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ABSTRACT The EQ-5D is a widely used tool for measuring health-related quality of life (HRQoL)
to support clinical, economic, and policy decision making. Manually classifying the growing volume of
literature reporting EQ-5D data for systematic literature reviews is a challenging, inefficient, and labor-
intensive task. To address this, we propose a comprehensive classification framework utilizing pre-trained
language models (PLMs), including BERT, SciBERT, BioBERT, PubMedBERT, and BioLinkBERT,
to categorize PubMed records based on whether the article reports EQ-5D data using article metadata (titles,
abstracts, and keywords). We examine three learning approaches: supervised learning, semi-supervised
learning with pseudo-labeling, and a co-training strategy with and without Large Language Model (LLM)
assistance (GPT and Claude) in pseudo-label generation. We introduce a confidence-based ensembling
within the co-training framework to improve classification reliability and robustness. This study provides
a systematic multi-phase evaluation of supervised, semi-supervised, and co-training paradigms on PubMed
records using different input configurations. It investigates model performance starting with 200 labeled
samples, expanded through iterative pseudo-labeling of an unlabeled dataset, while benchmarking across
models. The results show that the co-training approach achieves the highest performance, with an F1-score
of up to 0.85. Performance is reported using multi-seed evaluation with mean =+ standard deviation and 95%
confidence intervals. LLM-assisted co-training improves weaker model pairs but may degrade performance
for already strong model combinations and reduce the number of high-confidence pseudo-labeled samples
due to confidence thresholds. LLMs used within ensemble and co-training approaches provide an effective
framework for EQ-5D literature screening under limited labeled data.

INDEX TERMS EQ-5D, health-related quality of life, large language model, PubMed, BioNLP, co-training,
LLM-assisted pseudo-labeling, systematic literature screening.

I. INTRODUCTION
The EQ-5D is a standardized questionnaire commonly used
The associate editor coordinating the review of this manuscript and in health-related research and health economics, developed
approving it for publication was Prakasam Periasamy . by the EuroQol Group to provide a simple and general
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measure of quality of life related to health. Although several
versions of the questionnaire have been developed and
validated (e.g., youth version, three- and five-level response
scale, different administration methods), all comprise two
main parts. The descriptive system of the questionnaire is
composed of five domains along which patients’ problems
are self-reported, such as mobility, self-care, usual activities,
pain/discomfort, and anxiety/depression. Responses of prob-
lem levels on the five domains provide a health profile that
can be converted into a single index value that consistently
has more advantages in the context of economic studies
and health policies [1], [2], [3]. The second part of the
questionnaire is a visual analogue scale (EQ VAS) to assess
respondents’ global health on a 0-100 (worst/ best imaginable
health) scale.

A systematic literature review (SLR) is a scientifically
sound, transparent, and reproducible method to identify,
select, and critically evaluate all available evidence in the
literature on a specific question. In medicine, SLRs are
considered the highest level of evidence and are used to
develop clinical guidelines and foundations for health-related
decisions. The rapid increase in academic publications has
made it increasingly difficult to identify relevant studies for
SLR. PubMed is one of the most widely used biomedical
and life sciences literature databases, with over 39 million
citations' and abstracts [4]. The database is free and publicly
accessible; however, it does not include full-text journal arti-
cles but only main data (typically titles, abstracts, keywords,
and metadata) and often links for sources where full texts are
available. Classifying PubMed records for relevant studies
by screening titles and abstracts is a labor-intensive task and
requires substantial time and effort. Despite the involvement
of multiple reviewers, the literature screening remains prone
to errors and inconsistency, especially in cases involving
complex inclusion criteria.

These challenges highlight the need for a reliable auto-
mated classification model to support systematic reviews [5],
[6], [7]. It is important to keep a balance between reducing
manual effort and maintaining the high sensitivity required to
ensure comprehensive evidence capture. Recent advances in
natural language processing (NLP) [8], [9] and deep learning
(DL) [10], [11], [12], particularly transformer-based large
language models (LLMs) [12], [13], [14], have achieved
remarkable success in almost all NLP tasks [15], [16], [17],
[18], [19], [20], [21].

