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ARTICLE INFO ABSTRACT
Keywords: Background: Identifying clinical research articles can facilitate evidence synthesis and research evaluation;
Clinical research however, journal categories and keyword-based approaches may not accurately capture studies at the article
Medical literature level.
Text classification Objective: To develop and evaluate a text-based classifier for distinguishing clinical from non-clinical research
BioBERT :

articles.

Abstract reformulation

Explainable AT Study design: We conducted a bibliographic classification study using Web of Science records published in 2023

by authors affiliated with Chinese hospitals, with temporal evaluation based on records published in 2024 from
the same source.

Methods: We assembled 135,932 records published in 2023 and developed a model using a fixed subset of
20,000 records. Bidirectional Encoder Representations from Transformers (BERT), Bidirectional Encoder
Representations from Transformers for Biomedical Text Mining (BioBERT), PubMedBERT, and Biomedical
Language Model (BioMedLM) were evaluated using titles and keywords alone, with original abstracts, or with
DeepSeek-V3-reformulated abstracts for training and validation as well as original abstracts for testing.
Results: Adding original abstracts improved the mean performance of BERT, BioBERT, and PubMedBERT.
BioBERT-D3 demonstrated the highest observed accuracy (0.926), precision (0.926), F1 score (0.919), and AUC
(0.972). PubMedBERT-D3 achieved the highest recall (0.922). On the 2024 temporal set, BioBERT-D3 achieved
an accuracy of 0.980, a precision of 0.981, a recall of 0.970, an F1 score of 0.976, and an AUC of 0.992.
Conclusions: The framework may support first-pass literature screening and article-level bibliometric evaluation
of clinical research output. Clinically ambiguous or mixed-content articles may still require human review.
Although the model performed well on records published in 2024 from the same database and institutional
setting, additional validation is required using other databases, datasets from different countries, and in-
dependently annotated reference labels.

Abbreviations: AUC, area under the receiver operating characteristic curve; BERT, Bidirectional Encoder Representations from Transformers; BioBERT,
Bidirectional Encoder Representations from Transformers for Biomedical Text Mining; BioMedLM, Biomedical Language Model; LoRA, low-rank adaptation; MeSH,
Medical Subject Headings; NIH, National Institutes of Health; PLM, pretrained language model; SHAP, SHapley Additive exPlanations; TF-IDF, term fre-
quency-inverse document frequency; WoS, Web of Science; CI, confidence interval; PMID, PubMed identifier; GPU, graphics processing unit; API, application
programming interface; LLM, large language model; SCIE, Science Citation Index Expanded
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1. Introduction

Clinical research plays a pivotal role in translating basic scientific
discoveries into clinical applications, thereby advancing medical prac-
tice and improving public health. Consequently, strengthening clinical
research infrastructure has emerged as a strategic priority in many
countries. In recent years, China has actively promoted the develop-
ment of clinical research capacity within hospitals through initiatives
such as the establishment of clinical research innovation platforms and
dedicated capacity-enhancement programs. These national efforts have
been accompanied by an increasing demand for systematic evaluation
of clinical research performance. Academic publications, as a major
form of research output, are therefore frequently used as important
indicators of such performance. For instance, the Trial Guidelines for
Performance Evaluation of China’s Clinical Medical Research Centers
include publication output as a core evaluation metric.

Identifying which articles contain clinical research remains chal-
lenging. The rapid growth of biomedical research has led to a sub-
stantial increase in the volume of scientific literature. PubMed added
approximately 1.7 million citations over the preceding year, bringing
the database to more than 39 million citations in 2025." This growth
has increased the burden of literature screening and research evalua-
tion. Content-based tools are therefore required to identify clinical re-
search articles at scale.”

Recently, the development of deep pretrained language models
(PLMs) and machine learning techniques has provided new directions
for content-based automated classification.” Fine-tuned PLMs can cap-
ture contextual semantic information beyond simple keyword
matching, potentially improving discrimination between clinical and
non-clinical research articles.

This study aimed to investigate and evaluate classification methods
for medical research articles using domain-specific PLMs. The goal was
to develop an efficient and accurate framework for automatic classifi-
cation of clinical research articles. The main contributions of this study
are as follows:

e We evaluated article-level clinical/non-clinical classification in a
large hospital-affiliated Web of Science (WoS) corpus.

e We evaluated three input conditions (D1—D3) using a common
fixed article partition and conducted a matched D2—D3 comparison
to examine performance transfer from a reformulated training and
validation representation to original source abstracts.

e We characterized model behavior and clinically relevant failure
modes using full-test SHapley Additive exPlanations (SHAP) ana-
lysis and clinically oriented error analysis.

1.1. Related Work

Traditional classification approaches typically rely on journal sub-
ject categories, author affiliations, or predefined database navigation
tags. However, these approaches may lack the granularity required to
distinguish clinical from non-clinical research at the article level. Their
limited ability to capture article-level semantic information may
therefore reduce the accuracy of literature retrieval and research eva-
luation.*

Haynes et al. developed one of the most influential retrieval-or-
iented methods, proposing a set of empirically validated search filters to
identify scientifically sound clinical studies in MEDLINE.” These filters
were developed using manually annotated gold-standard datasets® and
optimized through large-scale evaluation of term combinations for
sensitivity and specificity. The resulting tool, Clinical Queries, has been
integrated into PubMed to support evidence-based literature retrieval.
Montori et al. subsequently extended the method to systematic reviews,
constructing similarly validated filters for high-precision retrieval.”
However, this method functions primarily as a retrieval filter rather
than an article-level classifier and depends substantially on MEDLINE-
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specific indexing, which may limit its portability to other databases.
Moreover, it is designed primarily to retrieve specific categories of
methodologically rigorous clinical studies rather than to distinguish the
broader spectrum of clinical from non-clinical research.

