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Abstract

Randomized Controlled Trials (RCTs) con-
tain crucial information about the outcomes
of clinical experiments. However, the sheer
number of RCTs—approximately 595,000 as
of September 2023—makes it difficult to ef-
ficiently navigate the available evidence. To
address this challenge, medical practitioners
rely on the PICO framework to identify rele-
vant information and NLP engineers have devel-
oped automated PICO extraction pipelines. In
this work, we study four PICO-related datasets
created from RCTs and commonly used in
the literature. We then compare two PICO
extraction pipelines: PICOX,cproduction and
BIOBERT yeriaps. Our findings show that (i)
PICO-related datasets can be broadly catego-
rized as either span-based or entity-based, with
clear differences in how PICO information is
annotated, and (ii) while PICOX,.cproduction 18
better suited to extracting text spans containing
PICO information, BIOBERT y,¢;14ps 1S more
suitable for fine-grained and precise PICO en-
tity extraction. Additionally, we evaluate the
performance of both models on nested and over-
lapping PICO entities, found in the EBM-NLP
dataset. BIOBERT ;,¢r1qps achieves an entity-
level micro-F1 score of 30.70 on these entities,
compared with 17.58 for PICOX,.c;roduction.-

1 Introduction

Randomized Controlled Trials (hereafter RCTSs)
correspond to clinical experiments during which
participants are split into two or more groups: one
group receives a new treatment, while the others
receive either a standard treatment or no treatment
at all (Braga et al., 2025). The summary of these
RCTs and their outcomes are then stored in an
online database, such as ClinicalTrials.gov.! In
addition, the results of RCTs are often disseminated
through publications in scientific journals. RCTs

"https://clinicaltrials.gov/
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Table 1: Instances of annotated PICO entities, found in
the PICO-CcORPUS (Mutinda et al., 2022).

rely on evidence-based medicine to report essential
biomedical findings.

Recent studies have shown a substantial increase
in the number of published RCTs, making it in-
creasingly difficult to navigate and synthesize the
available evidence. As of September 2023, Hu
et al. (2023) report approximately 595,000 RCTs in-
dexed in PubMed. Given the vast and continuously
growing body of evidence, medical practitioners
commonly rely on the PICO framework (Partici-
pant, Intervention, Control, and Outcome) to effi-
ciently identify and organize the key elements of
a clinical study. Originally introduced by Richard-
son et al. (1995), the PICO framework facilitates
the rapid identification of the main components of
an RCT, including the study population, the inter-
vention administered, the control or comparator
condition, and the outcomes assessed.

However, manually extracting medical informa-
tion from RCTs remains a labor-intensive and time-
consuming process (Borah et al., 2017). This chal-
lenge has motivated the development of automated
approaches for PICO extraction, including recent
generative Al-based methods, such as the approach
proposed by Reason et al. (2024). Traditionally,
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PICO extraction has been formulated as a Named
Entity Recognition (NER) task. In this setting, each
token is (i) annotated according to a NER annota-
tion scheme, such as 10, IOB or IOB2, and (ii)
assigned a label corresponding to one of the PICO
components: participant, intervention, control or
outcome, as illustrated in Table 1.

In the context of FAIRClinical project,” our
initial objective was to use the PICOX frame-
work (Zhang et al., 2024) to automatically extract
PICO entities from publications reporting clinical
trials and clinical case reports. We selected this
framework for two main reasons. First, the authors
reported state-of-the-art performance among BERT-
based models for PICO extraction. Second, PICOX
was specifically designed to handle nested and over-
lapping PICO entities, which are not readily cap-
tured by conventional NER approaches. However,
during our experiments, we identified several in-
consistencies in both (i) the PICO datasets used and
(ii) the PICOX pipeline itself, which motivated a
closer examination of the framework. Our findings
suggest that PICOX is better suited to extracting
text spans containing PICO elements than to ex-
tracting precise PICO entities. Our contributions
are as follows:

PICOX, cproduction- We reproduce and correct
the experiments described in Zhang et al. (2024).
We show that PICOX was trained and evaluated on
span-based PICO datasets instead of entity-based
PICO datasets, resulting in higher observed perfor-
mances.

BIOBERT c/1qps- We introduce a new BERT-
based pipeline, BIOBERT ,¢/14ps, Which allows
for precise PICO entity extraction while taking
into account overlapping and nested entities.

Our observations show that the span-based PICO
datasets tend to contain fewer and longer annotated
entities. Accordingly, we argue that developing a
PICO extraction pipeline using span-based datasets
can lead to downstream performance issues, par-
ticularly when precise PICO entity boundaries are
required for subsequent tasks, such as entity linking
and entity normalization (Kartchner et al., 2023;
Pras and Naderi, 2026).

