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Abstract

Objective: Searching for biomedical articles by publication type or study
design is essential for tasks like evidence synthesis. Prior work has relied
solely on PubMed information or a limited set of types (e.g., randomized
controlled trials). This study builds on our previous work by leveraging full-
text features, alternative text representations, and advanced optimization
techniques.

Methods: Using a dataset of PubMed articles published between 1987 and
2023 with human-curated indexing terms, we fine-tuned BERT-based en-
coders (PubMedBERT, BioLinkBERT, SPECTER, SPECTER2, SPECTER2-
CIf) to investigate whether text representations based on different pre-training
objectives could benefit the task. We incorporated textual and verbalized
metadata features, full-text extraction (rule-based, extractive, and abstrac-
tive summarization), and additional topical information about the articles.
To improve calibration and mitigate label noise, we used asymmetric loss and
label smoothing. We also explored contrastive learning approaches (SimCSE,
ADNCE, HeroCon, WeighCon). Models were evaluated using precision, re-
call, F1 score (both micro- and macro-), and area under ROC curve (AUC).
Results: Fine-tuning SPECTER2-base with adding the MeSH term “An-
imals”, asymmetric loss with label smoothing, and WeighCon contrastive
loss improved performance significantly over the previous best architecture
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(micro-F1: 0.664 — 0.679 [4+2.2%]; macro-F1: 0.663 — 0.690 [+4.1%]; p <
0.0001). Asymmetric loss and using SPECTER2-base instead of PubMed-
BERT contributed most to this gain. Full-text features boosted performance
by 2.4% (micro-F1) and 1.8% (macro-F1) over the baseline (micro-F1: 0.616
— 0.631; macro-F1: 0.556 — 0.566; p < 0.0001). Topical label splitting and
contrastive learning provided minor, non-significant improvements.
Conclusion: Full-text features, enhanced document representations, and
fine-tuning optimizations improve publication type and study design index-
ing. Future work should refine label accuracy, better distill relevant article
information, and expand label sets to meet needs of the research community.
Data, code, and models are available at https://github.com/ScienceNLP-
Lab/MultiTagger-v2.

Keywords: natural language processing, literature mining, publication type
indexing, study design indexing, information retrieval, evidence synthesis

1. Introduction

The ability to search and filter research publications efficiently is crucial
for all researchers. This is especially true in areas, such as evidence-based
medicine, which uses the best available clinical evidence to inform treatment
[1]. The size and rapid expansion of biomedical literature poses a significant
challenge, making the identification of relevant publications a lengthy and
labor-intensive task [2, 3, 4]. Improvements to literature screening processes
are poised to significantly benefit downstream tasks, including evidence syn-
thesis. The U.S. National Library of Medicine (NLM) indexes publications
in MEDLINE, their bibliographic database, by Medical Subject Headings
(MeSH) and publication types (PT) to help facilitate article retrieval. His-
torically, the task of indexing MEDLINE articles has been carried out man-
ually by skilled medical indexing experts [5]. Over the past two decades,
NLM’s Medical Text Indexer (MTT) program has increasingly automated ar-
ticle indexing [6, 7, 8, 9]. The most recent MTI model uses a combination
of convolutional neural networks (CNN) and PubMedBERT to generate and
rank MeSH candidates [9]. Since 2022, automatic MeSH indexing has been
applied to all journals indexed for MEDLINE with human indexers perform-
ing subsequent review and curation to ensure accuracy and completeness,
which reduced the average indexing time from 145 days down to just one
day [10].
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Outside of the NLM, the challenge of automatically indexing the biomed-
ical literature continues to garner substantial attention. For example, since
2013, the annual BioAS(Q shared tasks have focused on advancing MeSH in-
dexing methods with MTT often serving as a baseline [11, 12, 13]. Notable ap-
proaches include ensembling models using a learning-to-rank framework (e.g.,
MeSHLabeler[14])), combining learning-to-rank with deep representations
(e.g., DeepMESH [15]), using contextualized representations and fine-tuning
(e.g., BERTMeSH [16]), incorporating full-text content (FullMeSH [17]),
and models that also incorporate novel attention-based mechanisms (e.g.,
MeSHProbeNet-P [18], KenMeSH [19]). The focus of these methods is to
assign MeSH headings and subheadings to publications. These headings are
primarily based on an article’s topic of study, e.g., “Brain” or “Asthma”.
However, this is not the case for all MeSH terms. A relatively small subset
of MeSH terms focus on methodological characteristics of research, indicat-
ing how a study was conducted rather than its subject matter, e.g., Cohort
Studies or Double-Blind Method. This information is particularly important
for evidence synthesis pipelines, serving as an initial automated filtering step
before manual analysis and synthesis [20, 21, 22, 23]. A significant body
of work has emerged focusing on these study design-related terms as well
as publication types (collectively referred to here as PTs). For example,
RCT Tagger classifies Randomized Controlled Trials (RCT) using a SVM
model with n-gram based features and manually annotated features from
MEDLINE (i.e., MeSH terms and publication type) to support systematic
reviews [24]. Building on this work, Wallace et al. [25] used similar ma-
chine learning methods along with crowdsourcing, while Marshall et al. [26]
built binary RCT classifiers using ensembles of SVMs, CNNs, and MED-
LINE publication type tags. Extending beyond RCTs, MultiTagger, a suite
of binary SVM classifiers, was designed [27] and developed [28] to generate
probabilistic estimates of 50 different PTs. RCT Tagger and MultiTagger
both showed high levels of recall in identifying RCTs, resulting in little in-
formation loss [29] at much faster speeds [30] demonstrating their value for
systematic reviews. Focusing more on pre-clinical animal research, Neves et
al. developed models to identify study designs that may serve as alternatives
to animal experiments (e.g., in vitro) [31]. Most recently, we developed a
new version of MultiTagger formulating the task as multi-label classification
and fine-tuning PubMedBERT [32] using text (title, abstract) and metadata
features from PubMed [33]. Using this model, we improved micro-F1 by
40% (0.497 — 0.697) and macro-F1 by 52% (0.416 — 0.632) compared to
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MultiTagger. Performance was compared on averages across 49 labels using
a test of 64,400 PubMed articles where title and abstracts were longer than
25 characters.

In this study, we extend our prior work in several directions:

e We investigate whether (and which) full-text features could improve

PT classification. In prior work, full-text information was shown to
benefit MeSH indexing [16, 17]. Due to the context size limitations
of BERT-based models (512 tokens), which is much smaller than the
average full-text article, and based on the hypothesis that most full-
text content is irrelevant to PT classification, we conduct experiments
with extractive and abstraction summarization methods.

We assess whether enriched document representations could benefit
PT classification task. Specifically, we hypothesize that publications
may cite other studies that share methodological similarities and fine-
tune several Transformer-based models that are pre-trained in part us-
ing citation-related information (BioLinkBERT [34], SPECTER [35]).
Further, we hypothesize that, compared to PubMedBERT which uses
standard masked language modeling and next sentence prediction as
pre-training objectives, models pre-trained on document classification
tasks could provide enriched representations that benefit the PT clas-
sification task and experiment with such models (SPECTER2 [36]).
We also explore unsupervised and supervised contrastive learning in
depth to in an effort to better align document representations with
the labels. Specifically, we compare unsupervised contrastive loss ap-
proaches (SimCSE [37] and ADjusted InfoNCE (ADNCE) [38]) with
supervised approaches (HeroCon [39] and WeighCon [40]).

We attempt to address dataset-related issues using advanced optimiza-
tion techniques in model fine-tuning and label splitting. Although we
have limited our dataset to articles curated by NLM indexers only,
there is some noise and inconsistencies in PT indexing [24, 29]. Given
that relabeling articles at large scale would be infeasible, we opt for
mitigating the effect of label noise through more advanced regulariza-
tion techniques. These include asymmetric loss [41], an adaptation of
cross-entropy loss that focuses on harder data and disregards possibly
mislabeled data during training, and label smoothing [42, 43|, which
disperses small probabilities from correct labels among incorrect labels
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for regularization. Furthermore, given the hierarchical nature of some
PT labels and their heterogeneity, we add labels for more fine-grained
categories during training to evaluate whether more discriminative rep-
resentations can be learned.

Statement of significance

Problem

Manually indexing research articles by publication type and study
design is difficult and time-consuming.

What is Already Known

Automated approaches to PT and SD indexing focus on titles and
abstracts and are mostly limited to a small number of types or use
somewhat noisy datasets as ground truth without consideration of
this noise.

What This Paper Adds

We account for dataset quality through noise-aware training tech-
niques as well as exploring the use of full-text in publication type
and study design indexing.

‘Who Would Benefit

Researchers and clinicians who use research repositories (e.g.,
PubMed), especially those who use publication types and study
designs for article screening and evidence synthesis.

2. Materials and Methods

The components of our overall approach and the processing pipeline is
illustrated in Figure 1. We describe each component below. We also discuss
the experiments we performed and the evaluation methodology at the end of

this section.