Other studies have characterized biomedical research using citation-
based or translational-research frameworks. For instance, Ke et al.
employed Medical Subject Headings (MeSH) vectorization to represent
research content,” while Weber’s Biomedical Triangle Model provided a
macro-level view of the translational trajectory of research outputs.’
Although these methods have enhanced our understanding of the re-
search translation process, they do not directly enable classification into
clinical or basic research types and remain limited in their ability to
handle cross-species or cross-modal studies.

Lewison et al.'® proposed a method for classifying biomedical arti-
cles based on 121 “clinical” terms and 107 “basic” terms, categorized
by research level. However, this method was developed prior to recent
advances in biomedical natural language processing and does not re-
flect the latest developments in biomedical research. Furthermore, the
classification is based solely on article titles, which frequently contain
limited information. Hutchins et al.'' developed a method to predict
the translation potential of biomedical research and integrated it into
the web-based iCite tool. This tool labels studies as clinical research
based solely on whether their PubMed publication type matches pre-
defined categories (e.g., clinical trials, observational studies, or guide-
lines). Although the tool includes indicators for clinical research, its
definition is limited to clinical trials, observational studies, and clinical
guidelines.'”

In recent years, deep PLMs have enabled more context-sensitive
approaches to medical literature classification.” Preliminary studies,
such as those by Luo et al., have explored the use of Bidirectional En-
coder Representations from Transformers (BERT) and generative large
language models for discipline-level classification, demonstrating pro-
mising potential.'>'* Meanwhile, Chen et al. proposed LitMC-BERT, a
fine-tuned multi-label classification model based on BERT that achieved
strong performance in the COVID-19 curation task by capturing label-
specific features and inter-label correlations.'® However, these efforts
have primarily focused on high-level academic disciplines with limited
investigation of the fundamental classification task of distinguishing
clinical from non-clinical research within the medical domain.

In contrast to rule-based and metadata-based approaches, contextual
language models such as BERT and Bidirectional Encoder Representations
from Transformers for Biomedical Text Mining (BioBERT) can capture
semantic information beyond explicit keyword matches, providing a
methodological basis for article-level classification.

2. Materials and Methods
2.1. Research Workflow

The overall research workflow is shown in Fig. 1 and consists of the
following components:

2.1.1. Data Source and Annotation Strategy

The dataset was sourced from the WoS Core Collection through the
China Hospital Science and Technology Evaluation Project.'® Annota-
tions followed the National Institutes of Health (NIH) definition of
clinical research and used a three-step procedure: database-based pre-
liminary classification, term-based preliminary tagging, and article-
level manual review of all records.

2.1.2. Text Input Strategy Design

Each model was provided with bibliographic information only,
comprising the title, author keywords, and, for D2 and D3, abstract text.
D1 used titles and keywords alone, whereas D2 additionally in-
corporated the original abstract. In D3, reformulated abstracts were
used during training and validation, while the original abstracts were
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Fig. 1. Overall research workflow for the automatic classification of clinical research articles. (A) Corpus construction and manual review. (B) Matched D1-D3 input
conditions. (C) DeepSeek-V3 reformulation for D3 training and validation. (D) Model training on a fixed 14,000/3000/3000 partition using three random seeds. (E)
Benchmarking, performance evaluation, and full-test SHAP interpretation. (F) Temporal generalization evaluation on 2024 WoS records using the same database and

annotation workflow, with titles, keywords, and original abstracts as inputs.

Abbreviations: AUC, area under the receiver operating characteristic curve; BERT, Bidirectional Encoder Representations from Transformers; BioBERT, Bidirectional Encoder
Representations from Transformers for Biomedical Text Mining; BioMedLM, Biomedical Language Model; PubMedBERT, BERT model pretrained from scratch on PubMed text;
F1, F1 score; MeSH, Medical Subject Headings; n, number of records; PT, publication type; SHAP, SHapley Additive exPlanations; WoS, Web of Science; D1, titles and keywords
only; D2, titles, keywords, and original abstracts; D3, reformulated abstracts for training and validation and original abstracts for testing.

used for its primary test set. Therefore, the D2-D3 comparison assessed
whether the representation learned from reformulated abstracts could
generalize to standard source abstracts at testing, rather than directly
comparing reformulated and original abstracts on the same test set. The
reformulation prompt was explicitly designed to retain clinically dis-
criminative wording, making D3 an exploratory, prompt-guided com-
pressed representation used during training and validation.

2.1.3. Model Training and Testing

The four models represented different pretraining settings: BERT
was pretrained on general-domain English text, BioBERT was further
pretrained on biomedical literature, PubMedBERT was pretrained from
scratch on PubMed text, and Biomedical Language Model (BioMedLM)
was pretrained on biomedical text as a larger generative language
model. Each model was adapted to perform the same article-level
classification task: determining whether an article was classified as
clinical or non-clinical research based on the available text.
Performance was evaluated using accuracy, precision, recall, F1 score,
and the area under the receiver operating characteristic curve (AUC).

2.1.4. Results Analysis

We compared observed model performance with descriptive rule-
based baselines. The BioBERT-D3 from the comparative evaluation was
subsequently used for SHAP analysis to summarize how words in the
held-out test set shifted model scores toward the clinical or non-clinical
class.'” The same model configuration was then applied to a separately
collected corpus from the same project comprising records published in
2024.

2.2. Data Annotation

The WoS Core Collection, maintained by Clarivate, is a widely used
bibliographic and citation database. Its standardized bibliographic and ci-
tation data are commonly used to assess the scientific output of countries,
institutions, and researchers. However, WoS primarily classifies content at
the journal level and lacks article-level subject tagging, making it unsuitable
for directly identifying clinical research articles. Given its widespread use in
science and technology research evaluation, this study selected WoS as the
data source for developing a classification framework to distinguish clinical
from non-clinical research within the medical domain.