2https://fairclinical.github.io/

2 PICO Extraction Workflow

2.1 Related Work

Previous approaches developed for the PICO en-
tity extraction task consist of CRF and/or LSTM
architectures (Jin and Szolovits, 2020), some-
times combined with rule-based pipelines (Chabou
and Iglewski, 2015, 2018) or transformer mod-
els (Dhrangadhariya et al., 2021). More recent
approaches have explored span-based methods (Liu
et al., 2021; Zhang et al., 2024), Large Language
Models (LLMs) (Hu et al., 2023; Ghosh et al.,
2024). Additionally, Nye et al. (2018) and Mutinda
et al. (2022) introduced annotation methodolo-
gies and datasets designed to support more fine-
grained PICO extraction. Villarmin et al. (2024)
subsequently investigated the reproducibility of the
PICO-CcorPUS work introduced by Mutinda et al.
(2022). Given the importance of dataset construc-
tion and reproducibility in PICO extraction, we
consider four publicly available datasets in our ex-
periments, which we describe in the following sec-
tion.

2.2 PICO Datasets

We use the four benchmark datasets employed
by Zhang et al. (2024): EBM-NLP (Nye et al.,
2018), PICO-coRrPUS (Mutinda et al., 2022), AD
and CovID-19 (Hu et al., 2023). These datasets
were constructed by annotating different subsets
of RCTs and differ in their annotation schemes
and the granularity of the PICO information they
provide.

EBM-NLP. This dataset comprises approxi-
mately 5,000 abstracts describing RCTs cover-
ing cardiovascular diseases, cancer, and autism.
The corpus provides two levels of PICO annota-
tion: starting_spans, which identify text spans
corresponding to PICO elements, and hierarchi-
cal_labels, which provide more fine-grained an-
notations within these spans. Table 2 illustrates
a sequence annotated according to both annota-
tion levels. When using the starting_span annota-
tions for extraction, the entire sequence is extracted
as a single span. In contrast, using the hierar-
chical_labels annotations results in four distinct
entities: "atenolol", "labetalol", "metoprolol” and
"pindolol". Thus, hierarchical_labels enables the
precise, fine-grained extraction of PICO entities,
whereas the starting_spans is better suited to identi-
fying text segments containing PICO information.
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token starting_spans  hierarchical_labels

atenolol B B
, I o
labetalol I B
, I o
metoprolol I B
and I o
pindolol I B

I o

Table 2: Example extracted from the EBM-NLP dataset
(document ID: 43164). This example contains both
starting_spans and hierarchical_labels annotations for
the outcome label. The entities targeted for extraction
are highlighted in red.

PICO-CcORPUS. This dataset contains 1,011
PubMed abstracts of breast cancer RCTs. It was
manually annotated using detailed guidelines, with
26 fine-grained entity sub-categories defined across
the PICO components (Mutinda et al., 2022).

AD and CoviD-19. Hu et al. (2023) introduced
datasets of RCT abstracts focusing on Alzheimer’s
disease and COVID-19. Zhang et al. (2024) subse-
quently used 150 RCT abstracts from each collec-
tion for PICOX and annotated them using a process
grounded in the original EBM-NLP annotation
guidelines, supplemented with additional rules and
examples.

Table 3 reports the number of entities in each
dataset. In addition to the four main PICO
categories—participant, intervention, control and
outcome)—EBM-NLP and PICO-CORPUS also
provide finer-grained subcategories, such as age
and ethnicity. To enable a consistent evalua-
tion across all datasets, we unify their annotation
scheme. Specifically, we (i) retain only the four
main PICO categories and (ii) merge the interven-
tion and control categories, as the entities annotated
under these categories are highly similar in nature.

2.3 Entity-based and Span-based Datasets

We observe some differences in the annotations
across datasets. Table 3 shows that participant en-
tities in both the AD and COVID-19 datasets are,
on average, 10 tokens longer than those in PICO-
CORPUS, whereas outcome entities are approxi-
mately 1 token longer. Moreover, a statistical com-
parison of the two EBM-NLP annotation types
reveals a substantial difference in annotation gran-
ularity. The starting_spans annotations contain
189,350 more tokens) than the hierarchical_labels

annotations—almost twice as many—while contain-
ing 2,586 fewer entities (2.92 %), as shown in Ta-
ble 4).