2.1. Dataset Construction

Candidate articles were initially selected using PubMed queries and down-

loaded using the NCBI e-utilities API [44]. We did not use the dataset from
our previous work [33] as some queries were changed to enhance query con-
sistency (e.g., use of "mh:moexp” when the MeSH term had children). Ad-
ditionally, we no longer require the “Humans” MeSH term in some queries
(e.g., Clinical Study) and added additional “as topic” PTs (e.g., Clinical Tri-
als as Topic and Meta-Analysis as Topic). All PT queries restricted results
to (1) English articles or articles containing an English abstract, and (2)
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Figure 1: Flow diagram of dataset and feature construction as well as experiments includ-
ing feature extraction, incorporating external knowledge, base encoders, and contrastive
learning.
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articles published between 1987 and 2023, except for Retraction of Publica-
tion to increase the number of positively labeled articles. A majority of PTs
also required the article to be human-indexed by NLM. We relaxed this re-
striction for Scientific Integrity Reviews, which have more easily discernible
features where including non-human-indexed articles may not significantly
lower dataset quality and for Systematic Reviews, where we used search
terms rather than publication types or MeSH terms based on previous find-
ings regarding the quality of articles tagged (or not tagged) as Systematic
Reviews before 2019 [28]. Following previous work [28, 33|, we excluded ar-
ticles with Editorial, Letter, Comment, Practice Guideline, or Review PTs
for a subset of clinically-focused PTs (e.g., RCTs) as these were commonly
found to simply discuss the PT rather than be of that type based on initial
exploration. Additionally, for RCTs, we also required the “Humans” MeSH
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term to better differentiate between Human RCTs and Veterinary RCTs,
which we classify using a separate label similar to NLM. As an example, the
query used for the Clinical Trial PT is provided below.

(1987:2023[dp] AND (english[Language] OR english abstract[pt])
NOT (indexingmethod_curated OR indexingmethod_automated))
AND “clinical trial” [pt] NOT case-control studies/mh:noexp] NOT
cohort studies/mh:noexp] NOT editorial[pt] NOT letter/pt] NOT
comment[pt] NOT “practice guideline”[pt] NOT review/[pt]

The queries used for dataset construction are available for download at
the project GitHub repository. While potentially somewhat noisy, we used
the query results as our gold-standard PT labels within this work. In total,
labels were obtained for 9.6 million PubMed articles, featuring 61 distinct
PTs. We sampled from this initial candidate set using a modified version
of stratified sampling to restrict the dataset to a more reasonable size for
training, while making efforts to prevent any majority class from dominating
the dataset and retaining enough rare labels to effectively train the models.
The stratified dataset was supplemented with randomly selected negative
articles, i.e., articles containing no positive labels, totaling 20% of the entire
dataset.

2.1.1. Alternate Label Splits

Some PT labels are hierarchical in nature and have high topical hetero-
geneity, making it difficult to learn effective representations with models. In
a set of experiments, we aimed to evaluate whether adding more information
related to fine-grained label splits could improve model performance by allow-
ing it to better learn these heterogeneous labels. For these experiments, we
added new labels into the dataset during the training process (and removed
them before evaluation).

First, we added labels that represented overlaps between two heteroge-
neous PTs in efforts to steer the model to pay more attention to the corre-
lation between these PTs. For example, Longitudinal Studies is a PT under
Cohort Studies in MeSH, so a Longitudinal-Cohort Studies label was added.
Positively labeled instances in this case are articles that were already labeled
as both Longitudinal Studies and Cohort Studies. This was done for all chil-
dren PTs of Cohort Studies (i.e., Follow-Up Studies, Longitudinal Studies,
Prospective Studies, and Retrospective Studies). This experiment is referred
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to as COHORT-SPLIT. Similarly, for the GENERALIZED RCT experiment, we
added a new label encompassing articles labeled as either Human RCTs or
Veterinary RCTs to see if this could help the model better understand the
study design, RCTs, which is independent of species.

We also performed experiments distinguishing HUMAN, ANIMAL, and VET-
ERINARY studies. For HUMAN and ANIMAL experiments, we added a binary
label to the multi-label dataset based on the presence of specific MeSH terms
for the article (“Humans”, “Animals”). We labeled articles during the VET-
ERINARY experiment if they had one of the following MeSH terms: “Dogs”,
“Cats”, “Cattle”, “Horses”, and “Swine”. These terms were identified based
on their frequency (>20) in articles tagged using the Randomized Controlled
Trial, Veterinary PT.

For the COMBINED experiment, we added labels during training from
these other experiments: COHORT-SPLIT, GENERALIZED RCT, HUMAN, ANI-
MAL, and VETERINARY.

Note that these terms were only used during training, and not in evalua-
tion to ensure that the results are comparable to those of the models trained
with the standard labels.

2.2. Feature Extraction

2.2.1. PubMed Features

We mainly followed our earlier work [33] for extracting PubMed features.
For each article, features (title, abstract, and other metadata) were extracted
from PubMed and verbalized as model input. Features and verbalizations are
described in Table 1. Feature verbalization is meant to better contextualize
features in efforts to improve BERT-based representations, which are trained
to rely on context within their masked language modeling task. Previously,
we extracted words spelled in all caps present within the title or abstract,
however, in this work we only extract these from the title in efforts to pri-
marily capture acronyms. Additionally, we added a feature related to the
number of affiliations of an article and combined some features (e.g., num-
ber of authors and number of affiliations) to reduce input length. When a
feature was missing, empty strings (“”) were used instead for verbalization.
Additionally, we verbalized numbers in the metadata features (“There are
4 authors” — “There are four authors”) to prevent information loss during
tokenization.
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Feature Verbalization
Title text This article’s title is ...
Abstract text No verbalization performed on this feature.

Journal name & publication date | This article was published in ...in ...

Keywords This article’s keywords are . ..

Number of references This article’s cited . .. references

Number of authors & affiliations | This article was written by ... authors from ... affiliations.
Chemicals (number & list) This article used .. .chemicals: ...

Capitalized title words The title uses the abbreviations . ..

Table 1: The features extracted from PubMed that were used in experiments. In the cases
where the feature is missing, an empty string replaces it.

2.2.2. Full-Text Features

For experiments involving full-text articles, a variety of features were ex-
tracted from PubMed Central (PMC) when available. The extracted features
and examples of how they were verbalized are shown in Table 2. A subset of
the features are explained below, others are self-explanatory:

Number features refers to features related to (1) the number of figures
detected, (2) the number of tables detected, and (3) the approximate
article word count.

Guidelines refers to a regular expression-based feature that captures the
mentions of various reporting guidelines (e.g., “CONSORT” for RCTs
and “STROBE” for observational studies). Mention of guidelines may
provide a clue to its PT.

Ethics refers to a regular expression-based feature that captures the
mentions of ethical approval. This feature could help models differ-
entiate between PTs that commonly use humans versus those that do
not.

Identifiers refers to a regular expression-based rule that determines the
location and frequency of clinical identifiers (e.g., NCT# from clinical-
trials.gov detected in the methods section or a table).

1st sentence refers to the first sentence in the Methods section (if de-
tected). Otherwise, the first sentence in the full-text was used.
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e Ist paragraph refers to the first paragraph in the Methods section (if
detected). Otherwise, the first paragraph in the full-text was used.

e Label sentences refers to sentences that mention any PT label (e.g.,
Randomized Controlled Trials), which are identified using regular ex-
pressions.

A few features verbalized missing features: caption features (“No fig-
ure/table detected.”), guidelines (“No reporting guidelines were detected.”),
ethics (“No ethical approvals detected.”), and label sentences (“No sentences
containing labels were detected.”). All other features verbalized missing fea-
tures using an empty string.

Feature

Verbalization

Number of tables

There are four tables.

Number of figures

There are three figures.

Length of full-text

The article is four hundred and seventy two words long.

Section headings

The section headings are Introduction, Methods, Results, and Discussion.

Figure captions Figure captions are ...and ...

Table captions Table captions are ...and ...

Guidelines The following reporting guidelines are mentioned: STROBE.

Ethics The following ethical approvals are mentioned: Institutional Review Board.

Identifiers 2 clinical identifiers found in the methods section. 6 clinical identifiers found in tables.

1st sentence

A multicenter, observational, prospective study was conducted in France...

1st paragraph

Label sentences

The inverse-variance fized-effects model was used for meta-analysis.

Table 2: The full-text features used in full-text specific experiments, as well as examples
showing how they were verbalized.

2.2.83. Summarization

We also explored summarizing relevant information from full-text as in-
put to the model. Instead of processing the entire document, we focused on
sentences from the Introduction and Methods sections only (referred to as
“full-text” below for brevity). This approach is motivated by two consider-
ations. First, the model’s token limitations make it impractical to process
lengthy full-text documents efficiently. Second, narrowing the input to these
targeted sections provides the model with more relevant information. Our
preliminary analysis of 50 articles showed that sentences containing key PT

10

A multicenter, observational, prospective study was conducted in France... This study was...



https://doi.org/10.1101/2025.04.23.25326300
http://creativecommons.org/licenses/by-nc-nd/4.0/

O J o U bW

OO DTG UTUITUTUTUTUTOTUTE BB DD B DDA DNWWWWWWWWWWNNNONNNONNNONNNNR R R R R PR PR
O™ WNFROWVWO I D WNRPOW®O-JIAHAUTDRWNR,OW®OWJNTIBRWNRFROWOW-TNUB®WNREOWO®W-10U D WK R O WO

medRxiv preprint doi: https://doi.org/10.1101/2025.04.23.25326300; this version posted April 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

information often appear in the Introduction or Methods sections. This is
important, as models often struggle with long-context memorization in sum-
marization, which can result in hallucinations or the generation of irrelevant
content [45].

We employed abstractive and extractive summarization methods to ex-
tract study design-related information from full-text. We augmented the
PubMed and full-text features with summarization-based features to fine-
tune the PT classification model (described below). Abstractive summa-
rization provides a high-level overview of an entire article, often involving
rewriting, paraphrasing, and reorganizing source document—processes that
are prone to errors [46]. In contrast, extractive summarization ensures factual
consistency by directly selecting relevant content from the source document.