2.2.1. Annotation Procedure

The dataset used in this study was derived from an existing corpus
developed as part of the China Hospital Science and Technology
Evaluation Project. The corpus comprised 135,932 articles published in
2023 by Chinese hospitals and indexed in the WoS Core Collection.

Clinical research was defined according to the NIH as research in-
volving human participants, including epidemiologic, behavioral,
health services, and clinical trial research.'® In this study, an article was
classified as clinical when the research it reported met this definition;
otherwise, it was classified as non-clinical.

Multiple research personnel from the Institute of Medical
Information & Medical Library, Chinese Academy of Medical Sciences,
participated in annotation. The annotators had backgrounds in medi-
cine and health information science. The quality of annotations was
routinely monitored during the broader project. Historical quality-
control records revealed annotation error rates of no more than 2%.

Database information and term-based rules were first used to gen-
erate preliminary classifications, followed by a manual review of all
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records using the title, author keywords, and abstract to determine the
final clinical or non-clinical label. The annotation procedure included
the following steps:

(1) Index-Based Filtering

Because academic evaluation primarily focuses on original research,
the classification target for this study was original research articles.
Science Citation Index Expanded (SCIE)-indexed publications are fre-
quently used in academic evaluation; however, the “article” document
type in the WoS database may include both original research and re-
view articles. Accordingly, for this original-research classification task,
review articles were operationally classified as non-clinical.

Given the overlap between WoS and PubMed in indexed literature,
we used PubMed’s MeSH indexing for supplementary classification.
Articles tagged with clinical study-related publication types and in-
volving humans only (excluding animals) were preliminarily identified
as clinical research. On the contrary, articles tagged with in vitro re-
search-related MeSH terms and classified under non-clinical publication
types were preliminarily labeled as non-clinical research. The complete
PubMed search strategies are provided in Appendix A (Table A.1).

(2) Term-Based Tagging

Articles with exclusionary terms in their titles or abstracts, such as
meta-analysis, systematic review, systematic evaluation, or similar
terms, were preliminarily tagged as non-clinical. Articles mentioning
animal-related terms (e.g., mouse, dog, rabbit, primate, monkey, ba-
boon, chimpanzee, Xenopus, zebrafish, Drosophila, wax moth), but
making no reference to humans, were preliminarily tagged as non-
clinical.

A list of terms indicative of clinical research was developed by re-
viewing existing clinical studies and the terms proposed by Lewison
et al.'” Articles with clinical-specific terms in their titles or the methods
and results sections of abstracts as well as human-related terminology
were preliminarily tagged as clinical.

(3) Manual Review

All records subsequently underwent manual review at the article
level. Using the title, author keywords, and abstract, annotators verified
or revised the preliminary classification according to the definition of
clinical research described above. Articles reporting epidemiologic,
behavioral, health services, or clinical trial research involving human
participants were classified as clinical. In contrast, articles that did not
meet the operational criteria were classified as non-clinical. In cases
where an article contained both clinical and basic-research compo-
nents, it was classified as clinical.

2.3. Final Dataset Statistics
After annotation, the full corpus consisted of 135,932 records pub-
lished in 2023, including 58,270 clinical and 77,662 non-clinical arti-

cles. For model development, we used a randomly sampled 20,000-

Table 1
Four Pretrained Language Models Selected for Comparison.
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record subset of the full corpus, containing 9034 clinical and 10,966
non-clinical articles. It was divided into fixed 14,000/3000/3000
training, validation, and test sets. The subset size was selected for
computational feasibility while retaining a sample larger than those
used in many published BERT fine-tuning studies of scientific or bio-
medical text classification and literature screening.' >’

2.4. Model Selection

The four models were selected to provide a focused comparison
across distinct model families and biomedical pretraining strategies,
rather than an exhaustive benchmark of all available biomedical lan-
guage models. The comparison involved a general-domain encoder
(BERT), two biomedical-literature encoders with different pretraining
strategies (BioBERT and PubMedBERT*"), and a larger BioMedLM.

ClinicalBERT-style models were excluded as additional encoder
baselines because they were pretrained primarily on electronic health
record notes rather than scientific literature,?” whereas the current task
uses article titles, author keywords, and abstracts. The resulting model
set was therefore designed to investigate the relevance of pretraining
domain and model family to this article-level classification task. The
four selected models, their pretraining backgrounds, and the rationale
for their inclusion are summarized in Table 1.

2.5. Data Preprocessing

For each condition, the relevant text fields were combined in a
consistent order and formatted for the model. Long inputs were limited
to the model’s maximum input length; these processing steps did not
change the article labels.

2.5.1. Input Representations and Dataset Splitting

To systematically evaluate the effect of text representation, we
constructed three input conditions using a common fixed 14,000/3000/
3000 training-validation—-test partition. The exact input used at each
stage is specified in Table 2.

D1 used titles and keywords for training, validation, and testing. D2
used titles, keywords, and the original abstracts for training, validation,
and testing. D3 used titles, keywords, and DeepSeek-V3 reformulations
for training and validation, whereas titles, keywords, and original ab-
stracts were used for testing.

No titles, author keywords, or abstracts were missing in the 20,000-
record model-development subset. Before sampling, records with missing or
whitespace-only values for titles, author keywords, abstracts, or reference
labels were excluded. No text was imputed. All titles, author keywords, and
abstracts in the model-development subset were in English.