The increasing importance of EQ-5D data in clinical deci-
sion making and health policy development demands efficient
and accurate approaches for classifying studies. A recent
study [3] has shown that machine learning models can
effectively identify studies reporting EQ-5D data in full-text
articles using PubMed metadata consisting of titles, abstracts,
and keywords. In particular, transformer-based models such
as BioBERT, PubMedBERT, and BioLinkBERT [22], [23],
[24], specifically designed for biomedical text, have achieved

1 https://pubmed.ncbi.nlm.nih.gov/
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better performance than general-purpose models, under-
scoring the potential of LLMs to automate the screening
of the EQ-5D literature. However, there are challenges
to address in improving model robustness, scalability, and
accuracy. To overcome these challenges, this study proposes
targeted enhancements in model design, training strategies,
and ensemble techniques.? This study aims to:

« Propose different automated classification approaches to
classify scientific studies in PubMed that report EQ-5D
data from patients or the general public in their full-text
version by only utilizing metadata (title, abstract, and
keywords).

o Address the challenges in SLRs by reducing the manual
labeling effort and errors in screening literature related
to EQ-5D.

o Evaluate and benchmark pre-trained language
models (PLMs) such as BERT [25], SciBERT [26],
BioBERT [22], PubMedBERT [23], and
BioLinkBERT [24] for binary classification of EQ-5D
relevance.

« Enhance model performance through advanced learn-
ing strategies, including semi-supervised learning, co-
training with and without LLM-assisted pseudo-labeling
(GPT and Claude).

« Explore ensemble methods such as weighted voting to
improve robustness and prediction accuracy.

In this study, we make the following contributions:

« Develop and evaluate a pipeline using different PLMs
(BERT [25], SciBERT [26], BioBERT [22], PubMed-
BERT [23], and BioLinkBERT [24]) applied to EQ-5D
classification tasks.

« Investigate different input strategies, incorporating titles,
abstracts, keywords, and their combinations (title +
abstract (TA), title + abstract + keywords (TAK)) to
optimize model input representation.

o Utilize a weighted voting aggregation mechanism to
enhance prediction reliability across different models
and input setups.

o Implement a semi-supervised learning approach using
pseudo-labeling to expand the labeled dataset, demon-
strating substantial performance enhancement.

e Design a curriculum-based co-training framework
where pairs of PLMs iteratively refine each other using
high-confidence pseudo-labels (z € {0.95, 0.92, 0.90}),
and MC-Dropout uncertainty filtering across all ten
pairwise combinations.

o Increase classification confidence and accuracy in
the co-training framework by combining LLM-
assisted pseudo-labeling (GPT and Claude) with model
agreement filtering.

2The datasets, model notebooks, and sample results are available in
this repository: https://github.com/ZhyarUoS/automated-multi-phase-eq-5d-
classification.git
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o Achieve strong classification performance, with
Fl1-scores up to 0.85 in the best-performing co-training
setups.

A. RELATED WORKS

1) NLP FOR SYSTEMATIC LITERATURE REVIEW

Wallace et al. [15] propose a semi-automated citation screen-
ing method to reduce manual work for reviews. The approach
uses an ensemble of Support Vector Machines (SVMs)
trained on multiple feature spaces such as titles, abstracts,
MeSH terms, and UMLS concepts. An active learning
approach with a novel strategy (Patient Active Learning
(PAL)) is integrated, which is designed for imbalanced class
datasets and introduces aggressive undersampling to prevent
missing relevant studies. Evaluation on three datasets shows
that this approach can reduce the manual workload up to 50%
in two of the datasets and 40% in the third. The study offers
a promising solution to streamline the citation screening
process without compromising review quality.

Cohen et al. [27] investigate the use of automatic citation
classification to reduce the expert effort in updating SR of
drug class efficacy. To classify citations as either relevant
or not, in the study, they develop a voting perceptron-based
learning system while using data from 15 annotated sys-
tematic drug class reviews. The system is evaluated using
cross-validation for its performance in precision, recall,
F-measure, and work saved over sampling at a recall rate of
95%. The results showed that in most (11 out of the total
15) of the review topics, the method reduces the number
of articles that need manual screening, with reductions
of 50% or more in three topics. The study suggests that
the use of automatic classification would be able to help
maintain systematic drug reviews, although considerable
extra development and integration studies are still required.