As an extractive summarization baseline, we used TextRank[47], an un-
supervised graph-based ranking algorithm that can be used for extractive
text summarization. It represents text as a graph where sentences are nodes,
and edges represent their similarity (i.e., content overlap). By applying the
PageRank algorithm, TextRank identifies the most “important” sentences
based on their centrality in the graph.

We also utilized an off-the-shelf dense retriever, BMRetriever, to extract
the most reliable grounding information, serving as an extractive summary
[48]. This model leverages the capabilities of autoregressive large language
models (LLMs) that can follow users’ natural language instructions and is
further fine-tuned on a combination of five biomedical tasks with labeled
synthetic user query and response pairs. Given a task description, the
model returns scores for each input sentence, indicating their informative-
ness and relevance. We experimented with three extractive prompts: EX-
TRACTIVE (SINGLE), EXTRACTIVE (MULTIPLE), and EXTRACTIVE (MULTI-
PLE+DEFINITION). The EXTRACTIVE (SINGLE) experiment used a consoli-
dated query listing all target publication type labels with the prompt:

“Given the following categories of interest and a biomedical ar-
ticle, retrieve sentences that are indicative of any of these study
designs or publication types.”

When all label names are presented together, the model may struggle to
distinguish between the nuances of each label, especially if they are semanti-
cally similar or overlapping. This could result in retrieving sentences that are
only somewhat related or not specific enough to each label. Therefore, we
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also employ the following multiple retrieval approaches to test our hypothe-
sis. The EXTRACTIVE (MULTIPLE) experiment employed each category label
as a distinct query. This approach assumes that the model understands the
label’s meaning and can retrieve sentences that are semantically similar to
the full-text. Finally, EXTRACTIVE (MULTIPLE+DEFINITION) paired cate-
gory labels with brief definitions to provide additional context and enhance
the retrieval process. In both methods, sentences were ranked based on their
similarity scores, and the top 20 sentences were selected for further use. 20
sentences were chosen to balance the context length limitations of the model
(i.e., 512 tokens) with the need to ensure sufficient coverage of potentially
relevant information.

Longformer [49], a sequence-to-sequence model, has been widely studied
for the abstractive summarization of long documents, including biomedi-
cal articles [50]. PRIMERA [51], an encoder-decoder model based on the
Longformer-Encoder-Decoder architecture, is further trained with a gap sen-
tence generation objective, where salient sentences were masked to encourage
the model to generate them. Since study design information can be implicit
and may need to be inferred across sentences or sections, this model’s ability
to leverage global attention and pre-training on the DOC-SEP token, which
was assigned global attention during pretraining and marks boundaries be-
tween sections, enables efficient aggregation of information across them, po-
tentially improving memory retention and reducing hallucination issues.

Additionally, we prompted a large language model (META-LLAMA / LLAMA-
3.2-3B-INSTRUCT [52]) to generate an open-ended, publication-type-focused
summary as auxiliary input, following the concept of query-focused summa-
rization [53], which aims to generate summaries based on a particular user’s
interest. The query was as follows:

“Below 1is the title, journal, and a partial excerpt (introduction
+ methods) of a biomedical article. Your task is to summarize
the article, focusing on the study design.

Title: {title}

Journal: {journal title}

Excerpt: {article_content}”

The article content includes the Introduction and Methods sections, the

same as the input used in the extractive and abstractive approaches, BMRe-
triever and PRIMERA, respectively.
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2.3. PT Classification Models

Our previous best model [33] used a PubMedBERT encoder as the base
model. In this work, in an effort to enrich article representations, we eval-
uated several BERT-based models as base encoders for fine-tuning. Specifi-
cally, we experimented with the following BERT-based encoders:

e PubMedBERT [32]: pre-trained from scratch on PubMed abstracts and
full-text using masked language modeling and next sentence prediction
tasks. It was used in previous work and serves as the baseline.

e BioLinkBERT [34]: pre-trained using a document relation prediction
task in lieu of next sentence prediction. It leverages citation links
between articles for this task.

e SPECTER [35]: incorporates citation information through a custom
contrastive loss that pulls together pairs of article representations if
one cites the other; otherwise, representations are pushed apart.

e SPECTER2-Base [36]: extends SPECTER, by pre-training on a larger
dataset (x10 as big; 6.2M training triplets across 23 fields of study).

e SPECTER2-CIf [36]: SPECTER2-Base pre-fine-tuned for classifica-
tion. The model is pre-fine-tuned to predict an article’s field of study
(multi-label task) as well as to predict descriptors (e.g., “Brain”, “Breast
Neoplasms”) and qualifiers (e.g., “Complications”, “Surgery”) from the
30 most frequent top-level MeSH descriptors for articles with exactly
one qualifier (multi-class task). This pre-fine-tuning drives acts simi-
lar to contrastive learning, driving article representations from similar
fields and descriptors closer /further to improve differentiation between
classes.

In our previous work [33], the model was trained using binary cross-
entropy loss and AdamW optimizer. This model serves as the baseline in
this work. We further experiment with other optimization and regularization
techniques to improve the training process and mitigate the effect of noisy
data. Specifically, we used RAdam (rectified Adam) [54], which uses warm-up
in its implementation and was shown to be less sensitive to hyperparame-
ters changes, making tuning less important. Instead of binary cross-entropy
loss, we used asymmetric loss [41], an extension of focal loss [55], which
aims to down-weight possibly mislabeled data in addition to down-weighting
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and hard-thresholding easy negative samples to focus the learning process
on hard-to-classify examples. This can lead to faster convergence during
training and improved performance when trained on noisy data. Addition-
ally, we used label smoothing [42, 43] to further enhance model robustness
against noise as well as to better calibrate the model. By taking a small
probability from the correct labels and dispersing it among incorrect labels,
label smoothing prevents the model from overfitting its predictions to poten-
tially wrong labels. This regularization prevents model over-confidence and
enhances performance on noisy datasets. We use the default parameters for
asymmetric loss: v~ =4, v, = 1, m = 0.05, and € = 1e-8, where 7 is a
weighting term for positive and negative losses, m is the probability shifting
hyperparameter and € is a smoothing term. For label smoothing, we use a =
0.05, which is the amount of re-distributed probability.

2.4. Contrastive Learning

The basic idea behind contrastive learning is that similar instances (e.g.,
instances with the same labels) should have representations that are closer
within the model embedding space, while dissimilar instances should be fur-
ther apart. We experimented with contrastive learning (CL) in previous
work [33]; however, the results were inconclusive, with minor improvements
with unsupervised CL and performance degradation with supervised CL.
In this work, we evaluate CL more extensively. As in prior work, we use
unsupervised SimCSE method [37] as the CL baseline. In this setting, an
instance’s positive anchor is a dropout-augmented version of itself. Negative
anchors are all other instances within the batch. This unsupervised loss is
calculated as follows:

!
ol (B R /T

> NV
j=1

(1)

Lunsup - - 10g

where N is the number of instances within the batch, h;* is the hidden rep-
resentation of the [CLS] token of an instance, i, h}’ is a dropout-augmented
representation, f(-,-) is a similarity measurement function (in this case, co-
sine similarity), and 7 is a temperature hyperparameter. As negative rep-
resentations are weighed equally to calculate loss in SimCSE, outliers (or
instances that are significantly different) have a greater effect, which may
not be optimal. To mitigate this, ADjusted InfoNCE (ADNCE) [38] weighs
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negative instances using hyperparameters to focus on potentially more infor-
mative instances. This is done by Gaussian-like weighting negative anchors:

L g /T @)
unsup — — 10 P 2
g & >, wel BT

1 IR VR
w=— exp (_(e i 2 (3)

2 202

where o controls the weight discrepancy among the samples and p controls
the region of weight allocation (i.e., samples closer to p have larger weights).

While unsupervised CL focuses on improving uniformity (i.e., how evenly
distributed all instances are within the representation space), supervised CL
focuses on alignment, in which instances with the same label are brought
closer together. In multi-label settings, CL is more difficult to implement
as similarity is less clear due to the various levels of overlapping labels that
may occur. To account for this, various contrastive loss functions have been
proposed [56, 57|, although these sometimes require specialized minibatching
processes. HeroCon [39], a unified contrastive learning framework incorporat-
ing both unsupervised and supervised losses together, introduces a weighted
supervised learning framework without the need for any specific batching
procedures. The loss is weighed through the Hamming distance of each in-
stance’s set of binary labels as a form of supervised similarity. This is shown
below:

of (b 1)
S’LL - iy € L log 2 Zj Zi Zk 4
P Z HoXaeP f(h'zZ?h‘j )+ZxkeN£ Fyf(h’lZ?h‘k )] ( )
o=1—dist(Y;*,Yf)/c (5)
v = dist(Y, Y,E) (6)

where dist(Y;*,YF) is used to weigh label similarity (i.e., Hamming dis-
tance), P*(a) = {X;|Y*(a) = 1} is the set of positive instances with the a/"
label, and N4 (a) = {X;|V;*(a) # 1} is the set of negative instances. Here, a
is a PT (e.g., articles in a batch positively labeled as RCTs), ¢ is the num-
ber of labels, and v is the label similarity weighting, in this case, Hamming
distance.
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Additionally, Zheng et al., demonstrate additive benefits when using both
unsupervised and supervised approaches together compared to either ap-
proach individually [39]. In supervised CL, HeroCon weights all label dif-
ferences equally, which may not be optimal in our work. For example, in-
tuitively, representations of cohort studies should probably be more closely
related to prospective studies, whereas those of autobiographies should be
more related to biographies. Lan et al. [40] introduce a new supervised con-
trastive loss, WeighCon, which learns optimal weights between labels rather
than relying on Hamming distance. This follows the same formulation as
above except with a learned weight:

Yij = (NN (yi, y;)) (7)

where ¢ is a sigmoid activation function and NN is a one-layer, fully
connected linear layer, taking in two label vectors and outputting a scalar
value corresponding to the similarity between label vectors.