D2 and D3 were tested using the same original abstracts. The
comparison therefore assessed the transferability of the representation

Model Brief Description Reason for Inclusion

BERT* A general-purpose bidirectional Transformer encoder pretrained on large- Provides a domain-agnostic performance reference
scale English corpora; widely adopted as a strong NLP baseline

BioBERT** Shares BERT's architecture but is further pretrained on PubMed abstracts and Represents domain-specific pretraining and tests its added value for
PMC full texts, giving it enhanced sensitivity to biomedical terminology and medical-text classification
context

PubMedBERT”’ A BERT-style encoder pretrained from scratch on PubMed abstracts using a Represents in-domain pretraining from scratch and tests a
domain-specific vocabulary literature-oriented biomedical encoder against continued-

pretraining BioBERT
BioMedLM>® A GPT-style generative model (2.7 billion parameters) trained on PubMed Evaluates the potential and limitations of large generative language

data, capable of both language understanding and generation

models on discriminative tasks

Abbreviations: BERT, Bidirectional Encoder Representations from Transformers; BioBERT, Bidirectional Encoder Representations from Transformers for Biomedical
Text Mining; BioMedLM, Biomedical Language Model; PubMedBERT, BERT model pretrained from scratch on PubMed text; GPT, generative pre-trained transformer;

NLP, natural language processing; PMC, PubMed Central.
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Table 2
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Definition of the D1-D3 input conditions. All conditions used the same fixed article-level partition. Original abstract refers to the source abstract. Reformulated
abstract refers to the DeepSeek-V3 reformulation used only in D3 training and validation.

Condition Training input Validation input Test input

D1 Title + keywords Title + keywords Title + keywords

D2 Title + keywords + original abstract Title + keywords + original abstract Title + keywords + original abstract
D3 Title + keywords + reformulated abstract Title + keywords + reformulated abstract Title + keywords + original abstract

Abbreviations: D1, titles and keywords only; D2, titles, keywords, and original abstracts; D3, reformulated abstracts for training and validation and original abstracts

for testing.

learned from reformulated abstracts during D3 training, rather than
comparing original and reformulated text at test time.

DeepSeek-V3 was used to produce the reformulations for D3. Its
purpose was to standardize training and validation representations, not
to assign article labels.”>?” DeepSeek-V3 was prompted to generate an
English reformulation of the source abstract. The full prompt is pro-
vided in Appendix C.*

2.5.2. Reformulation Fidelity

Reformulation fidelity was evaluated using paired original (D2) and
reformulated (D3) abstracts from the training and validation partitions
(n = 17,000). Automatic similarity measures included token-overlap F1,
term frequency-inverse document frequency (TF-IDF) cosine similarity, and
numeral recall. A stratified random sample of 100 pairs (40 clinical and 40
non-clinical training records; 10 clinical and 10 non-clinical validation re-
cords) was reviewed at the document level by one rater. Each pair was rated
on a scale of 1-5 for faithfulness and completeness.””

2.5.3. Tokenizer Configuration and Text Concatenation

Each input was converted into tokens and limited by the model’s max-
imum input length. BERT, BioBERT, and PubMedBERT all used their native
encoder format, while BioMedLM wused its native generative-model
format.***° These computational steps affected only how text was packaged
for the models, not the clinical versus non-clinical labels.

2.5.4. Adapting the Models for Classification

To assess whether model type was relevant, BERT, BioBERT,
PubMedBERT, and BioMedLM were trained under the same D1-D3
input conditions. The main configuration choices are listed in Appendix
B (Table A.2).

Fine-tuning adapts a pretrained model to the clinical/non-clinical
decision using labeled training records.®’ For the larger BioMedLM,
low-rank adaptation (LoRA)*? updates a small set of added parameters
rather than the entire model; mixed-precision training was used to re-
duce memory usage. These choices did not change the texts, labels, or
classification task. Each model assigned clinical and non-clinical
probabilities, with the highest probability determining the prediction.
Epoch-wise training and validation losses for BioMedLM on D2 and D3
are provided in Appendix B (Figure B.1 A, D2; Figure B.1 B, D3). For
BioMedLM, a fixed LoRA configuration was used, and LoRA hy-
perparameters were not systematically optimized in the present study.

2.5.5. Implementation Details

All experiments were implemented using the Hugging Face
Transformers library (version 4.32.0) and PyTorch 2.5.1 on a graphics
processing unit (GPU)-enabled virtual machine.

Appendix B (Table A.2) reports the training settings used for re-
producibility. The substantive comparison in this study concerned the
input conditions and the observed performance of the selected models,
rather than optimizing across every possible hyperparameter config-
uration.

To ensure reproducibility, the training, validation, and test parti-
tions were fixed across all configurations. Each configuration was
trained three times using prespecified random seeds 42, 123, and 2025

for model initialization and training-data shuffling, while the validation
and held-out test records remained unchanged. PyTorch and NumPy
were initialized with the same seed within each run, and mean metrics
across the three runs were reported.

2.6. Evaluation Metrics and Practical Interpretation

Model performance was evaluated using accuracy, precision, recall, F1
score, and AUC. In the current analysis, accuracy is defined as the propor-
tion of correctly classified test articles; precision refers to the proportion of
articles predicted to be clinical that were labeled as clinical; recall (sensi-
tivity) is the proportion of labeled clinical articles that the model identifies;
the F1 score combines precision and recall in a single measure; finally, AUC
measures how well the model ranks clinical articles above non-clinical ar-
ticles across classification thresholds.

For first-pass screening, recall can be prioritized to reduce the number of
clinical studies missed, with false positives removed by human reviewers.
False negatives may prevent relevant clinical articles from subsequent re-
view, whereas false positives increase the burden of manual verification and
inflate estimates of clinical-research output. When the aim is to estimate
clinical-research output or review capacity is limited, precision may be more
important. Accuracy, F1 score, and AUC are complementary measures that
do not replace inspection of both error types.

Following model development, the BioBERT-D3 was applied to
147,853 unique 2024 WoS records from Chinese hospital-affiliated in-
stitutions in the same evaluation project. The labels used the same NIH
definition and title-keyword-abstract review as in Section 2.2.1
(61,353 clinical; 86,500 non-clinical).