As a result, we distinguish between two types
of PICO datasets: entity-based PICO datasets and
span-based PICO datasets. The starting_spans ver-
sion of EBM-NLP, AD and COVID-19 were all
annotated following roughly the same guidelines,
designed for text span identification. Therefore,
they correspond to span-based PICO datasets. In
contrast, the hierarchical_labels version of EBM-
NLP and PICO-CORPUS are based on fine-grained
entity annotation guidelines. They both correspond
to entity-based PICO datasets. Span-based datasets
contain fewer and longer annotated spans than
entity-based datasets, which may affect the per-
formance of PICO entity extraction systems (see
Section 5).

2.4 Nested and Overlapping Entities

To the best of our knowledge, EBM-NLP is
the only dataset containing nested PICO entities.
Among the entities within this dataset, we also iden-
tify cases where two or more entities share at least
one common token, while neither entity is com-
pletely contained within the boundaries of the other.
These instances correspond to overlapping entities,
as defined by Dai (2018). Table 5 illustrates two ex-
amples of overlapping entities identified in the hier-
archical_labels annotations of EBM-NLP dataset.
In total, we count 2,609 nested entities and 120
overlapping entities in the EBM-NLP dataset, rep-
resenting 3.08 % of the total number of entities in
this dataset.

In the following Sections, we present two ex-
periments: first, we reproduce the PICOX exper-
iment (Section 3); second, we introduce our own
pipeline, BIOBERT jy¢r1qps (Section 4). Both of
these approaches are designed to handle nested and
overlapping entities.

3 PICOX Reproduction

In this Section, we aim to reproduce the experi-
ments made by Zhang et al. (2024). The scripts of
our reproduction are available online on GitHub.?

3.1 Model Description

PICOX relies on two models to extract PICO enti-
ties from RCTs. First, a span boundary detection

*https://github.com/JulienBez/
PICOXreproduction
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Dataset Category Train Valid Test
Total Mean | Total Mean | Total Mean
Entity-based
Participant 3,614 3.63 445  3.67 475  3.63
PICO-coRrPUS Intervention 1,640  3.03 201 293 205 292
Outcome 8,972 335 | 1,076 331 | 1,091 3.29
Participant | 16,998 294 | 880 3.00 | 864 3.99
L e Intervention | 31,166 2.75 | 1,723 2.69 | 1,517 1.89
Outcome 32,369  3.51 | 1,735 353 | 1,439 3.21
Span-based
Participant 16,104  9.75 827  9.20 632  7.66
Lk Intervention | 30,716 391 | 1597 3.70 | 1,724 2.19
Outcome 31,171 475 | 1,541 5.00 | 1,793  4.51
Participant 860 11.94 114 11.02 101 12.99
AD Intervention | 2,280  2.58 277 252 293 2.63
Outcome 2,504 493 355 445 271 5.56
Participant 1,048 14.82 136 13.85 126  15.87
CoviD-19 Intervention | 3,112  2.51 417 245 361 2.59
Outcome 2,404  4.29 280 4.30 321  4.28

Table 3: Number of entities and mean token length of entities for each dataset, for each partition and for each entity
category. We distinguish datasets focusing on entities only from datasets focusing on text spans containing entities.

starting_spans  hierarchical_labels
Tokens 462,977 273,627
Entities 86,105 88,691
Mean 5.37 3.08

Table 4: Number of tokens belonging to an entity, enti-
ties and mean number of token per entity in EBM-NLP
starting_spans and hierarchical_labels versions.

model is trained on a list of sentences containing
PICO entities. Given an input sentence, the model
predicts the start and end positions of potential
PICO spans. The predicted boundaries are then
passed to a second model, which performs span
classification. For each candidate span, the classi-
fier assigns a PICO label (either participant, inter-
vention and/or outcome).

3.2 Data Processing

The datasets used for this reproduction are EBM-
NLP, PICO-corprUS, AD and CovID-19. We
use these datasets to train and evaluate our models,
as in Zhang et al. (2024). During the reproduction,
we identified several inconsistencies in the use of
these datasets that affected the reproducibility of
the reported results:

EBM-NLP. We observe that PICOX was
trained and evaluated on the starting_spans ver-
sion of EBM-NLP.* This choice can lead to down-

‘as seen in the scripts they used: https:
//github.com/WenglLab-InformaticsResearch/PICOX/

stream performance issues, as the starting_spans
version contains PICO text spans rather than pre-
cise entities. For this reproduction, we use the
hierarchical_labels version of EBM-NLP instead.
Additionally, following Zhang et al. (2024), we
randomly select 5 % of the training partition of the
dataset to create a validation set.