In efforts to improve these supervised contrastive loss functions, we also
applied the asymmetric focusing modulation term from asymmetric loss[41].
This is shown below:

w; = {(1 = PYE) = [(1 — Ppy)(1 — YO HOYEOm- 4] ®)

where P; is the sigmoid activated model prediction for a particular label
in instance 4, Y;* is the true label, P,i is the probability after asymmetric
clipping (P = max(P; +m, 1)), and p_ and py are focusing parameters.
We use default values m=0.05, u_=4 and py=1. Overall, this weighting
term w; is used to modulate the HeroCon and WeighCon weighting terms
defined in equations 5, 6, and 7 to downweight easy instances and focus on
harder ones, which may be more heterogeneous.

Additionally, we experiment with in-batch label correction wherein we
consider any instance with a label probability > 0.95 to be considered as
positively labeled for that class, regardless of its true label, in efforts to
better account for false negative labels.

In all experiments with unsupervised and supervised CL, contrastive loss
terms were combined with the label loss (i.e., binary cross entropy) by mul-
tiplying the CL loss terms with a scaling factor before averaging these losses
all together, as shown below:

L =mean(c - Lypsup + B+ Lsup + Last) (9)
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where o and (8 are hyperparameters that weigh unsupervised and super-
vised contrastive loss respectively.

2.5. Fxperimental Setup

We use the following hyperparameters for model training: batch size (32),
learning rate (transformer layers): le-4, learning rate (classification layer)
(le-2), epochs (25), optimizer (RAdam), dropout (0.1), label smoothing with
a = 0.05, asymmetric loss with v_=4, v, =1, and m=0.05, and finally, early
stopping (when no improvement is observed on validation set macro-F1 over
4 epochs).

Unless the component is being studied or otherwise stated, experiments
use these settings with the SPECTER2-Base encoder and ANIMAL MeSH
split without contrastive loss (CL). Without considering CL, this combina-
tion represented the best performing model. The best CL (WeighCon) was
not included to avoid unnecessary computational costs. All models were
implemented using PyTorch (v.2.2.0). Model weights downloaded from the
HuggingFace transformers library (v.4.40.2).

All contrastive learning experiments used the same temperature param-
eter (7 = 0.05). We also set both ADNCE hyperparameters p and o to 1.0.
For HeroCon and WeighCon experiments, we used the hyperparameters that
Zheng et al. [39] used with the CelebA dataset, a multi-label dataset with
40 labels, the dataset most similar to ours that was evaluated in that work.
Unsupervised CL experiments used a = 0.01, supervised CL experiments
used 8 = 0.1, and combined approaches used o = 0.1 and § = 0.1.

All experiments were conducted on a single Tesla v100 GPU with 32GB
of memory.

2.6. Evaluation

We used standard evaluation metrics: precision, recall, and F1 score,
as well as area under ROC curve (AUC). Micro- and macro-averaged perfor-
mance is reported for each metric. Micro-averaged metrics weigh all instances
equally, while macro-averaged metrics weigh each class equally. Early stop-
ping was based on macro-averaged F'1, and model selection was implemented
to maximize macro-averaged F1. This was done instead of loss or micro-F1
to avoid very poor performance on some rare classes. We calculated the
optimal probabilistic thresholds for each label to maximize F1 score on the
validation set. Using these thresholds, performance was evaluated on the
test set. Bootstrap sampling on model predictions with 1,000 replicates was
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used to generate confidence intervals for each experiment (95% CI). We also
calculated core-averaged performance, where “core” consisted of a set of PT's
that the authors of this study deemed most important for evidence synthe-
sis. Those PTs were as follows: Case Reports, Case-Control Studies, Clin-
ical Studies as Topic, Clinical Study, Clinical Trial, Clinical Trial Protocol,
Cohort Studies, Cross-Over Studies, Cross-Sectional Studies, Double-Blind
Method, Evaluation Study, Follow-Up Studies, Longitudinal Studies, Meta-
Analysis, Multicenter Study, Prospective Study, Random Allocation, Human
Randomized Controlled Trials, Retrospective Studies, Systematic Review,
Systematic Reviews as Topic, and Validation Study. Finally, we also calcu-
lated expected calibration error (ECE) [58] for experiments varying the loss
function to attempt to quantify model calibration. In ECE, the model’s prob-
abilistic predictions are sorted and grouped into k bins (k=15 for our work)
to calculate a weighted average of each bin’s difference between the probabil-
ities and the accuracy. We used three variants of ECE: standard ECE, which
uses the absolute value to calculate difference in probability /accuracy (L1);
root mean square calibration error, which uses root mean square average
(L2); and maximum calibration error, which looks at the maximum differ-
ence. Primary comparisons were done using significance testing (one-sided
t-test from the SciPy package ttest_rel).

For full-text experiments, models were trained and evaluated only on the
subset of data where full-text articles were available in PMC Open Access
Subset. Full-text experiments did not use optimized thresholding as it was
found to harm performance due to the limited amount of full-text available
data for some PTs in the validation set. We conducted ablation studies to
isolate the impact of some features and architecture design choices on model
performance (e.g., different base encoders).

To better understand how the input influences model predictions and
enhance model interpretation, we implemented gradient-based saliency map-
ping [59]. Specifically, we employed Integrated Gradients [60], which assigns
importance scores to input features by approximating the integral of the
gradients of model outputs with respect to the input. We visualized these
scores using the Captum package [61], highlighting keywords that influenced
the classification outcome. We compared the model’s predictions with the
true labels to gain insights into how these terms contributed to both correct
and incorrect predictions.
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6
;
8
9 3. Results
10
ié 3.1. Dataset Statistics
13 Our dataset included 166,232 articles, which were split into train (70%,
14 n = 116,361), validation (10%, n = 16,624), and test (20%, n = 33,247) sets,
i\z while attempting to maintain the PT distribution in each split as seen in the
17 overall dataset. The distribution of the 61 labels across the dataset is shown
18 in Figure 2 (left panel) as well as the performance of the best performing
19 model (right panel), which used SPECTER2-Base embeddings, asymmetric
;S loss with label smoothing, and supervised contrastive loss using WeighCon.
2 Of the 166,232 articles in our dataset, 24,398 made their full-text machine-
23 accessible through the PMC Open Access Subset: 17,111 in training, 2,435
24 in validation, and 4,852 in testing.
25
23 3.2. PT Classification Models with PubMed-only Features
28 In our primary analysis, we compare the best model and features from our
29 previous work [33] against the best-performing model from this work, which
:;S used SPECTER2-Base embeddings, asymmetric loss with label smoothing,
32 and supervised contrastive loss using WeighCon. The results for these two
33 models are provided in Table 3, which shows an improvement across all met-
2 é rics. The best model in this work was significantly better than the model
36 from previous work (both macro-F1 and micro-F1; p < 0.0001). Macro-F1
37 performance on core PTs were also higher in this work (0.697) compared to
38 the previous work (0.690).
39
40 Precision 1 Recall 1 Fr T AUC 1
Madel Micro Macro Micro Macro Micro Macro Micro Macro
Plévious 0.652 0.680 0.676 0.660 0.664 0.663 0.972 0.964
afchitecture [33] | [0.648-0.655] | [0.672-0.687] | [0.673-0.680] | [0.652-0.670] | [0.661-0.667] | [0.656-0.670] | [0.971-0.972] | [0.963-0.965]
ey N 0.670 0.700 0.688 0.692 0.679 0.690 0.975 0.968
us wor [0.666-0.673] | [0.693-0.707] | [0.685-0.692] | [0.684-0.700] | [0.676-0.682] | [0.683-0.696] | [0.974-0.975] | [0.967-0.969]
46
47
48 Table 3: Performance comparison of our previous best model architecture and features [33]
49 with the best model and features from this work. 95% CIs were calculated using bootstrap
50 sampling from the test set (n = 33,247).
51
gi Ablation study performances are reported in Appendix A. Table A.5
54 presents the results of the ablation study assessing the impact of different
55 loss functions. All models are trained using the best model as described in
g s Section 2.5. Asymmetric loss variants generally outperformed binary cross
58
59 19
60
61
62
63
64
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Figure 2: The left panel shows the PT label distribution for all articles in our full dataset.
The right panel shows the individual label performances (F1 score) of the best-performing

model (SPECTER2-base with WeighCon) on the PubMed test set (n = 33,247).
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entropy variants in terms of F1, while performing worse across all expected
calibration error (ECE) metrics. Label smoothing, as expected, lowered
ECE, indicating better calibrated models.

The results of the ablation study measuring the impact of different base
encoders are shown in Table A.6. In these experiments, all models are
trained using the best experimental settings described in Section 2.5. We
note PubMedBERT, here, was trained without early stopping as it was
found to stop very early before it had its best performance. Generally, the
citation-informed models outperformed PubMedBERT. There was no signifi-
cant difference between the performances of the other models (BioLinkBERT,
SPECTER, and SPECTER2 variants). SPECTER2-Base performed best
overall (micro-F1: 0.679; macro-F1: 0.689).

