on a 5-point Likert
scale [23]. They also provided textual feedback for each PIO
element assessed.

These metrics, all together provide a more complete picture
than any single one of them, and help assess the goodness of any
extracted PIO sentence.

3.2 Automatic Evaluation Results
The above described pipeline is completely model-agnostic, nothing
of the above defined techniques is tied to a specific provider or
version.

As such, a sample of 5 publicly available models8 were chosen:
• FP16-DeepSeek-R1-Distilled-LLaMa3-8B was used as "base"
model to test and develop the described pipeline;

• FP16-DeepSeek-R1-Distilled-LLaMa3-70Bwas used as a bench-
mark to evaluate how metrics scale with parameters;

• Q4-DeepSeek-R1-Distilled-LLaMa3-8B, the quantized version
[19] of the base model, was used to benchmark quantization
effects on metrics;

• Qwen3-30B-Thinking-2507 was released at the end of July
2025 and is equipped with CoT capabilities;

• GPT-OSS-120B_Reasoning_High was released in early August
2025 in 20B and 120B variants [2]; the 120B model tested, in
particular, is a Mixture of Experts (MoE) model [40].

One by one each model was loaded in a llama.cpp [14] server [8],
running on an M3 Mac Studio with 512 GB of unified memory, and
was tested with the metrics defined in subsection 3.1 on a random
sample of 100 documents that were both part of the EBM-NLP
corpus and had no paywall restrictions.

At last, all models were tested with the same configuration of
pipeline hyperparameters: 𝐹 = 3 and 𝐾 = 3, chosen mainly to limit
processing times.

Table 1: Failure Rate by Different Models

Model P I O

Q4_DS_R1_Distilled_8B 0.02 0.01 0.01
FP16_DS_R1_Distilled_8B 0.01 0.01 0.00
Qwen3_30B_Thinking_2507 0.04 0.06 0.09
GPT_OSS_120B_Reasoning_High 0.00 0.03 0.00
FP16_DS_R1_Distilled_70B 0.00 0.03 0.00

Starting from the failure rates, Table 1 outlines very different per-
formance among the models. The Qwen model performed poorly: it
has almost a 10% failure rate for outcome. Then, there is a clear loss

6By degree of agreement with the sentence “The generated sentence provides complete
and sufficient information about the study {TARGET}”.
7By degree of agreement with the sentence “The generated sentence, regarding the
{TARGET}, does not contain inaccurate or unsupported information (e.g., errors, dis-
tortions, or hallucinated content)”.
8The model selection was performed as of late August 2025. Testing of the models
took place in September 2025.
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Figure 1: Cross similarity of generated P, I, andO descriptions
(Equation 5), averaged over 100 documents.

in accuracy due to the quantization with respect to the base model,
as the quantized version performed more poorly overall. Next, it
is worth noticing that the base version of the model performed
great across the board, even compared to its 70B variant, proving
that the quality of results is not strictly tied to parameter scaling
laws [17], but it is greatly influenced by the design of the pipeline.
To conclude, the GPT OSS model is also very promising as it too
achieved a very strong performance, while being much faster and
less costly thanks to its MoE architecture [34].

Moving on to cross similarity (see Figure 1), some differences
arise again between the models. First and foremost, the Qwen
model has very low cross similarities, indicating a good amount
of atomicity in its replies. But this is probably influenced by the
high failure rates shown in Table 1. As far as what concerns the
other models, it can be seen that the quantized version of the base
model essentially behaves like the base one, and instead the 70B
variant is more atomic in its information extraction. The most
important result comes from the GPT OSS model, showing even
better atomicity in its results, especially for I versus O.

Next, looking at Figure 2 and Figure 3, the semantic precision
and semantic recall values confirm a fairly consistent picture. It
is worth noting that s-precision and s-recall (see Equation 3 and
Equation 4) are computed on a single document considering the
multiple annotations; each data point within the box-plots is a single
document’s s-precision and s-recall. Moreover, by construction,
these metrics tend to have high values due to the max operator:
in the literature [54], values defined as “good” (in the sense of
high semantic overlap) are around 0.9, while “poor” values rarely
fall below 0.8 (more in Appendix A). On average, for all models,
s-precision seems to be a bit lower than s-recall; s-recall values
are typically above 0.9, for each of the PIO elements, reaching as
high as 0.95, depending on the model. Interestingly, it also seems
that P has generally higher values than I, which in turn has higher
values than O, for both s-precision and s-recall. For O values, this
is reflected in the literature even for annotated data [55].