PICO-CORPUS. Zhang et al. (2024) used 50 %
of the dataset as the test set, but do not provide
details on how this split was performed. Moreover,
the original splits available for this dataset are not
the same. Mutinda et al. (2022) use 20 % of the
dataset to create the test set. We choose to use
the original partitioning for this dataset to facilitate
reproducibility.

AD and Covip-19. Multiple data splits are
available for both the AD and COVID-19 datasets;
however, Zhang et al. (2024) do not specify which
split was used in their experiments. We therefore
use the first split provided for each dataset in their
official GitHub repository.’

Zhang et al. (2024) segment their datasets into
sentences to train and evaluate their models. How-
ever, there was no indication regarding the sen-
tence segmentation algorithm they used. We use
the sentence-splitting functionallity provided by

blob/main/step_0_preprocess_bioc_ebm_nlp.ipynb
5ht’cps ://github.com/BIDS-Xu-Lab/section_
specific_annotation_of_PICO
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control of bleeding

B-participant  I-participant

from esophageal varices

I-participant
B-outcome

I-outcome I-outcome I-outcome

Table 5: Two overlapping entities found in the train partition of the EBM-NLP (hierarchical_labels) dataset

(document id: 2788816).

MEDSPACY?® to obtain the list of sentences needed
to run the models. Consequently, sentence segmen-
tation may differ from the one used in the original
PICOX experiment.

3.3 Experimental Setup

For each dataset, we fine-tuned the models follow-
ing the experimental setup of Zhang et al. (2024).
In total, we conducted four runs using the following
combination of training datasets: (i) EBM-NLP,
(il) EBM-NLP + PICO-corpus, (iii) EBM-NLP +
AD and (iv) EBM-NLP + COVID-19. We used the
same scripts, methodology, and hyperparameters
as the authors. The hardware specifications used in
the experiments are reported in Appendix A.

3.4 Sanity Check

As a sanity check, we reproduce the original ex-
periment of Zhang et al. (2024) on the EBM-NLP
dataset. Both the span boundary detector and span
classification models are fine-tuned exclusively on
the EBM-NLP training and validation partitions.
For this sanity check, we use the starting_spans
version of EBM-NLP, consistent with the original
experimental setup. Table 6 shows the results we
obtain on EBM-NLP using our reproduction of
PICOX, alongside those reported for the original
PICOX model.

We observe an average difference of 1.29 points
in micro Fl-score. The F1-scores for intervention
and outcome are very similar, with differences of
less than 1 point. In contrast, the participant la-
bel shows a larger gap, with a difference of 5.01
points in F1-score. The implementation of a differ-
ent strategy for sentence segmentation, as well as
potential differences in data partitioning, are likely
contributors to these discrepancies in the reported
metrics.

4 BioBERT,,,,s Development

In this section, we introduce BIOBERT y¢14ps fOr
PICO entity extraction.” This model was designed

6https ://github.com/medspacy/medspacy
"https://github.com/JulienBez/BioBERToverlaps

to work with overlapping and nested entities. We
hereafter use it for PICO entity extraction, but we
designed it to be easily adaptable to any set of
named entities.

4.1 Model Description

BioBERT ¢14ps 18 based on BioBERT (Lee et al.,
2020) and is trained using a binary cross-entropy
with logits loss function. For multi-label token
classification, the model produces a vector logits
for each token. The loss for the n-th token and c-th
label is defined as

Zn,c = —Wc [yn,c log U(mn,c) + (1 - yn,c) log (1 - U(xn,c)]

where z,, . denotes the logit produced by the
model for the c-th label of token n, y,. €
{0,1} denotes the corresponding target, and w,
is the weight assigned to class c¢. The sig-
moid function o(+) is incorporated internally by
BCEWithLogitslLoss.

The target labels are represented using multi-hot
encoded vectors, where each position corresponds
to a label. When a label is assigned to a token, the
corresponding position of this label in the vector is
set to 1 (and to O otherwise). This formulation al-
lows the model to represent overlapping and nested
entities.