We also performed experiments to examine the effects of using additional
topical MeSH terms as labels (HUMAN, ANIMAL, VETERINARY ), label split-
ting (COHORT-SPLIT and GENERALIZED RCT), as well as a combination of all
of these approaches. The results of these experiments are shown in Table A.7.
Here, the baseline is the SPECTER2-Base model without any added label
splits. Overall, there was little difference between the performances of mod-
els trained on these variations; however, adding the “Animals” MeSH term
during training had slightly better overall performance. Somewhat surpris-
ingly, combining all approaches resulted in the worst macro-F1 performance,
perhaps due to diluting the loss as a smaller proportion of the loss directly
steers the model to improve label classification.

The results of our CL experiments are shown in Table A.8. These exper-
iments used the SPECTER2-Base base encoder. Overall, SPECTER2-Base
model trained with WeighCon contrastive loss performed best, although it
was not significantly better than the other approaches, including training
without CL. Performance of the unsupervised approaches (SimCSE, AD-
NCE) and supervised approaches (HeroCon, WeighCon) were all roughly
similar. All CL generally improved recall at the cost of precision, although
this was magnified with unsupervised loss. Incorporating a noise-aware mod-
ulation term as well as in-batch label correction for supervised CL did not
significantly improve performance. Performance was slightly improved when
using these for HeroCon, while slightly worse for WeighCon, perhaps due to
the static vs. learned weighting scheme. Combining unsupervised and su-
pervised approaches did not additively improve the model over using these
approaches independently.
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1
2
3
4
5
6
;
8
9 3.8. PT Classification Models with Full-Text Features
ig We compared a model trained using PubMed-only features with a model
12 trained using features derived from the full-text in addition to PubMed fea-
13 tures. The results of this comparison are shown in Table 4. The best model
ié using full-text features included EXTRACTIVE (MULTIPLE), label sentences,
16 first sentence, NCT identifier information, ethics, number features (rough
17 word count of article, # of tables, and # of figures), and primary sec-
18 tion heading features. This model outperformed the baseline model using
;(9) PubMed-only features (title, abstract, and metadata) across both micro-
21 and macro-F1 metrics (p < 0.0001). Note that overall performances of both
22 models are lower than those shown in Table 3, because these experiments
;2 used a smaller dataset with full-text articles only (17,111 training instances
o5 and and 4,852 test instances). Because of this smaller dataset, there were
26 also cases where certain PTs had relatively few (or in some cases 0) instances
27 within the validation or test set. Thus, we believe that micro-F1 should be
;g given stronger consideration than macro-F1 when comparing full-text models
30 in this work.
3T Precision 1 Recall 1 Fi1 AUC 7t
Epptures Micro Macro Micro Macro Micro Macro Micro Macro
S Medont 0.505 0.485 0.791 0.684 0.616 0.556 0.972 0.938
ByypMed-only 0.497-0.513] | [0.468-0.504] | [0.783-0.799] | [0.658-0.707] | [0.610-0.623] | [0.539-0.574] | [0.971-0.974] | [0.925-0.947]
3D rulltoxt 0.516 0.489 0.812 0.702 0.631 0.566 0.975 0.943
Begt full-text | 1 £09-0.524] | [0.471-0.509] | [0.805-0.820] | [0.676-0.724] | [0.625-0.638] | [0.548-0.584] | [0.974-0.977] | [0.931-0.952]

37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65

Table 4: Performance comparison of models trained with PubMed-only features and with
the inclusion of best full-text-based features.

We performed ablation studies to better isolate the impact of each fea-
ture. The results of these experiments on the full-text test set are provided
in Table B.9. Removing the label sentences (sentences that contain one of
the PT mentions) and TextRank had the greatest impact on performance
(i.e., micro- and macro-F1). Somewhat surprisingly, the best combination of
features determined with the validation set (micro-F1 in validation: 0.639;
test: 0.631) did not perform best on the test set (removing first sentence -
micro-F1 validation: 0.635; test: 0.632), which may indicate a need to eval-
uate on larger sets of full-text articles, which may result in more stable and
generalizable feature selection. These results are also influenced by the 512
token limit inherent in BERT-based models as this combination of features
generally exceeds this, requiring truncation.
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3.4. Impact of Summarization of Full-Text Content

The results for summarization-specific experiments are detailed in Ta-
ble B.10, where the PubMed-only features serve as the baseline approach.
The integration of TextRank (B 4+ TEXTRANK) slightly improves the per-
formance in terms of micro-F1 (0.619 vs. 0.616) and Micro-AUC (0.973
vs. 0.972) over the baseline. Incorporating summaries across all methods
consistently enhances micro-F1 compared to the baseline, with the abstrac-
tive method B + PRIMERA yielding the highest improvement, increasing
the micro-F1 score from 0.616 to 0.632. Additionally, it achieves the highest
Micro- and Macro-AUC scores (0.974 and 0.941, respectively), outperforming
the baseline (0.972 and 0.938, respectively). This indicates better discrimi-
nation and an improved ability to differentiate between classes.

However, the impact on macro-F1 is less consistent. Most summarization
methods do not improve macro-F1 compared to the baseline, except for B +
EXTRACTIVE (SINGLE), which shows a marginal increase from 0.556 to 0.558.
This suggests that summaries enhance performance mostly on the frequent
labels. Given the highly imbalanced nature of our dataset, the improvements
in micro-F1 may be attributed to overfitting on the majority classes, lead-
ing to slight degradations in macro-F1 for some methods, including B +
TEXTRANK, B 4+ LLM, and B + PRIMERA.

4. Discussion

In this study, we aimed to improve PT classification performance by im-
proving article representations, including full-text features, creating more ho-
mogeneous labels and accounting for label noise through advanced optimiza-
tion techniques. Our best model improved on models reported in previous
work [33], increasing macro-F1 from 0.663 to 0.690 and micro-F1 from 0.664
to 0.679 when evaluated on 61 labels across 33,247 articles. Furthermore,
by adding full-text information, we were able to improve model performance
on the full-text subset (n = 4,852) of the test set [micro-F1: 0.616 to 0.631;
macro-F1 = 0.556 to 0.566]. While performance using the larger PubMed
dataset is reasonably high for PTs such as Systematic Review (0.90 F1) and
Genome-wide Association Study (0.87), it is lower for some important PTs
(e.g., Random Allocation (0.55) and Cohort Studies (0.56)), indicating that
PT classification remains a challenging task.
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4.1. PT Classification Models with PubMed-only features

In prior work, we only used PubMed features (title, abstract, and meta-
data) as input [33]. Some of our experiments in this study used the same fea-
ture set so that we could assess whether enriched article representations, more
fine-grained labels, and optimized training could enhance model performance.
Our results suggest that a base encoder optimized for citation-aware biomed-
ical document representation without any pre-fine-tuning (SPECTER2-base)
provides enriched representations beneficial for PT classification. Addition-
ally, our hypothesis that citation links between articles could provide ad-
ditional signal for PT classification did seem to hold true with citation-
aware models (BioLinkBERT, SPECTER, and SPECTER2 variants) gen-
erally outperforming PubMedBERT. The largest improvements appear to be
in non-research related PTs, e.g., legal cases (PubMedBERT F1: 0.79 vs.
SPECTER2-base F1: 0.97), however, there are some other research oriented
PTs that improve as well (PubMedBERT to SPECTER2-base: predictive
value of tests (+10.9 F1) and veterinary RCTs (48.0 F1)). Our “core” met-
ric, which is a macro-average of clinically important PTs, improved slightly as
well (core-F1: PubMedBERT (0.668) vs. SPECTER2-base (0.697)). Future
work could explore other auxiliary adaptive pre-training tasks that might
benefit PT classification.

Noting the heterogeneity of some PTs (e.g., Cohort Studies, Clinical
Study), we also tried to improve the quality of article representations in
fine-tuning by splitting labels into more homogeneous classes as well as in-
troducing topical labels for study populations. This was done to explicitly
teach the model relationships between labels as well as correlations between
populations and study design. However, benefits from this additional knowl-
edge were negligible, which suggests that the model might be already learning
to attend to information about study populations and leveraging label cor-
relations in making the predictions.

We observed some benefits from optimizing training through the use of
asymmetric loss, label smoothing, and CL. We explored asymmetric loss and
label smoothing for regularization and mitigating the effect of noisy data
on model performance. The preliminary results showed improvements with
these optimizations (micro-F1: BCE (0.673) vs. ASL (0.679)). As another
added benefit, label smoothing has been shown to calibrate predictions dur-
ing training [43]. Our results showed similar results with label smoothing
comparisons having lower ECE metrics than non-label smoothing experi-
ments. ASL variants had much larger ECE, indicating worse calibration.
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Based on the probability distribution shown in Appendix A.4, this is most
likely related to the probability shifting in ASL. Future work may aim to
address this in order to improve calibration of models using ASL.

Training with contrastive loss provided negligible benefits. Models trained
with WeighCon had slightly higher performance overall, but these differ-
ences were not significant. This may suggest that the contrastive learning
performed during pre-training within SPECTER2-base already achieves a
somewhat optimal state for this task. Additionally, unlike in previous work
focusing on computer vision [39], we did not see improvements by combin-
ing unsupervised and supervised CL approaches. Noise-aware weighting and
in-batch label correction did not have a major impact as well. Given that
CL adds significant training overhead and its benefits seem relatively limited
for multi-label PT classification with this base encoder, models trained in
the future may focus on other approaches to improve PT tagging, such as
improving data quality.