2) PLMS IN BIOMEDICAL TEXT CLASSIFICATION

Beltagy et al. [26] introduce SciBERT, a PLM designed
for scientific domains in order to address the scarcity of
large annotated corpora in scientific NLP tasks. SciBERT
is built on BERT [25] architecture and trained on a
huge multi-domain corpus of scientific literature through
unsupervised learning. The model is evaluated across several
downstream tasks, such as sequence tagging, sentence clas-
sification, and dependency parsing. The results showed that
the model outperformed general-purpose models like BERT.
The study demonstrated that the use of domain-specific
pre-training and relevant vocabularies causes exceptional
increases in performance; SciBERT intends to be a valuable
resource for processing scientific texts.

Lee et al. [22] develop a PLM (BioBERT) specifically for
biomedical text mining. BioBERT is designed based on the
BERT [25] architecture, fine-tuned on domain-specific large-
scale biomedical corpora, including the PubMed abstracts
and full-text articles. This specialization made the model
surpass the general-purpose models and the previous SOTA
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models significantly on different biomedical NLP tasks
like named entity recognition (NER), relation extraction
(RE), and question answering (QuA). Notably, performance
improvements demonstrate the value of domain-specific
pre-training in capturing complexity in biomedical language
and terminology.

Gu et al. [23] demonstrate that the training of language
models from scratch on biomedical text (such as PubMed-
BERT) produces better models than adapting a general model
like BERT. The study shows across multiple biomedical
NLP tasks that domain-specific pre-training and vocabulary
are both extremely important for improving results, while
mixed-domain approaches may actually hurt performance.
The study also suggests that simpler modeling choices remain
effective with the transformer models.

Danilov et al. [28] explore automated text classification
techniques aiming at supporting the selection of scientific
literature by focusing on binary classification of 630 PubMed
abstracts. Researchers fine-tuned different configurations of
the PubMedBERT model and evaluated the models’ perfor-
mance with ensemble methods combining PubMedBERT,
logistic regression, random forest, and SVMs. The findings
demonstrate that modern NLP methods, particularly PLMs,
are highly effective for classifying short scientific texts.

Yasunaga et al. [24] propose LinkBERT, which enhances
PLMs by using document links such as hyperlinks or
citations, allowing the exchange of knowledge between doc-
uments. The model learns relationships between documents
and achieves better performance than BERT, especially on
question answering and reasoning tasks.

Landschaft et al. [29] evaluate the performance of GPT-4
as an additional reviewer in the systematic literature reviews
based on the PRISMA approach. GPT-4 was integrated into
the review process for the patient-trial matching, following
a retrieval-augmented generation (RAG) approach using
LangChain. Its performance for abstract screening and
full-text parameter extraction is assessed against human
reviewers. The results indicate impressive agreements with
human reviewers for the screening of abstracts (Cohen’s
kappa > 0.9), although agreement is lower in full-text
tasks. The study concludes that GPT-4 is able to support or
partially supplant human reviewers in the abstract screening
phase, thus reducing the manual effort needed for systematic
reviews.

3) SEMI-SUPERVISED AND CO-TRAINING METHODS

Blum and Mitchell [30] introduce a co-training approach,
which uses two distinct and complementary views of the
data to enhance learning from limited labeled examples
by using large numbers of unlabeled data. Two classifiers
are trained in each view separately and then iteratively
teach each other by labeling new data. Experiments and
results show that this approach can significantly enhance
classification performance, especially in scenarios like web
page classification or multi-modal learning tasks.
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Gao et al. [31] suggest a reliable method that involves
transfer learning and semi-supervised self-training to
improve biomedical NER with limited labeled data. Lever-
aging models like BILSTM-CRF and BERT, pre-training
on large biomedical corpora followed by self-training with
unlabeled data boosts performance. The study achieves
results comparable to fully supervised algorithms, but
with only a fraction of labeled examples, and works
best for common biomedical entities. Transfer learning is
demonstrated to be required to enable effective self-training
in low-resource scenarios.