Since we also want the model to identify the
exact boundaries of each entity, we use the IOB
annotation scheme. Each token is represented by
a multi-hot vector of size C' = 6, corresponding to
the six possible IOB-PICO labels:

v = [Bp, Bint, Bo, Ip, Int, 10]

Here, B indicates the beginning of an entity and
I indicates that a token is inside of an entity. P, Int
and O denote the PICO entity types participant,
intervention and outcome, respectively. To obtain
the predictions made by the model, we apply the
sigmoid function:

1

Sigmoid(z) = o(x) = TFear(=a)

Then, we apply a threshold ¢ € (0,1) to the
resulting probabilities to obtain the predicted labels.
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PICOXOTiginal PICOXTeproduction
Precision Recall Fl-score | Precision Recall Fl-score
Participant 50.00 66.87 57.22 44.07 64.02 52.21
Intervention 56.96 52.61 54.70 56.05 51.91 53.90
Outcome 47.50 38.84 42.74 47.04 38.89 42.58
Micro 51.86 48.79 50.28 49.89 48.12 48.99
Macro 51.49 52.77 51.55 49.05 51.61 49.55

Table 6: Comparison between the metrics obtained with our reproduction of the PICOX model on the EBM-NLP
dataset and the metrics obtained with the original one, as reported in Zhang et al. (2024). Metrics were computed at

entity-level in strict mode.

By default, we use a threshold of ¢ = 0.3. However,
we provide an analysis of the impact of different
threshold values on metrics in Section 5 by varying
the threshold used.

4.2 Data Processing

To ensure comparability across the approaches, we
use the same datasets and splits as those used dur-
ing our reproduction of the experiments by Zhang
et al. (2024). The main difference is that, unlike
in our reproduction of Zhang et al. (2024), we do
not apply a sentence segmentation algorithm in this
setting.

4.3 Experimental Setup

BioBERT yer1qps Was fine-tuned using the same
procedure, datasets, and hardware as for our re-
production of PICOX (resulting in four runs, as
described in Section 3). We used OPTUNA for
hyperparameter optimization. The following hyper-
parameters were optimized:

* learning rate;
» weight decay;
* train batch size per device; and
* validation batch size per device.

We followed the hyperparameter search protocol
established by Villarmin et al. (2024). In total, 15
trials were conducted to determine the best com-
bination of hyperparameters. For each trial, we
computed the entity-level F1-score under the strict
matching criterion and used it to select the best
configuration. Appendix B reports the best set of
hyperparameters for each model.

5 Results

5.1 Overall Performances

Table 7 shows the performance of the models on
each dataset. We observe that PICOX.,,oduction
achieves the best micro and macro Fl-scores
for AD and CovID-19. On EBM-NLP,
BIOBERT ,yeriaps outperforms PICOX o oduction
by 1.23 points in micro Fl-score. For PICO-
CORPUS, BIOBERT yy,¢r1qps achieves a micro F1-
score of 70.11, exceeding PICOX.cproduction DY
more than 10 points. Figure 1 shows the varia-
tion in metric scores as a function of the threshold
applied to BIOBERT,¢;14ps Outputs. Across all
models, the best F1-scores are obtained with thresh-
olds between 0.4 and 0.6.

The discrepancies with the original PICOX
experiments—namely, the change in EBM-NLP
version, differences in dataset splits and the use of
a different sentence segmentation algorithm—do
not allow for a direct comparison with the results
of Zhang et al. (2024). Nevertheless, on the EBM-
NLP dataset alone, we observe that the micro
F1-score decreases from 48.99 (Table 6) to 44.19
(Table 7) when using the hierarchical_labels ver-
sion of EBM-NLP instead of the starting_spans
version. By targeting exact entities rather than
spans containing these entities, the task appears
to be more challenging for the PICOX architecture.
Furthermore, the results on AD and COVID-19,
which correspond to span-based datasets, may indi-
cate that PICOX is better suited to span extraction
than to exact entity extraction.