2.7. Clinically Oriented Error Analysis

To investigate the clinical significance of model errors, we con-
ducted a qualitative review of false-positive and false-negative predic-
tions made by the BioBERT-D3 on the held-out test set. Two false-po-
sitive and two false-negative records were selected to represent four
distinct error contexts: an animal-only study, a review article, a ran-
domized phase III clinical-trial subgroup analysis, and a mixed clinical-
experimental study. For each record, we examined the apparent study
design, the involvement of human participants or specimens, the clin-
ical outcomes or research aims relevant to the operational definition,
and the most likely source of the discrepancy. This analysis was in-
tended to identify clinically meaningful boundary conditions for model
use and was not designed to estimate corpus-level error frequencies.

3. Results
3.1. Model Comparison

BERT, BioBERT, PubMedBERT, and BioMedLM were evaluated
using the D1, D2, and D3 input conditions, with reported values re-
presenting mean test-set metrics from three prespecified random-seed
runs (42, 123, and 2025; Fig. 2). Results for each seed are provided in
Appendix B (Table A.3). Under D1, PubMedBERT showed the highest
mean accuracy, F1 score, and AUC among the four models. Adding
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Precision Recall AUC
0.876 — 0.912 0.876 — 0.902 0.947 — 0.970
A +0.036 A +0.026 A +0.023
0.877 — 0.918 0.867 — 0.905 0.942 — 0.970
A +0.041 A +0.038 A +0.028
0.887 — 0.900 0.915 — 0.921 0.959 — 0.971
A +0.013 A +0.006 A +0.012
0.886 — 0.881 0.895 — 0.900 0.951 — 0.952
A -0.005 A +0.005 A +0.001

Precision Recall AUC
0.912 — 0.924 0.902 — 0.902 0.970 — 0.971
A +0.012 A +0.000 A +0.001
0.918 — 0.926 0.905 - 0.912 0.970 — 0.972
A +0.008 A +0.007 A +0.002
0.900 — 0.911 0.921 — 0.922 0.971 — 0.971
A +0.011 A +0.001 A +0.000
0.881 — 0.883 0.900 — 0.892 0.952 — 0.948
A +0.002 A -0.008 A -0.004

A D1 — D2
Accuracy F1 score
0.886 — 0.920 0.876 — 0.907
BERT
A +0.034 A +0.031
0.883 — 0.922 0.872 — 0.911
BioBERT
A +0.039 A +0.039
0.907 — 0.921 0.901 — 0.910
PubMedBERT
A +0.014 A +0.009
0.899 — 0.898 0.890 — 0.890
BioMedLM
A -0.001 A +0.000
B D2 —» D3
Accuracy F1 score
0.920 — 0.921 0.907 — 0.913
BERT
A +0.001 A +0.006
0.922 — 0.926 0.911 — 0.919
BioBERT
A +0.004 A +0.008
0.921 — 0.923 0.910 — 0.916
PubMedBERT
A +0.002 A +0.006
0.898 — 0.896 0.890 — 0.887
BioMedLM
A -0.002 A -0.003
A score
-0.05 No change

+0.05

Fig. 2. Performance comparison of BERT, BioBERT, PubMedBERT, and BioMedLM. (A) Change from D1 to D2. (B) Change from D2 to D3. Cell fill encodes the signed score
change; printed values show the mean source and target scores across three prespecified random-seed runs. D2 and D3 were evaluated on the same original-abstract test set.
Abbreviations: AUC, area under the receiver operating characteristic curve; BERT, Bidirectional Encoder Representations from Transformers; BioBERT, Bidirectional Encoder
Representations from Transformers for Biomedical Text Mining; BioMedLM, Biomedical Language Model; PubMedBERT, BERT model pretrained from scratch on PubMed text;
F1, F1 score; A, change in score; D1, titles and keywords only; D2, titles, keywords, and original abstracts; D3, reformulated abstracts for training and validation and original

abstracts for testing.

original abstracts in D2 was associated with higher performance for
BERT, BioBERT, and PubMedBERT, whereas BioMedLM showed
minimal overall improvement.

Under D3, BioBERT achieved the highest mean accuracy (0.926),
precision (0.926), F1 score (0.919), and AUC (0.972), whereas
PubMedBERT achieved the highest recall (0.922). Compared to D2,
BioBERT showed higher mean values across all five metrics.
PubMedBERT showed higher accuracy, precision, F1 score, and recall
and an unchanged AUC. BioMedLM did not show a similar improve-
ment. Formal inferential comparisons were not conducted; these dif-
ferences are therefore interpreted descriptively. For BioMedLM,
Figure B.1 in Appendix B shows the training and validation loss tra-
jectories for random seed 42, with panel A corresponding to D2 and
panel B to D3.

BioBERT-D3 was selected for subsequent error analysis, SHAP in-
terpretation, internal benchmarking, and temporal evaluation because
it had the highest observed mean accuracy, precision, F1 score, and
AUC on the held-out test set. This selection was descriptive and did not
establish overall superiority; PubMedBERT-D3 had the highest ob-
served mean recall. Table 3 provides illustrative classification results.