Il. MATERIALS AND METHODS

A. DATASET DESCRIPTION

In this work, we utilize a dataset prepared by Kertész et al.
[3]. In brief, publications on EQ-5D in PubMed database
between 1990 and 2022 were identified using the EuroQol
Group’s PubMed search filter, resulting in a total of 15,547
discrete records. The dataset was prepared by randomly
selecting 200 studies from this pool, which were manually
labeled by two independent expert reviewers (based on their
title/abstract/keywords, then on their full-text version) for
being EQ-5D studies or not in terms of reporting EQ-5D
data from patients or the general public. The classification
was binary, indicating whether the studies presented data
with any EQ-5D version and administration method or not
(“true” or “false”). All abstracts from the 15,547 extracted
records were in English; however, the full-text of some
studies could have been in another language. Therefore, these
studies were considered negative by the reviewers based on
the eligibility criteria. (In our current analyses, their presence
was considered as noise in terms of performance). Results
from the two independent reviewers were matched, and any
differences were discussed until a consensus was reached in
order to categorize each study. As a result, the dataset contains
200 labeled data points (see Fig. 1), each consisting of a title,
abstract, keywords, and a label (“‘true” or ‘““false’).

1) SPLITTING DATASET

In order to evaluate model performance and accuracy, the
dataset must be split into training, testing, and validation
subsets. The training subset is used solely to train the models,
the testing subset is used exclusively to evaluate model
performance after training, and the validation subset is used
for model selection and to prevent overfitting. In this study,
we adopt two different splitting strategies on the labeled
dataset prepared by Kertész et al. [3]: First, for the initial
phase (training and fine-tuning) and the subsequent phases
(inference and weight voting), the dataset is split into a
training set (60%) and a temporary hold-out set (40%),
which is further divided into validation (12% of the total
data) and test (28%) subsets. The validation set is used
only for early stopping and model selection. Second, for

3https://euroqol.org/information—and—support/documentation/pubmed—
search/
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mmm EQ-5D Not Reported

mmm  EQ-5D Reported

FIGURE 1. Binary label distribution in the EQ-5D dataset.

both the semi-supervised and the co-training approaches, the
dataset is divided into a training set (50%), testing set (35%),
and validation set (15%). To prevent data leakage, the test
set remains strictly unseen until the final evaluation in all
approaches (see (1), (2), and (3)). Where D is the complete
labeled dataset.

Dtrain =D \ (Dval ) Dtest) (1)
Dval =D \ (Dtrain ) Dtest) (2)
Dtest =D \ (Dtrain U Dval) (3)

B. PREPROCESSING

We follow a systematic approach to data preparation prior
to feeding data to the models. In this step, we apply data
cleaning, shuffling, splitting, input configuration, tokeniza-
tion, and encoding for the subsequent model training and
evaluation.

1) DATA CLEANING

We normalize titles, keywords, and abstracts in the dataset
by transforming texts to lowercase and stripping all
non-alphanumeric characters based on a set of regular
expressions. These techniques make all text parts consis-
tent and minimize noise introduced by minor formatting
inconsistencies.

2) SHUFFLING AND SPLITTING

In order to avoid ordering biases, the labeled data are
randomly shuffled before feeding to the models. In addition to
this, we utilize a stratified strategy, which helps preserve the
class distributions across subsets. As stated in Section II-Al,
two different splitting strategies are used with different
phases.
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3) INPUT CONFIGURATION

All inputs are treated in two different setups, individually
(title, keywords, and abstract) and in a combination form
(TAK), by combining all three initial parts together and
separating them with a [SEP] token in between: Title [SEP]
Keywords [SEP] Abstract. The specialized token [SEP]
allows Transformer models to semantically differentiate
between two sources of the input while keeping relative
positioning.

Based on the results from the training and fine-tuning
phases (as detailed in Table 3), the selected configuration for
all semi-supervised and co-training tasks was the combina-
tion of title and abstract (TA), which was also investigated
during the fine-tuning phase.