5.2 Evaluation on Nested Entities

To evaluate their model’s performance on nested
entities, Zhang et al. (2024) divided the sentences
in their test partitions into two groups: (i) sen-
tences with nested entities and (i1) sentences with-
out nested entities. We argue that this approach
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[ Precision Recall Fl1-score [ Precision Recall Fl-score
CoviDp-19
Participant 60.33 (£8.61) 67.50 (£6.85) 63.67 (£7.77) 54.29 79.17 64.41
Intervention | 66.36 (£4.09) 66.11 (£4.87) 66.18 (£3.84) 64.56 70.83 67.55
Outcome 48.66 (£5.02) 36.61 (£8.44) 41.60 (£7.35) 56.25 45.76 50.47
Micro 59.80 (£2.81) 55.10 (£3.25) 57.34 (£2.94) 59.88 62.58 61.19
Macro 5845 (£3.16) 56.74 (£3.34) 57.15 (£3.33) 58.36 65.25 60.80
AD
Participant 26.87 (£16.2) 2842 (+18.4) 27.58 (£17.2) 18.92 36.84 25.00
Intervention | 43.89 (£5.00) 56.08 (£1.82) 49.10 (£2.98) 43.94 63.04 51.79
Outcome 46.37 (£6.70)  48.61 (£8.73) 47.36 (£7.31) 52.94 61.63 56.96
Micro 42.83 (£5.19) 48.32(£5.89) 45.41 (£5.48) 43.09 58.69 49.69
Macro 39.04 (£7.02) 44.37 (£7.77) 41.34 (£7.41) 38.60 53.83 44.58
EBM-NLP
Participant 21.80 (£0.97) 22.09 (£1.42) 21.91 (£0.75) 15.93 24.95 19.46
Intervention | 58.91 (£2.97) 54.36 (£2.73) 56.47 (£1.55) 53.56 59.19 56.24
Outcome 46.79 (£1.39) 38.92 (£1.65) 42.46 (£0.86) 38.24 48.69 42.84
Micro 46.48 (£0.71) 42.15(£1.59) 44.19 (£0.80) 38.53 48.52 42.96
Macro 42.50 (£0.89) 38.46 (£1.45) 40.28 (£0.72) 35.92 44.29 39.51
PICO-CORPUS
Participant 69.55 (£2.58) 7299 (£2.28) 71.17 (£1.35) 51.45 75.11 61.08
Intervention | 58.54 (£1.28) 59.51 (£5.43) 58.90 (£2.60) 37.16 66.34 47.64
Outcome 70.67 (£2.75) 73.41 (£2.00) 71.95 (£0.79) 64.41 60.83 62.57
Micro 68.77 (£1.01) 71.54 (£1.20) 70.11 (£0.26) 55.37 65.16 59.87
Macro 66.25 (£0.57) 68.64 (£2.26) 67.35(£1.01) 51.01 67.43 57.08

Table 7: Performance on the PICO entity extraction task across the COVID-19, AD, EBM-NLP and PICO-CORPUS
datasets. Metrics were computed at the entity-level in strict mode. For BIOBERT ,y,¢14ps, Standard deviations are
computed over the five fine-tuned models. The best micro- and macro-F1 scores are highlighted in bold.
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Figure 1: Impact of the threshold used on BIOBERT ¢4 Outputs on recall, precision and F-score (macro).
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Train Valid Test
1,914 98 22
2,589 136 29
7,958 471 107

Sentences
Nested entities
Non-nested entities

Table 8: Number of sentences containing at least one
nested entity, along with the number of nested and non-
nested entities in these sentences.

100
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Fl-score
80 +

60
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40

201
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Figure 2: Impact of the threshold on nested and overlap-
ping entities.

is flawed. Table 8 shows the number of sentences
belonging to group (i) along with the numbers of
nested and non-nested entities they contain. The
number of non-nested entities is approximately
three times higher than the number of nested enti-
ties in each partition. As a result, their reported per-
formance on nested entities is heavily influenced
by the model’s performance on non-nested entities.
To address this limitation, we evaluate the
model’s performance on nested entities using two
metrics: a token-level metric and an entity-level
metric. Hereafter, P refers to the model’s predic-
tions and R to the references (the true labels).

For the token-level metric, we go through each
token one-by-one. If a token has two or more la-
bels in either R or P, we keep it in both lists and
we filter it out otherwise. This ensures that our
token-level evaluation is carried only on overlap-
ping tokens. Finally, we ignore IOB labels for this
metric. For the entity-level metric, we begin by
extracting entity spans from R and P. We then
apply the same selection criterion to the resulting
entity spans.

Table 9 shows the results obtained with
both approaches for nested and overlapping
entities. BIOBERT yy¢riaps Outperforms PI-
COXeproduction by 12.94 points in micro F1-score
according to the token-level metric and by 13.20
points according to the entity-level metric. Figure 2

shows the variation in metric scores for nested and
overlapping entities as a function of the threshold
applied to BIOBERT ,y¢14ps Outputs. The best F1-
score is achieved at a threshold of 0.2.

6 Conclusion

In this work, we show that PICO datasets cre-
ated from RCTs can be broadly categorized as
either span-based or entity-based. In span-based
datasets, PICO annotations consist of fewer and
longer spans of text containing relevant PICO in-
formation, whereas entity-based datasets focus on
fine-grained and precise annotations of PICO enti-
ties in RCTs.

We then conducted a comparative study
of two pipelines: PICOX, ¢production and
BIOBERT seriaps- Our findings show that
PICOX ¢production 18 better suited to extracting
text spans containing PICO information, whereas
BIOBERT jyerqps 18 more suited to extracting
precise PICO entities. Moreover, we observe that
BIOBERT y¢riqps performs better on nested and
overlapping PICO entities, reaching an entity-level
micro Fl-score of 30.70, compared with 17.58
for PICOX, ¢production- Future work will focus
on applying these models to a large-scale RCT
database. We plan to annotate a sample of these
documents to determine which approach is better
suited to the needs of medical practitioners.