3.2. Benchmark Comparison

BioBERT-D3 was compared descriptively with a keyword-based baseline
and an iCite-derived baseline on the held-out test set. Error bars shown in
Fig. 3 are Wilson 95% confidence intervals (Cls) for accuracy, precision, and
recall, reflecting the sampling uncertainty of these estimates on the 3,000-
record held-out test set. The keyword-based method yielded an accuracy of
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Table 3
Illustrative Classification Results.
Title Label P(1) P(0)
Mimicking Antioxidases and Hyaluronan Synthase: A Zwitterionic Nanozyme for Photothermal Therapy of Osteoarthritis 0 0.80% 99.20%
Quercetin influences intestinal dysbacteriosis and delays alveolar epithelial cell senescence by regulating PTEN/PI3K/AKT signaling in 0 0.98% 99.02%
pulmonary fibrosis
Effects and mechanisms of trifluridine alone or in combination with cryptotanshinone in inhibiting malignant biological behavior of 0 0.87% 99.13%
gastric cancer
Clinical outcomes of unilateral biportal endoscopic lumbar interbody fusion (ULIF) compared with conventional posterior lumbar 1 99.20% 0.80%
interbody fusion (PLIF)
Effect of susceptibility-weighted imaging on preoperative evaluation of microvascular decompression in patients with trigeminal neuralgia 1 99.02% 0.98%

Note: Label 1 indicates clinical research and label 0 indicates non-clinical research. P(1) and P(0) denote the predicted probabilities of the clinical and non-clinical

classes, respectively.

0.464 (95% CI, 0.446-0.482) and an F1 score of 0.600. The iCite-derived
method achieved a recall of 1.000 but a substantially lower precision of
0.459 (95% CI, 0.441-0.477), with an F1 score of 0.629. BioBERT-D3
achieved an accuracy of 0.926 (95% CI, 0.916-0.935), precision of 0.926
(95% CI, 0.911-0.939), recall of 0.912 (95% CI, 0.896-0.926), an F1 score
of 0.919, and an AUC of 0.972.

These comparisons are descriptive internal benchmarks because the
methods used unequal input information and the preliminary labels
incorporated information related to the comparator methods. They
should therefore not be interpreted as independent external validation
or evidence of statistical superiority.

3.3. Clinically Oriented Error Analysis

Table 4 lists two false-positive and two false-negative predictions
selected to span distinct clinical contexts and methodological boundary
conditions. The aim was not to estimate error frequencies but to iden-
tify situations in which article-level screening may require additional
human review.

The false-positive cases illustrate how strong clinical terminology
can lead to a clinical prediction even when the study does not meet the

Keyword-based

I iCite-based

operational definition of clinical research. For example, the canine
stent-retrieval study was conducted exclusively in animals, but its use of
terms related to stent implantation, retrieval, angiography, vascular
injury, and follow-up may have contributed to its clinical prediction.
Similarly, the pulmonary sarcoidosis article used extensive diagnostic,
treatment, and follow-up terminology, but it was a review that syn-
thesized previously published evidence rather than reporting new re-
search involving human participants.

The false-negative cases show different ways in which clinically relevant
studies may be missed. The CheckMate 649 subgroup analysis explicitly
reported randomization, treatment groups, survival outcomes, and safety
assessment; however, the model assigned a very low clinical probability.
The Semaphorin 3 A study combined patient blood and patient-derived cells
with extensive mechanistic and experimental content; these competing
signals may have contributed to its non-clinical prediction.

Taken together, these representative cases suggest that errors may
arise when clinical terminology appears in non-clinical study designs,
such as animal experiments or review articles, and when clinical in-
formation is embedded within mixed clinical-experimental research.
Such cases may therefore merit targeted human review when the model
is used for first-pass literature screening or bibliometric assessment.

Il BioBERT-D3

A 0464
e e e O

Accuracy 459
I - 0.926
(S RIS

F1

score _—
(LA 0456

Precision IEiiRieieeeae s s e RS eae R SRR AR RRaaE  0.459
1 0.926
S A 0877

=T L O O AR IR
I ——— 0.912
(A

AUC B N 00
. 09/2]
0.0 0.2 0.4 0.6 0.8 1.0

Score

Fig. 3. Descriptive internal-test comparison of BiloBERT-D3 with keyword-based and iCite-derived baselines. Error bars show 95% confidence intervals for accuracy,
precision, and recall on the 3,000-record held-out test.

Abbreviations: AUC, area under the receiver operating characteristic curve; BioBERT, Bidirectional Encoder Representations from Transformers for Biomedical Text
Mining; D3, reformulated abstracts for training and validation and original abstracts for testing; F1, F1 score.
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Illustrative BioBERT-D3 misclassifications by clinical study context and plausible source of error.

Error direction and clinical context Representative article P(clinical) Clinical interpretation and plausible source of error
False positive; animal-only study Preliminary studies on intimal injury related to stent 0.509 Clinical procedural terminology in an animal-only study.
retrieval in a canine model (PMID: 37290284) The abstract contains terms related to stent
implantation, retrieval, angiography, vascular injury,
and follow-up, although the experiment was conducted
exclusively in canines.
False positive; review article Pulmonary Function in Pulmonary Sarcoidosis 0.896 Clinical-content/document-type mismatch. The abstract
(PMID: 37959167) contains extensive diagnosis-, treatment-, and follow-up-
related terminology, although the article synthesizes
previously published evidence rather than reporting new
research involving human participants.
False negative; randomized phase IIT First-line nivolumab plus chemotherapy vs 0.026 Missed explicit clinical design. Randomization,
clinical trial subgroup chemotherapy in patients with advanced gastric, treatment groups, survival outcomes, and safety
gastroesophageal junction and esophageal assessment were present; however, the model assigned a
adenocarcinoma: CheckMate 649 Chinese subgroup low clinical probability.
analysis (PMID: 36121651)
False negative; mixed Semaphorin 3 A restores the ability of type 1 0.233 Competing clinical and experimental signals. Patient

clinical-experimental study
37999823)

regulatory T cells to suppress food allergy (PMID:

blood and patient-derived cells support the clinical label,
whereas mechanistic experimental framing may have
dominated the prediction.

Abbreviations: BioBERT, Bidirectional Encoder Representations from Transformers for Biomedical Text Mining; D3, reformulated abstracts for training and validation
and original abstracts for testing; PMID, PubMed identifier; P(clinical), predicted probability of the clinical class.