Looking more specifically at the differences between models
across both s-precision and s-recall, GPT OSS and 70B Distilled R1
on average performed worse on P and I, while being slightly better

Figure 2: S-Precision values for P, I, and O extraction com-
puted based on annotations from 100 documents, randomly
drawn by the EBM-NLP dataset [32].

Figure 3: S-Recall values for P, I, and O extraction computed
based on annotations from 100 documents, randomly drawn
by the EBM-NLP dataset [32].

for O, with respect to the Qwen model. This is interesting as failure
rates (see Table 1) suggested a different behavior: one would expect
the Qwen model to have the poorest performance overall.

Focusing on s-precision, either the base model or its quantized
version achieved highest scores; and the same happens with s-recall.

To conclude, considering quality, while nuanced differences in
failure rates and output atomicity do exist, the overall quality as
measured by s-precision and s-recall did not show significant varia-
tion across the models. This suggests that for this specific task, the
8B base model offers an optimal balance of speed and performance.
Conversely, the Qwen model was the least overall interesting one
considered. Moreover, the GPT-OSS model proves very interesting
in terms of both time and quality, thanks to its different architecture
that still preserves reasoning capabilities.
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Figure 4: Violin plots of weighted average completeness
scores for PIO elements in the sample of 16 documents.

3.3 Human Assessment
Data was obtained via Google Form thanks to the help of 12 re-
searchers, who replied on a 5-point Likert scale [23] to questions
about three articles each. A simple but effective approach was
adopted to analyze the data: for each article, the evaluations of
the various researchers were aggregated using a weighted aver-
age, in which the weight assigned to each researcher was linearly
proportional to their previous experience with the number of meta-
analyses completed in their career. Specifically, weights of 1 were
assigned for fewer than 2 meta-analyses, 5 for between 2 and 10,
and 10 for more than 10 meta-analyses completed in their career.

Figure 4 shows, with violin plots, the distribution of completeness
scores for the 16 documents for the PIO elements. It can be seen that,
for both P and I, at least half of the distribution has values around
4, with a general tendency toward higher scores for I. However,
the average value for I is slightly reduced due to a single article
in which the model incorrectly stated “No Intervention is present
in text.”. The O element, on the other hand, has a more dispersed
distribution across the entire scale.

Figure 5 shows the distribution of factuality scores: the higher
the score, the fewer errors or hallucinations the model created
during the inference of PIO sentences. Once again, there are some
interesting aspects to note. The results generally appear higher
than those for completeness, with average values above 4 for the
P element and the I element, and the absolute absence of scores
below 3 for Intervention. This confirms the effectiveness of the
filtering techniques introduced in subsection 2.3. The O element,
on the other hand, while showing lower values (mainly between 3
and 4), shows acceptable internal consistency, suggesting, however,
possible room for improvement.

4 Conclusion and Future Work
This work presented a novel, model-agnostic pipeline to automate
the extraction of key information (Patient/Population, Intervention,
and Outcome) from full-text scientific documents using Chain-of-
Thought (CoT) Large Language Models (LLMs).

Figure 5: Violin plots of weighted average factuality scores
for PIO elements in the sample of 16 documents.

Unlike previous approaches that rely on binary classification or
simple abstract summarization, our methodology integrates struc-
tural parsing with semantic analysis. By introducing the Effective
Rank metric, we successfully modulated the reasoning depth of
the LLM based on the semantic complexity of the text, optimizing
both computational resources and output quality. Furthermore, the
implementation of a consensus-based filtering and scoring mecha-
nism addressed the inherent stochasticity of LLMs, ensuring that
the final summaries are both coherent and factually robust.

Our evaluation, conducted on the EBM-NLP dataset using multi-
ple model architectures, demonstrated that an optimized 8B parame-
ter model can achieve BERTScores of semantic precision exceeding
0.88 and semantic recall exceeding 0.91, rivaling the performance of
significantly larger 70B models. These results were further corrobo-
rated by expert human assessment, which confirmed high degrees
of completeness and factuality in the extracted information, partic-
ularly for Patient and Intervention elements. While the extraction
of Outcome remains more of a challenge, the pipeline is promising
for developing a tool to reduce the screening burden on researchers.