4.2. PT Classification Models with Full-Text Features

Overall, we were able to improve model performance by adding full-text
information. The difference in model performance with full-text features
was statistically significant, and aligned with our general assumption that
detailed information related to study design may not always be present in
an article’s abstract. The most impactful features during ablation studies
included label sentences and TextRank. Most features were extracted us-
ing simple regular expressions, and further refinements to these expressions
could show benefits. For example, a more systematic approach to iden-
tify study design information (e.g., information extraction of methodological
characteristics [62] rather than simply using sentences with PT label men-
tions) could lead to further improvements. At the class-level, performance
improved on certain PTs, perhaps highlighting that information may only be
present in the full-text. For example, longitudinal studies (0.687 — 0.737),
double-blind method (0.645 — 0.691), multicenter study (0.564 — 0.601),
and human RCTs (0.629 — 0.671) all improved when using the best full-text
features.

The improvements from incorporating summaries in full-text experiments
over the baseline using PubMed-only features demonstrate the effectiveness of
extractive, abstractive, and LLM-based approaches. Among them, the com-
bination of EXTRACTIVE (MULTIPLE) with other full-text features achieved
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the best overall performance (Table B.9). This result aligns with expecta-
tions, as study designs in biomedical research (e.g., Randomized Controlled
Trial, Cross-Sectional Study) are often explicitly mentioned in the Methods
section. Extractive methods are particularly effective at identifying and di-
rectly retrieving these key phrases or sentences, which explains their strong
performance. In contrast, when augmenting the PubMed-only features with
individual summaries, B + PRIMERA achieved the best performance (Table
B.10). This could be attributed to context length restrictions in our model.
Our data analysis reveals that, in some cases, the generated summaries ex-
ceed 512 tokens, with an average length of 251 tokens for B + PRIMERA
and 263 tokens for B 4+ LLM, leading to truncation when appended to the
PubMed-only features. This is even more problematic when using these sum-
maries in conjunction with other full-text features as summaries were added
as the last feature in the input (i.e., they are the first to be truncated).
Extractive models re-rank retrieved sentences, placing the most relevant sen-
tences first. This reduces the likelihood of losing key study design features,
especially compared to abstractive summaries, which may not place the most
useful information first. Future work may explore the effect of feature order-
ing on performance.

Additionally, our abstractive summarization approach relied on off-the-
shelf models without task-specific adaptation. Fine-tuning an abstractive
model on a dataset explicitly annotated with study design information could
potentially enhance performance by reducing hallucinations and paraphras-
ing inaccuracies. However, to our knowledge, no sufficiently large dataset of
this kind currently exists. Still, we believe that summarization method could
be particularly helpful in three key scenarios: (1) when study design details
are not explicitly stated but can be inferred from broader contextual clues;
(2) when PubMed articles lack abstracts but have full-text; and (3) when
the context size exceeds token limitations, summarization methods may help
distill relevant details more effectively.

Despite the improved performance with full-text features, it is important
to note that full-text content is often not machine-accessible. Our experi-
ments focused on a relatively small subset of articles with full-text content
available on PMC Open Access Subset for XML download. Some articles
available in PDF format could be processed with PDF-to-text conversion
tools, such as Grobid, and the models could be applied to the extracted
text. However, a general solution to classify PTs for all biomedical articles
using their full-text remains an open research area. We also note that NLM
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indexers typically have access to full-text during manual curation.

4.3. Dataset Issues

One concern with our models is the use of curated P'T terms in PubMed as
the ground truth. On one hand, these labels are manually assigned by NLM
indexing experts and they are arguably hard to improve upon. Also given
its scale, this dataset is an attractive resource for training broad-coverage
PT classification models. On the other hand, previous work highlights the
potential noisiness of the PT terms in PubMed [63, 29]. This noise could be
caused by the nature of the task (multi-label with many labels), inconsisten-
cies between experts, ambiguity in label descriptions, and semantic drift of
the labels over time. Our preliminary analysis of the model outputs also high-
lights some potentially correct predictions that do not match the PT terms
in PubMed. While some datasets have been manually annotated specifically
to train NLP models for PT classification [31], these are limited in size and
focus. We tried to partially address this issue purely as an optimization
problem; however, future work should focus on a comprehensive qualitative
evaluation of the model output to understand the extent and patterns of the
noise in the PT terms and devise (semi-)automatic methods to improve label
quality.

4.4. Error Analysis and Model Interpretation

We examined the most frequently misclassified PT pairs within some
of our models. The most common misclassifications included false positive
predictions of Historical Article when the true label is Biography (n = 586),
Clinical Trials as Topic when it is Clinical Studies as Topic (n = 2,777),
and Clinical Trial when it is a Clinical Study (n = 4,010). These PT pairs
make sense intuitively as they are all hierarchically related within MeSH
and are often predicted together. Unlike NLM, which assigns only the most
specific tag and relies on back-end processing to retrieve broader results, our
approach explicitly assigns all applicable tags to each paper, in efforts to
be more consistent and comprehensive. Surprisingly, this false positive co-
occurrence only occurred a single time with Human RCTs and Veterinary
RCTs, indicating that these two PTs were not commonly confused. This was
also the case within our model architecture from prior work, so this was not
due to any additional MeSH term injection. However, it does highlight the
model’s ability to differentiate between research studying different species.
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Future work may further explore our model’s ability to differentiate between
human, pre-clinical animal, and veterinary studies.

To better understand how the model makes predictions, we generated
visual representations from example instances, highlighting keywords that
influenced the classification outcomes. Figure 3 shows the gradient-based
saliency mappings of two instances. Words in green have a positive associ-
ation with predicting “True”, while red words have a negative association.
As an example of what we would expect, the top panel in Figure 3 shows a
correctly predicted instance of Double-Blind Method. Below, we show a false
positive instance of Human RCTs. We can see that the article is actually an
RCT protocol. This most likely occurred due to inconsistencies within NLM
indexing. RCT protocols were previously tagged as Human RCTs instead
of as Clinical Trial Protocols. NLM indexing is not consistent since their
tagging before 2019 and after 2019 changed [64]. Over time, new PTs have
been added or their definitions changed. It is likely that our model is more
consistent and accurate compared to NLM indexing, although the perfor-
mance might still be improved by removing RCT protocol articles from the
RCT training set where possible in future work.

4.5. Limitations

There are several limitations related to this study. The major challenge
relates to the noise in the dataset, as discussed above. Despite acknowledging
the issue and trying to mitigate it using optimization techniques, we still need
to use a somewhat noisy test set for our evaluation. Therefore, there are cases
where the model prediction is correct and is evaluated as incorrect (and vice
versa). Future work needs to better understand the extent and patterns of
noise in the PubMed PTs and try to establish a true gold standard, at least
for evaluation. Second, while our list of publication types and study designs
is extensive, it is not exhaustive. Our current model does not classify some
PTs initially deemed to have relatively little utility within the biomedical
community (e.g., Directory, Journal Article). At the same time, PubMed
PTs are also not exhaustive (e.g., Case Series is not a PubMed PT). In
future work, we aim to expand our classification scheme to include all PTs
indexed in PubMed as well as new PTs that would serve unmet needs of the
diverse biomedical research community.

Our base models are based on encoder-only architectures. In this work,
we have not fully explored autoregressive LLMs, which have shown impres-
sive performance on some NLP tasks in recent years, except using one for
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Figure 3: Gradient-based saliency maps for two instances within the test set. Green indi-
cates a positive association with the model predicting a specific label, while red indicates
a negative association with a particular label. The first article is PMID: 34952292 and the
second is PMID:11392607.

this article was published in pediatric logy in two thousand and twenty - two . this article ' s keywords are clinical rating scale ,

interrater reliability , rare disease and scale validation . this article cited fifteen references . this article was written by seven authors from

five different affiliations . this article 's title is i ly high between ind:

g P

raters of ni - pick type cl clinical
severity scale in phase 2 / 3 trial . background niemann - pick disease , type c1 ( npcl ) is a rare neurodegenerative genetic disorder
ha ized by i

paired intracellul sport of cholesterol and other lipids . the niemann - pick disease , type c1 severity scale ( npc

- ss ) was developed to quantify neurological progression of npc ; it is used to monitor the natural history of disease progression and
assess response to treatment . the objective of the study was to examine the interrater reliability of the npc - ss in a phase 2 /3 trial .
ive , randomized , double - blind trial of adrabetadex in 56 subjects with npcl .

methods study data were from a

» Prosp
clinical data recorded at each study site were distributed to two independent blinded central raters to generate a severity score . a
composite four - item score was utilized as the primary clinical study end point , whereas a five - item focused score has been utilized in
other npcl trials . interrater reliability was assessed using two - way mixed models for instrument stability , cohen kappa , weighted
kappa , and percent agreement for the four - and five - item scores . results the frequency distribution and mean (s . d .) of the npc - ss
domain assessments by the raters were almost identical . evaluation at the patient visit level showed wide variability between visits ;
however , weighted kappa calculation provided a lower variability between visits . the average kappa coefficients ranged between 0 . 69
and 0 . 89 , indicating good to very good agreement between raters . conclusions these results support the npc - ss , including derived

four - and five - item composite scores , as reliable measures for use in a clinical trial setting .

this article was published in inflammation research : official journal of the european histamine research society . . [ etal . ] in two

thousand and one . this article was written by twenty - one authors from one affiliation . this article used three chemicals : placebos ,

recombinant proteins and granulocyte colony - sti factor . the title uses the abbreviations asa . this article 's title is granulocyte -
colony stimulating factor in the prevention of postoperative infectious complications and sub - optimal recovery from operation in
patients with colorectal cancer and increased preoperative risk (asa 3 and 4 ) . protocol for a controlled clinical trial developed by
consensus of an international study group . part two : design of the study . general design presentation of a new type of a study protocol
for evaluation of the effectiveness of an immune modifier ( rhg - csf , filgrastim ) : prevention of postoperative infectious complications
and of sub - optimal recovery from operation in patients with colorectal cancer and increased preoperative risk (asa 3 and 4 ) . this part
describes the design of the randomised , placebo controlled , double - blinded , single - centre study performed at an university hospital (

Tnd

n = 40 patients for each group ) . objective the trial design i the following el for a prototype protocol : * the study

population is restricted to patients with colorectal cancer , including a left sided resection and an increased perioperative risk ( asa 3 and
4) . * patients are allocated by random to the control or treatment group . * the double blinding strategy of the trial is assessed by
psychometric indices . * an endpoint construct with quality of life ( eortc glq - ¢30 ) and a recovery index ( modified mc peek index ) are
used as primary endpoints . qualitative analysis of clinical relevance of the endpoints is performed by both patients and doctors . *
statistical analysis uses an area under the curve ( auc ) model for improvement of quality of life on leaving hospital and two and six
months after operation . a confirmatory statistical model with quality of life as the first primary endpoint in the hierarchic test procedure
is used . expectations of patients and surgeons and the negative affect are analysed by social psychological scales . conclusion this study

design differs from other trials on preoperative prophylaxis and postoperative recovery , and has been developed to try a new concept

and avoid previous failures .
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abstractive summarization in full-text experiments. Our initial explorations
with zero-shot and few-shot learning using such models yielded poor results;
however, we aim to explore this direction to provide a more comprehensive
comparison with encoder-only models.