3.4. Full-Test SHAP Analysis

For a frozen BioBERT-D3 checkpoint, SHAP values were computed
for all 3000 records in the principal D3 test condition, which used title,
keywords, and abstract. Tokens representing the same reconstructed
word were combined, and the resulting signed contributions were
averaged across occurrences. A positive value indicates that the word
shifted the score toward the clinical class, whereas a negative value
indicates a shift toward the non-clinical class. For a readable aggregate
display, Fig. 4 shows recurrent content words occurring at least 100
times with the largest positive or negative mean contribution, after
exclusion of punctuation, special tokens, numerals, common function
words, and non-lexical boundary artifacts.

A Words shifting the score toward clinical

participants n=309

retrospectively n=201
subjects n=125
enrolled n=282
cohort n=452

case
retrospective

underwent

patients

2 3 4 5
Mean signed SHAP value (x 107-2)

Fig. 4 shows word-level SHAP contributions across all 3000 re-
cords in the principal D3 test condition. Patient- and study-design-
related wording generally shifted scores toward the clinical class:
the most positively contributing recurrent words included “parti-
cipants,” “retrospectively,” “subjects,” “enrolled,” “cohort,” “case,”
“retrospective,” “underwent,” and “patients.” In contrast, review-
and animal-related wording shifted scores toward the non-clinical
class: "review" and "literature" showed the largest negative average
contributions, followed by "meta," "mouse/mice," "rat/rats," and
"Cochrane."

These aggregate patterns are consistent with the clinical/non-clin-
ical distinction used in this corpus and supported the clinically oriented
error analysis in Table 4. They should be interpreted as context-

” « ” « ” @

non

B Words shifting the score toward non-clinical

n=659
literature - n=230 _
meta - n=569 -
mouse n=225 -
rat n=117 -
mice n=600 -
cochrane 1 n=127 .
rats A n=298 .
5 4 3 2 4 0

Mean signed SHAP value (x 107-2)

Fig. 4. Full-test SHAP summary for BioBERT-D3 across 3000 D3 test records. (A) Words shifting scores toward the clinical class. (B) Words shifting scores toward the non-

clinical class. Both panels use the same scale. Shown are recurrent content words (=100 occurrences) with the largest mean contributions; “n”

indicates word occurrences.

Abbreviations: BioBERT, Bidirectional Encoder Representations from Transformers for Biomedical Text Mining; D3, reformulated abstracts for training and validation and
original abstracts for testing; SHAP, SHapley Additive exPlanations; n, number of word occurrences.
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dependent descriptions of how BioBERT-D3 used textual cues, rather
than fixed decision rules for single words.

Because SHAP was calculated for BioBERT-D3 rather than as a
paired D2-D3 comparison, these results characterize the features used
by the D3 model but do not demonstrate that reformulation increased
sensitivity to clinical features.

3.5. Reformulation Fidelity

Across 17,000 pairs, the mean TF-IDF cosine similarity was 0.912
(median, 1.000), and the mean token-overlap F1 score was 0.781.
Compressed abstracts were shorter than their matched originals, with a
mean compressed-to-original length ratio of 0.734. Among pairs con-
taining numerals in the source abstract (n = 15,272), the mean nu-
meral recall was 0.882. Overall, the D3 abstracts retained substantial
textual overlap and most numerical information from the source ab-
stracts while being considerably shorter.

In the 100-pair review, the reformulated and source abstracts were
evaluated to convey the same meaning in nearly all cases. The median
faithfulness score was 5 (73 pairs scored 5, 18 scored 4, 8 scored 3, and
1 scored 2). All 100 pairs received a completeness score of 5. A con-
tradiction with the source abstract was identified in one pair.

3.6. Temporal Generalization Within the Same Database and Annotation
Workflow

Table 5 reports the performance of the trained BioBERT-D3 model on
records published in 2024. Accuracy was 0.980, precision was 0.981, recall
was 0.970, F1 score was 0.976, and AUC was 0.992. These values are not
directly comparable with the mean BioBERT-D3 performance across three
random-seed runs on the 3,000-record test set from 2023 (accuracy, 0.926;
precision, 0.926; recall, 0.912; F1 score, 0.919; AUC, 0.972) because the
temporal evaluation used a single trained checkpoint and a full-year corpus
from a later publication year. The higher observed scores in 2024 may re-
flect differences in corpus composition or classification difficulty between
the two evaluation sets; these explanations were not directly tested. The
shared database and annotation workflow may also have limited distribu-
tion shift across years, so this analysis should be interpreted as a temporal
generalization check within that setting.

4. Discussion
4.1. Principal Findings

In this corpus, adding abstracts was associated with better observed
performance for BERT, BioBERT, and PubMedBERT than titles and

Table 5
Temporal generalization of BioBERT-D3 on 2024 WoS records within the same
database and annotation workflow.

Item Value

Source WoS Core Collection, Chinese hospital-affiliated
institutions

Publication year 2024

Records 147,853

Clinical / non-clinical labels 61,353 / 86,500

Input Title + keywords + original abstract

Accuracy 0.980

Precision 0.981

Recall 0.970

F1 score 0.976

AUC 0.992

Abbreviations: AUC, area under the receiver operating characteristic curve;
BioBERT, Bidirectional Encoder Representations from Transformers for
Biomedical Text Mining; D3, reformulated abstracts for training and validation
and original abstracts for testing; F1, F1 score; WoS, Web of Science.
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keywords alone. BioBERT-D3 achieved the highest observed mean accuracy,
precision, F1 score, and AUC. PubMedBERT-D3 achieved the highest recall.
The higher observed recall of PubMedBERT-D3 may be advantageous for
first-pass screening, whereas the higher observed precision of BioBERT-D3
may be advantageous when false positives would inflate estimates of clinical
research output. For BioBERT, the D2-D3 comparison is consistent with a
possible transfer benefit from the reformulated representation used during
D3 training and validation. However, the observed differences are de-
scriptive and do not demonstrate a statistically significant effect.