Limitations

This study focuses exclusively on BERT-based
models. It would be interesting to compare them
with other approaches, such as traditional machine
learning systems or generative LLLMs. However,
BERT-based models have shown to achieve strong
performance on biomedical NLP tasks (Naguib
et al., 2024), which motivates our focus on this
model family.

Regarding the sanity check in Table 6, we used
the same EBM-NLP version as Zhang et al. (2024).
However, since the authors do not provide clear in-
structions regarding data segmentation or data split,
we indeed couldn’t reproduce the same method-
ology, and therefore, results. This lack of re-
producibility impacted our experiments in several
ways. We offer a reproducible version of PICOX
in this paper.

Additionally, we noticed several inconsisten-
cies within the EBM-NLP dataset. Some en-
tities are incorrectly annotated. While the test
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BiObERToverlaps PICOXTepTOduction
[ Precision Recall Fl1-score [ Precision Recall Fl-score

Token-level (10)

Participant 100.0 (+-0.00) 58.06 (+-19.4)  71.82 (+-16.7) 78.57 35.48 48.89
Intervention | 100.0 (+-0.00) 65.07 (+-8.35)  78.58 (+-6.51) 97.72 64.18 77.48
Outcome 100.0 (+-0.00) 48.18 (+-4.93) 64.91 (+-4.58) 61.90 29.54 40.00
Micro 100.0 (+-0.00)  58.30 (+-5.11)  73.56 (+-4.06) 84.81 47.18 60.62
Macro 100.0 (+-0.00) 57.11 (+-6.83)  71.77 (+-5.96) 79.40 43.07 55.46
Entity-level (strict)

Participant 20.57 (+-15.1) 1091 (+-9.95) 14.17 (+-12.0) 00.00 00.00 00.00
Intervention | 48.57 (+-5.63) 27.41 (+-2.03) 34.90 (+-1.82) 46.67 25.92 33.33
Outcome 56.13 (+-11.7) 24.21 (+-7.06) 33.58 (+-8.44) 09.09 05.26 06.67
Micro 45.66 (+-6.41) 23.16 (+-2.88)  30.70 (+-3.83) 23.53 14.04 17.58
Macro 41.76 (+-8.85)  20.84 (+-4.10) 27.55 (+-5.42) 18.59 10.40 13.33

Table 9: Performance on the PICO extraction task for nested and overlapping entities in the EBM-NLP dataset.
Metrics are token-level IO and entity-level strict. The best micro- and macro-F1 scores are highlighted in bold.

partition of this dataset was manually annotated,
its training partition was automatically annotated.
Other studies have addressed this issue and pro-
posed corrected versions of EBM-NLP, such as
EBM-NLPcoaET (Abaho et al., 2022) or EBM-
NLP,.., (Hu et al., 2023). However, these correc-
tions cover only a fraction of the entries in EBM-
NLP, resulting in smaller training datasets and po-
tentially limiting their usefulness for model train-
ing.

Finally, the threshold used to obtain predictions
from BIOBERT ;¢r1qps Outputs can be considered
a limitation. Although we found that the best
threshold across the studied datasets was between
0.5 and 0.6, this range should not be considered
universal. The optimal threshold may differ for
other datasets.
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A Hardware Specifications

Table 10 shows the pieces of hardware we used to
run our experiments. Both experiments were run
on the same setup.

Processor: 2 x Intel Xeon Gold 6148 20 cores / 40
threads @ 2.4 GHz (Skylake)

GPU: 4 x NVIDIA Tesla V100 with 32 GiB of
RAM (NVLink)

RAM: 384 GiB

Table 10: Hardware specifications of our experiments.

B BI10OBERT,,.,,s Hyperparameters

Table 11 shows the best hyperparameters for each
fine-tuned BIOBERT ¢4 instance.

Learning rate  Weight decay Train size  Valid size
CovID-19 0.00004 0.00005 8 16
AD 0.00004 0.00004 8 8
EBM-NLP 0.00003 0.00010 16 32
PICO-CcORPUS 0.00004 0.00347 8 16
Table 11: Best sets of hyperparameters for
BioB ERToverlaps .