5. Conclusions

In this study, we trained and validated Transformer-based models for PT
classification on a dataset of biomedical articles labeled with 61 PTs using
a combination of PubMed queries and indexing terms. Specifically, we com-
pared different base encoders for article representation, investigated whether
more fine-grained labels created through label splitting and injecting relevant
MeSH terms could enhance performance, and experimented with regulariza-
tion and optimization techniques for enhanced training, reducing overfitting,
and mitigating label noise to some extent. Additionally, we investigated the
use of full-text features within PT classification. Our model performance
improves upon that reported in previous work [33]; in particular, our results
demonstrate the value of incorporating enriched article representations and
full-text information into automated PT classification models. This model,
while imperfect, could help to ensure consistent PT indexing within reposi-
tories like PubMed and beyond when deployed (e.g., Semantic Scholar, etc.).
Future work will analyze model output more extensively through manual
analysis, continue to expand to include PT's not currently considered, as well
as deploy these models into existing systems (e.g., Anne O'Tate [65]) to in-
crease accessibility to both academia and research repositories. We will also
explore autoregressive LLMs with larger context sizes in more depth for PT
classification.

Data Availability

All article data is publicly available from PubMed or PubMed Central
through the open archives initiative. Label data (including PMIDs) as well
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Appendix A. Ablation studies and analyses with PubMed-only
features

Table A.5 shows the results of the ablation study using different loss

functions.
Precision 1 Recall T Fi 1 ECE |
Model Micro Macro Micro Macro Micro Macro L1 L2 Max
BCE 0.672 0.688 0.674 0.667 0.673 0.670 0.003 0.012 0.080
[0.668-0.675] | [0.678-0.695] | [0.671-0.677] | [0.659-0.676] | [0.670-0.675] | [0.662-0.677] | [0.003-0.003] | [0.011-0.012] | [0.071-0.089]
BCE-LS 0.651 0.674 0.683 0.672 0.666 0.663 0.002 0.004 0.033
~ [0.647-0.654] | [0.667-0.680] | [0.680-0.687] | [0.664-0.681] | [0.664-0.669] | [0.656-0.669] | [0.001-0.002] | [0.003-0.004] | [0.024-0.044]
ASL 0.672 0.703 0.685 0.685 0.679 0.689 0.180 0.205 0.366
[0.669-0.676] | [0.696-0.709] | [0.682-0.689] | [0.677-0.692] | [0.676-0.681] | [0.682-0.694] | [0.179-0.180] | [0.205-0.206] | [0.364-0.367]
ASL-LS 0.674 0.703 0.683 0.685 0.679 0.689 0.176 0.201 0.357
(Main model) | [0.671-0.677] | [0.696-0.710] | [0.680-0.687] | [0.678-0.691] | [0.676-0.681] | [0.683-0.695] | [0.175-0.176] | [0.200-0.201] | [0.355-0.359]
Table A.5: Ablation study using different loss functions. ASL refers to asymmetric loss.
BCE refers to binary cross entropy. LS is label smoothing. All LS experiments used
a=0.05, the hyperparameter to control the amount of smoothing.
Table A.6 shows the results of the ablation study using different base
models.
Model Precision 1 Recall 1 Fi 1 AUC 7t
Micro Macro Micro Macro Micro Macro Micro Macro
PubMedBERT 0.645 0.665 0.645 0.636 0.645 0.642 0.968 0.959
[0.642-0.649] | [0.658-0.672] | [0.641-0.648] | [0.629-0.643] | [0.642-0.648] | [0.636-0.648] | [0.968-0.969] | [0.958-0.961]
- 0.664 0.687 0.690 0.696 0.677 0.686 0.974 0.967
BioLinkBERT X
[0.660-0.667] | [0.680-0.694] | [0.687-0.694] | [0.689-0.703] | [0.674-0.679] | [0.680-0.692] | [0.974-0.975] | [0.966-0.968]
SPECTER 0.671 0.706 0.682 0.677 0.677 0.686 0.974 0.967
[0.668-0.675] | [0.699-0.713] | [0.679-0.685] | [0.669-0.684] | [0.674-0.679] | [0.679-0.693] | [0.973-0.974] | [0.966-0.967]
SPECTER2-Base 0.674 0.703 0.683 0.685 0.679 0.689 0.974 0.968
(main model) [0.671-0.677] | [0.696-0.710] | [0.680-0.687] | [0.677-0.692] | [0.676-0.681] | [0.682-0.695] | [0.974-0.975] | [0.967-0.969]
SPECTER2-CIf 0.676 0.707 0.681 0.677 0.679 0.686 0.974 0.968
[0.673-0.679] | [0.700-0.713] | [0.678-0.684] | [0.669-0.685] | [0.676-0.681] | [0.679-0.692] | [0.974-0.975] | [0.967-0.969)

Table A.6: Ablation study using different base models. SPECTER2-Base refers to the
model without multi-task learning adapters, whereas SPECTER2-CIf refers to the model
using classification-specific adapters. SPECTER2-Base is marked (main model) to indicate
it was used in the best performing model.

Table A.7 shows the performance comparison of models trained using
supplemented label sets.
Table A.8 shows the performance comparison of models trained using
contrastive loss.

40



https://doi.org/10.1101/2025.04.23.25326300
http://creativecommons.org/licenses/by-nc-nd/4.0/

O J o U bW

AN UUTUITUTUTUTUTOTOUTE BB DD B DDA DNWWWWWWWWWWNNNNNNONNNONNNNR R RRR PR PR
O™ WNFROWOJdNTD WNRPOW®O-JIANUDWNROW®OWJNTIBRWNRFROWO®W-TJNUB®WNROWO®W-10U D WN R O WO