The practical value of the framework is as a first-stage aid rather than a
replacement for human review. *>°° In literature screening, it may help
prioritize records for subsequent review; in bibliometric evaluation, it can
provide article-level estimates of clinical research output when journal-level
categories are too coarse. The error analysis identified contexts that may
require targeted review, including animal-only studies with strong clinical
terminology, review articles, clinical-trial reports with atypical textual sig-
nals, and mixed clinical-experimental studies.

The BioMedLM loss curves provide additional diagnostic context for
the lower D3 than D2 accuracy. Both conditions relied on the same
original-abstract test set. Under D2, validation loss decreased until
epoch 7, whereas under D3, training loss continued to decrease but
validation loss increased after epoch 1. This pattern, together with the
corresponding test accuracies (0.905 for D2 and 0.891 for D3), is con-
sistent with a possible mismatch between the reformulated training
representation and the original-abstract test representation. The 100-
pair fidelity review showed generally high agreement between re-
formulated and original abstracts, suggesting that the observed differ-
ence is unlikely to be explained solely by loss of source meaning.

4.2. Comparison With Prior Work

The present results are broadly consistent with prior studies showing the
value of biomedical pretraining for text classification.”>”” In this study,
biomedical language models were assessed for article-level identification of
clinical research in a hospital-affiliated bibliometric corpus, together with a
large language model (LLM)-based reformulated training representation and
model-interpretation analyses. The full-test SHAP analysis showed that
participant- and study-design-related terms generally shifted predictions
toward the clinical class, whereas review- and animal-related terms shifted
predictions toward the non-clinical class. The error analysis further showed
that mixed clinical-experimental articles could present competing textual
signals. In the descriptive internal benchmark comparison, BioBERT-D3
showed higher observed accuracy, precision, F1 score, and AUC than the
keyword-based and iCite-derived comparators. However, these comparisons
involved unequal input information and should not be interpreted as evi-
dence of statistical superiority.

4.3. Limitations

Several limitations should be noted. The 20,000-record subset was
selected based on practical feasibility, without formal power or sa-
turation assessment. Because preliminary candidate labels were in-
formed by database fields and term-based rules, the keyword-based and
iCite comparisons should be viewed as internal benchmarks within this
corpus rather than independent external validation. Although all re-
cords underwent article-level manual review, the reference labels were
not established through independent blinded duplicate annotation.
Inter-rater agreement statistics are therefore unavailable, and residual
annotation error cannot be excluded. The binary formulation was de-
signed to determine whether an article met the operational definition of
clinical research; it does not distinguish finer-grained study types, dis-
ease areas, or methodological categories. Such distinctions could be
addressed in future multi-label extensions. BioMedLM was evaluated
using LoRA-based adaptation because full-parameter fine-tuning ex-
ceeded the available hardware capacity. The LoRA hyperparameters
were not systematically optimized; therefore, the observed BioMedLM
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performance should be interpreted as specific to the configuration
evaluated here rather than as representing the optimal performance of
BioMedLM.

Compression was applied to the training and validation abstracts,
reducing the proportion of training inputs exceeding 512 tokens from
41.1% to 0.19%. Although the fidelity analyses indicated substantial
overall agreement with the source abstracts, some source details were
not always retained, and rare semantic distortions cannot be excluded.
The document-level fidelity review was conducted by a single rater on
100 abstract pairs; therefore, inter-rater reliability was not assessed. In
addition, the D3 design did not include a manually extracted methods-
and-results control, a length-matched non-LLM control, or reformula-
tions generated by alternative LLMs. Because the prompt explicitly
prioritized retention of clinically discriminative wording, the observed
D2-D3 differences cannot isolate the contributions of task-guided
content retention, semantic reformulation, and reduced truncation.
Only DeepSeek-V3 was used, and reliance on a third-party model ser-
vice may limit reproducibility because model versions, application
programming interface (API) behavior, availability, and cost may
change over time.

4.4. Generalizability and Future Validation

The evaluation of records published in 2024 supports temporal
generalization within the same database, institutional setting, and an-
notation workflow. Because the classifiers use article-level textual in-
puts rather than database-specific classification fields, transfer beyond
the present dataset may be possible. However, performance may still be
affected by differences across databases, countries, and institutional
settings in corpus composition, study-type distributions, language use,
and text-field availability. All titles, author keywords, and abstracts in
the present model-development subset were in English. Therefore, this
study does not establish model performance for non-English or multi-
lingual literature. Direct validation using records from PubMed and
Embase, as well as independently annotated datasets from other
countries and languages, is required before broader generalizability can
be established.

5. Conclusions

This study developed and evaluated an applied framework for
classifying clinical and non-clinical research articles in a hospital-af-
filiated bibliometric corpus. Within the present corpus, BioBERT-D3
produced the highest observed mean accuracy, precision, F1 score, and
AUC, whereas PubMedBERT-D3 produced the observed highest mean
recall. These descriptive comparisons do not establish overall model
superiority. Model choice should therefore depend on the intended use.
PubMedBERT-D3 may be more suitable when maximizing recall is
important for first-pass screening, whereas BioBERT-D3 may be more
suitable when higher precision is preferred for bibliometric estimation
of clinical research output. D3 should be interpreted as an exploratory,
prompt-guided compressed representation used during training and
validation, and the observed differences do not establish that re-
formulation itself improves classification performance. The framework
may support first-pass literature screening and article-level assessment
of clinical research output, but these potential uses require future va-
lidation against independently annotated reference labels. Clinically
ambiguous or mixed-content articles require targeted human review.
The 2024 evaluation supports temporal generalization within the same
database and annotation workflow. Further validation is required
across other databases, countries, institutional settings, and languages.
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