This work demonstrates that the integration of rigorous prepro-
cessing, mathematical complexity metrics, and iterative reasoning
can bridge the gap between raw LLM capabilities and the strict
reliability requirements of evidence-based medicine.

As a future avenue for evaluation, a comparison with other meth-
ods on the EBM-NLP dataset will be added. Future work will focus
on generalizing the pipeline to accommodate ad-hoc information
targets specified by researchers. Furthermore, we aim to generate
performance curves to benchmark the pipeline against traditional
tools, providing researchers with explicit metrics on time-saving
versus sensitivity.
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A Appendix: On the Interpretability of
S-Precision and S-Recall

Recent benchmarks on EBM-NLP often approach PIO (Patient or
Population, Intervention, and Outcome) extraction as a sequence
labeling (NER) task, reporting F1 scores in the 0.45–0.60 range
based on token-level overlap [21]. These F1 scores (and hence pre-
cision and recall too) are computed on the extracted NER spans
versus the tagged reference annotations. In contrast, our pipeline
performs abstractive extraction, generating coherent sentences that
may not overlap lexically with the sparse, fragmented annotations
of EBM-NLP, but effectively convey the same meaning. Precisely
because of this, a standard computation of precision and recall
would disproportionately penalize valid abstractive summaries.

A similar limitation applies to traditional summarization metrics:
ROUGE-L measures n-gram overlap, which correlates imperfectly
with factual correctness when different terms convey the same
concept or when sentence structures vary.

BERTScore’s semantic precision and semantic recall (see Equa-
tion 3 and Equation 4), on the other hand, measure the degree
of semantic similarity, enabling a fairer comparison between ab-
stractive summaries and annotated fragments. However, a caveat
remains. As highlighted in [53] and recalled in subsection 3.2, these
metrics should not be interpreted on the same scale as traditional
precision and recall. Mostly due to the max operator and partly due
to the typical anisotropy of the embedding space (the problem of
representation degeneracy) [12], raw scores are naturally biased up-
wards. This was reported in the original BERTScore article, where
semantic precision and recall values for random pairs of sentences
often hover just above 0.8.

To validate that our reported scores represent a statistically sig-
nificant signal and not just domain noise, we performed a per-
centile rescaling analysis on the outputs of the base model (i.e.
FP16-DeepSeek-R1-Distilled-LLaMa3-8B).

Following the methodology in [53], we established a "Noise
Baseline" distribution by computing semantic precision and recall
between the model’s generated answers for a document 𝐷𝑖 and the
ground truth annotations of all mismatched documents 𝐷 𝑗 (where
𝑖 ≠ 𝑗 ), for a given P, I, or O target. This simulates the score achieved
by a model that hallucinates plausible biomedical text unrelated to
the specific document content. We then transformed the raw scores
(as reported in Figure 2 and Figure 3) into percentile ranks relative
to this noise distribution. A percentile of 0.5 indicates performance
equivalent to random biomedical noise, while values approaching
1.0 indicate high specificity to the source document.

Figure 6 illustrates rescaled percentile scores.

Figure 6: Distribution of Rescaled Percentile Scores for the
8B Model; random chance line is in dotted in gray.

The analysis reveals two crucial insights:
(1) The pipeline is particularly strong in recall of Intervention

details; Patient and Outcome’s recall values only seldom drift
lower than random chance. This confirms that the raw scores
correspond to a genuine ability of the pipeline to extract
specific, document-relevant information that is statistically
distinguishable from general biomedical text.

(2) The pipeline is instead less strong in terms of precision,
something that is to be expected considered the verbose
nature of Large Language Models (LLMs). Particularly in the
case of Outcome, the rescaled precision drops significantly.
This aligns with findings in the literature suggesting that
outcomes are the most difficult elements to extract precisely
[55]. While the model performs better than random noise,
the "high" raw score for outcomes is indeed partly inflated
by the embeddings’ anisotropy, masking a higher variance
in performance compared to P and I.

This rescaling validation confirms that our pipeline provides
strong recall overall (especially for Intervention scores), while pre-
cision is still robust with the exception of the Outcome extraction,
which remains a more nuanced challenge.
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