medRxiv preprint doi: https://doi.org/10.1101/2025.04.23.25326300; this version posted April 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Model Precision 1 Recall 1 Fi1 AUC 1t
Micro Macro Micro Macro Micro Macro Micro Macro
No Splits 0.672 0.696 0.683 0.687 0.677 0.687 0.974 0.967
P [0.669-0.675] | [0.689-0.702] | [0.680-0.686] | [0.680-0.694] | [0.674-0.680] | [0.681-0.693] | [0.973-0.974] | [0.966-0.968]
0.664 0.699 0.692 0.688 0.678 0.688 0.974 0.967
+ COHORT-SPLIT
[0.661-0.667] | [0.693-0.706] | [0.689-0.695] | [0.681-0.695] | [0.675-0.681] | [0.682-0.694] | [0.974-0.975] | [0.967-0.968]
| GENERALIZED RCT 0.674 0.701 0.682 0.685 0.678 0.687 0.974 0.967
[0.671-0.678] | [0.694-0.708] | [0.679-0.686] | [0.677-0.692] | [0.675-0.681] | [0.681-0.694] | [0.974-0.974] | [0.967-0.968]
. HUMAN 0.667 0.696 0.687 0.689 0.677 0.686 0.974 0.968
[0.664-0.670] | [0.689-0.703] | [0.684-0.691] | [0.682-0.696] | [0.674-0.680] | [0.680-0.692] | [0.974-0.975] | [0.967-0.968]
+ ANIMAL 0.674 0.703 0.683 0.685 0.679 0.689 0.974 0.968
(main model) [0.671-0.677] | [0.696-0.710] | [0.680-0.687] | [0.677-0.692] | [0.676-0.681] | [0.682-0.695] | [0.974-0.975] | [0.967-0.969]
0.669 0.702 0.687 0.685 0.678 0.688 0.974 0.968
+ VETERINARY
(0.665-0.672] | [0.695-0.709] | [0.683-0.690] | [0.678-0.693] | [0.675-0.680] | [0.681-0.694] | [0.974-0.975] | [0.967-0.969]
4 COMBINED 0.674 0.717 0.680 0.656 0.677 0.672 0.974 0.967
’ [0.671-0.678] | [0.705-0.727) | [0.676-0.683] | [0.649-0.664] | [0.674-0.680] | [0.665-0.679] | [0.974-0.974] | [0.967-0.968]
Table A.7: Performance comparison of models trained using supplemented label sets: label
splitting (COHORT-SPLIT and GENERALIZED RCT), non-PT MeSH terms (HUMAN, ANIMAL,
and VETERINARY), or a combination of all of these. The baseline is the SPECTER2-base
model with the standard label set (61 PT labels). The ANIMAL experiment is marked to
indicate it is used in the best performing model.
Model Precision 1 Recall 1 Fi 1 AUC 1
ode Micro Macro Micro Macro Micro Macro Micro Macro
SPECTER2 Baze (Base) 0.674 0.703 0.683 0.685 0.679 0.689 0.974 0.968
i [0.671-0.677] | [0.696-0.710] | [0.680-0.687] | [0.677-0.692] | [0.676-0.681] | [0.682-0.695] | [0.974-0.975] | [0.967-0.969]
Base 4 SImCSE 0.653 0.704 0.699 0.687 0.675 0.687 0.975 0.968
[0.650-0.656] | [0.697-0.711] | [0.695-0.702] | [0.678-0.695] | [0.672-0.678] | [0.680-0.694] | [0.974-0.975] | [0.967-0.969]
Base + ADNCE 0.656 0.707 0.695 0.683 0.675 0.686 0.975 0.968
ase [0.653-0.660] | [0.699-0.713] | [0.691-0.698] | [0.674-0.691] | [0.672-0.678] | [0.679-0.693] | [0.974-0.975] | [0.967-0.969]
Base 4 HeroC 0.669 0.698 0.688 0.691 0.678 0.688 0.975 0.968
ase - Heroton [0.666-0.673] | [0.691-0.705] | [0.684-0.691] | [0.682-0.698] | [0.675-0.681] | [0.681-0.694] | [0.974-0.975] | [0.967-0.969]
Base 1 HeroCon + Noise-Aware 0.669 0.699 0.689 0.691 0.679 0.689 0.975 0.968
v [0.666-0.673] | [0.693-0.706] | [0.686-0.693] | [0.683-0.699] | [0.676-0.682] | [0.683-0.695] | [0.974-0.975] | [0.967-0.969]
Base + WeighCon 0.670 0.700 0.688 0.692 0.679 0.690 0.975 0.968
(main model) [0.666-0.673] | [0.693-0.707] | [0.685-0.692] | [0.684-0.700] | [0.676-0.682] | [0.683-0.696] | [0.974-0.975] | [0.967-0.969]
Base 4 WeighCon + Noise-Awar 0.669 0.699 0.689 0.691 0.679 0.689 0.975 0.968
ase clehto olses ® | [0.666-0.673] | [0.693-0.706] | [0.686-0.693] | [0.683-0.699] | [0.676-0.682] | [0.683-0.695] | [0.974-0.975] | [0.967-0.969]
Base 4+ SimCSE 4+ WeighC 0.654 0.705 0.697 0.684 0.675 0.686 0.975 0.968
ase s clenton [0.651-0.657] | [0.697-0.712] | [0.693-0.700] | [0.675-0.693] | [0.672-0.677] | [0.678-0.693] | [0.974-0.975] | [0.967-0.969]

Table A.8: Performance comparison of models trained using SPECTER2-Base and various
CL approaches, including a noise-aware component, which utilized a modulation term and
in-batch label correction for contrastive loss. The WeighCon experiment is marked (main
model) to indicate it was used in the best performing model.

A figure plotting the probability distribution of model predictions for each
loss function is shown in Figure A.4. In a well calibrated model, 90% of in-
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stances predicted with 0.9 would be positively labeled; 10% of instances with
0.1 would be positively labeled. With ASL, it appears the probability shift-
ing results in a model that is more poorly calibrated than BCE. Despite this,
the overall performance, including AUC (micro-AUC [95% CI]: BCE=0.973
[0.973-0.974], ASL=0.974 [0.974-0.975]) is better when using ASL. To en-
sure a high recall /sensitivity while limiting false positives, optimal thresholds
should be determined empirically rather than simply using low probability
cut-offs (0.01) as is more common in well calibrated models.

Figure A.4: The distribution of probabilistic predictions for articles in the test set for mod-
els in the loss function ablation study, which evaluates binary cross entropy, binary cross
entropy with label smoothing, asymmetric loss, and asymmetric loss with label smoothing.

Effect of Loss Function on Prediction Distribution

I BCE
3 BCE-LS
106 1 B ASL
B ASL-LS

Frequency

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Probabilistic Prediction

Appendix B. Ablation studies and analyses with full-text features

Figure B.5 shows the PT label distribution for the full-text dataset and
the performances of the base model and the best-performing full-text model
on the full-text test set.

Table B.9 shows the results of the ablation study of different combinations
of full-text features.
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Model Precision 1 Recall 1 Fi1 AUC 1t
Micro Macro Micro Macro Micro Macro Micro Macro
Best Combination 0.516 0.489 0.812 0.702 0.631 0.566 0.975 0.943
[0.509-0.524] | [0.471-0.509] | [0.805-0.820] | [0.676-0.724] | [0.625-0.638] | [0.548-0.584] | [0.974-0.977] | [0.931-0.952]
~ First sentence 0.518 0.495 0.810 0.699 0.632 0.567 0.975 0.942
[0.510-0.526] | [0.477-0.514] | [0.803-0.818] | [0.672-0.721] | [0.625-0.639] | [0.549-0.585] | [0.974-0.976] | [0.929-0.951]
0.512 0.483 0.807 0.696 0.626 0.559 0.975 0.942
- Label sentences
[0.504-0.519] | [0.464-0.502] | [0.799-0.814] | [0.672-0.718] | [0.619-0.633] | [0.541-0.577] | [0.974-0.976] | [0.929-0.951]
- Bthics 0.518 0.489 0.811 0.698 0.632 0.564 0.975 0.942
[0.510-0.525] | [0.471-0.509] | [0.803-0.818] | [0.674-0.721] | [0.624-0.638] | [0.546-0.582] | [0.974-0.977] | [0.930-0.952]
- NCT identifiers 0.518 0.487 0.812 0.694 0.632 0.561 0.975 0.942
[0.510-0.526] | [0.469-0.505] | [0.805-0.820] | [0.669-0.718] | [0.625-0.639] | [0.544-0.579] | [0.974-0.977] | [0.931-0.951]
- Number features 0.515 0.485 0.812 0.695 0.630 0.560 0.976 0.943
[0.508-0.523] | [0.466-0.504] | [0.804-0.820] | [0.669-0.720] | [0.624-0.638] | [0.543-0.579] | [0.974-0.977] | [0.931-0.953]
- Section headings 0.516 0.485 0.812 0.696 0.631 0.561 0.975 0.943
[0.508-0.523] | [0.466-0.504] | [0.804-0.819] | [0.670-0.719] | [0.623-0.637] | [0.543-0.578] | [0.974-0.977] | [0.931-0.951]
- TextRank 0.514 0.486 0.811 0.703 0.623 0.564 0.975 0.943
[0.506-0.522] | [0.468-0.506] | [0.803-0.818] | [0.677-0.725] | [0.621-0.636] | [0.546-0.583] | [0.974-0.977] | [0.930-0.953]
- EXTRACTIVE 0.515 0.486 0.812 0.698 0.630 0.563 0.975 0.943
(MULTIPLE) [0.508-0.522] | [0.468-0.506] | [0.804-0.820] | [0.673-0.723] | [0.624-0.637] | [0.545-0.581] | [0.974-0.977] | [0.930-0.952]

Table B.9: An ablation study of different combinations of full-text features. Models are
trained on the full-text training set (n = 17,111) and evaluated on the full-text test set
(n = 4,852) are reported. The best combination model uses EXTRACTIVE (MULTIPLE)
summaries, label sentences, first sentence, NCT identifier information, ethics, number
features (rough word count of article, # of tables, and # of figures), and primary section

heading features.

W

indicates a feature was removed.

Table B.10 shows the performance comparison of models using full-text
features and summarization techniques.
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[0.463-0.506)

0.796
[0.788-0.804]

0.680
[0.656-0.702]

0.622
[0.615-0.628)

0.555
[0.534-0.575)

0.973
[0.972-0.975)

0.938
[0.926-0.948)

3B + EXTRACTIVE
4(MULTIPLE+DEFINITION)

0.507
[0.500-0.515]

0.484
[0.465-0.505)

0.797
[0.789-0.805)

0.687
[0.662-0.709)

0.620
[0.613-0.627)

0.556
[0.536-0.575)

0.973
[0.972-0.975)

0.939
0.927-0.948)

5B + Lim
6

0.515
[0.507-0.521]

0.483
[0.462-0.505]

0.802
[0.795-0.809]

0.681
[0.655-0.705]

0.627
[0.620-0.633]

0.554
[0.534-0.574]

0.974
[0.972-0.975]

0.938
[0.925-0.948]

W (0 W (W W (W W W NN

B 4+ PRIMERA
Q

0.521
[0.513-0.529)

0.485
[0.465-0.506)

0.802
[0.794-0.810)

0.680
[0.654-0.703)

0.632
[0.624-0.639)

0.554
[0.534-0.574]

0.974
[0.973-0.976)

0.941
[0.928-0.950)

JO

39
40
41

40 marization techniques on the full-text test articles (n = 4,852).
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Table B.10: Performance comparison of models using full-text features and various sum-
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Figure B.5: The left panel shows the PT label distribution for articles in our full-text
dataset. The right panel shows the individual label performances (F1 score) of the base
model (blue) and the best-performing full-text model (orange) on the full-text test set (n =
4,852). The base model uses no full-text features, just features derived from PubMed (e.g.,
title, abstract, etc.). The best model uses the following full-text features: EXTRACTIVE
(MULTIPLE), label sentences, first sentence, NCT identifier information, ethics, number
features (rough word count of article, # of tables, and # of figures), and primary section
heading features.
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