C Additional Results

Table 12 shows the performance of the models on
each dataset and Table 13 show the results obtained
with both approaches on nested and overlapping en-
tities. We did not perform a hyperparameter search
for BIOBERT ,y,¢riqps On these runs and instead
used the default hyperparameters.
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BiOBERTo'ueTlaps PICOXrep'roduct'Lon

[ Precision Recall Fl-score | Precision Recall Fl-score
Covip-19
Participant 14.02 (£8.82) 18.33 (£10.4) 15.87 (£9.61) 54.29 79.17 64.41
Intervention | 54.61 (£1.83) 57.49 (£2.52) 56.01 (£2.12) 64.56 70.83 67.55
Outcome 40.08 (£3.26)  20.68 (£2.21) 27.27 (£2.65) 56.25 45.76 50.47
Micro 41.77 (£3.42) 37.41 (£2.62) 39.47 (£2.97) 59.88 62.58 61.19
Macro 36.24 (£3.20) 32.17 (£4.01) 33.05 (£3.66) 58.36 65.25 60.80
AD
Participant 06.55 (£4.01)  12.62 (£6.00) 08.59 (£4.83) 18.92 36.84 25.00
Intervention | 36.88 (£1.04) 60.42 (£1.82) 45.80 (£1.23) 43.94 63.04 51.79
Outcome 19.75 (£4.05) 16.66 (£4.05) 18.06 (£4.05) 52.94 61.63 56.96
Micro 24.12 (£2.37)  30.80 (£2.98) 27.05 (£2.63) 43.09 58.69 49.69
Macro 21.06 (£2.46) 29.90 (£3.36) 24.15(£2.84) 38.60 53.83 44.58
EBM-NLP
Participant 18.97 (£0.73)  27.87 (£0.77) 22.57 (£0.57) 15.93 24.95 19.46
Intervention | 51.97 (£1.61) 5896 (+1.68) 55.22 (4+0.89) 53.56 59.19 56.24
Outcome 38.48 (£0.86) 44.26 (£2.85) 41.14 (£1.40) 38.24 48.69 42.84
Micro 39.17 (£0.36) 47.27 (£1.70) 42.83 (£0.86) 38.53 48.52 42.96
Macro 36.48 (£0.22) 43.70 (£1.35) 39.64 (+0.61) 35.92 44.29 39.51
PICO-CORPUS
Participant 5343 (£2.97) 68.07 (£1.25) 59.83 (£2.04) 51.45 75.11 61.08
Intervention | 39.30 (£5.97) 61.37 (£2.65) 47.65 (£4.01) 37.16 66.34 47.64
Outcome 57.50 (£1.78) 72.33 (£0.71) 64.05 (£1.20) 64.41 60.83 62.57
Micro 53.50 (£1.65) 69.81 (£0.36) 60.57 (£1.01) 55.37 65.16 59.87
Macro 50.08 (+1.81) 67.25(+0.96) 57.18 (£1.17) 51.01 67.43 57.08

Table 12: Performance on the PICO entity extraction task across the COVID-19, AD, EBM-NLP and PICO-corpus
datasets. Metrics are computed at the entity-level in strict mode. For BIOBERT yyer1aps, Standard deviations are
computed over five fine-tuned models. The best micro- and macro-F1 scores are highlighted in bold.

BiObERToverlaps PICOX'I*eproduction
Precision Recall F1-score [ Precision Recall Fl-score

Token-level (10)

Participant 57.98 (£5.05) 82.93 (£12.9) 68.05(£7.51) 78.57 35.48 48.89
Intervention | 70.49 (£3.81) 87.94 (£2.08) 78.19 (£2.13) 97.72 64.18 77.48
Outcome 76.95 (£3.76) 93.02 (£1.41) 84.16 (£1.75) 61.90 29.54 40.00
Micro 71.72 (£3.35) 90.08 (£2.62) 79.77 (£1.44) 84.81 47.18 60.62
Macro 68.47 (£2.56) 87.96 (£5.0) 76.80 (£2.13) 79.40 43.07 55.46
Entity-level (strict)

Participant 11.33 (£10.4) 05.45 (£4.97) 07.35(£6.72) 00.00 00.00 00.00
Intervention | 51.39 (£6.66) 29.63 (£5.24) 37.45 (4£5.71) 46.67 25.92 33.33
Outcome 5845 (£14.2) 26.32 (£6.45) 36.18 (£8.55) 09.09 05.26 06.67
Micro 45.98 (£6.78) 23.86 (£3.64) 31.40 (£4.68) 23.53 14.04 17.58
Macro 40.39 (£7.95) 20.47 (£3.39) 26.99 (+4.74) 18.59 10.40 13.33

Table 13: Performance on the PICO extraction task for nested and overlapping entities in the EBM-NLP dataset.
Metrics are token-level IO and entity-level strict. The best micro- and macro-F1 scores are highlighted in bold.
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