4) TOKENIZATION AND ENCODING

Input sequences are tokenized using pre-trained (BERT,
SciBERT, BioBERT, PubMedBERT, or BioLinkBERT) tok-
enizer, involving truncation to the maximum sequence length
of 128 tokens and padding. The tokenized inputs are
converted into a set of tensors of input IDs, attention masks,
and label IDs (where applicable).

This preprocessing enables a consistent and reproducible
pipeline that integrates well into any Transformer-based
architecture, allowing for efficient training and fine-tuning on
the EQ-5D classification task.

lIl. SUPERVISED APPROACH SETUP
This section provides details on both training and fine-tuning

strategies, hyperparameter settings, learning rate exploration,
early stopping criteria, and model preservation. To ensure
generalization and optimize classification performance, each
of the models (BERT, SciBERT, BioBERT, PubMedBERT,
and BioLinkBERT) is investigated through a structured
training and fine-tuning regimen (see Fig. 2). Various input
configurations (see Section II-B3) are evaluated during
the training and fine-tuning stages. In the training phase,
models are initialized from scratch using randomly initialized
weights. In contrast, during fine-tuning, models are initialized
from pre-trained transformer checkpoints and are further
adapted through masked language model (MLM) pre-training
before being optimized for the EQ-5D classification task.

A. LEARNING RATE EXPLORATION

Selecting learning rates wisely during the learning process
has a direct impact on the convergence and stability of the
models. We systematically evaluate nine distinct learning
rates (candidate set): n € {I x 1074, 2x 1074, 5x 1074, 1x
1075, 2 x 1075, 5 x 1075, 1 x 107%, 2 x 1075, 5 x
10~°}. Each of the learning rates mentioned is independently
checked with consistent training and validation subsets.
Models are monitored for performance improvements using
validation micro F1 scores. This strategy assists in identifying
the most effective learning rate n* specific to each model
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architecture and scale of the dataset (see (4)).
n* = argmax Flya(n). 4)
neH

where H is the set of all possible learning rates and F1,,(n)
is the performance measure of the validation set for learning
rate 7).

For each candidate learning rate and each random seed, the
model is reinitialized to ensure independent evaluation and
avoid bias from previous optimization states.

B. EPOCH SCHEDULE
The training is conducted in two phases:

o Training phase: The labeled dataset is utilized in the full
training task. All of the models are trained for up to
100 epochs.

o Fine-tuning phase: All models are fine-tuned for up
to 100 epochs using the manually labeled dataset.
Models are first adapted using MLLM pre-training on an
extra 200 randomly selected unlabeled records and then
fine-tuned for the EQ-5D classification task.

C. EARLY STOPPING STRATEGY

To avoid overfitting, we apply an early stopping strategy
based on validation set performance. In both the training and
fine-tuning phases, the process is terminated if no further
improvement is observed after ten consecutive epochs. Fol-
lowing early stopping, the model with the best performance
on the validation set is adopted for further investigation.

D. OPTIMIZATION AND SCHEDULING

We employ the AdamW optimizer for weight decay with
decoupled weights during optimizer training, which improves
generalization. To smooth the early training epochs and avoid
abrupt updates, a linear rate scheduler is integrated that allows
for a warm-up. The number of warm-up steps is 10% of
the total steps during training. This approach matches the
best practices in Transformer fine-tuning and contributes to
smoother convergence.

E. MULTI-SEED EVALUATION

To ensure the results are reliable and reduce variability due
to random initialization, all experiments are conducted five
times with different random seeds: 42, 123, 2023, 777, and
999. The reported results are the mean and standard deviation
of these runs.

F. BATCH PROCESSING AND HARDWARE UTILIZATION
The models are trained with a batch size of 32, and all
the experiments are done on GPU-enabled environments,
ensuring efficient parallelization. Mixed precision training is
enabled where feasible to minimize memory footprint and
accelerate computation.

G. MODEL CHECKPOINTS AND REPRODUCIBILITY
During the learning process, we keep the best-performing
model for future use. In this stage, both weights and the
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[ 1. Load and clean the data ] [ 3. Train / Fine-tuning ] [ 4. Evaluate and save ]

l Load BERT/SciBERT/BioBERT/PubMedBERT/ )
BioLinkBERT Load best model weights
Read from dataset: ith ber of uni labels in the dataset
200 labeled eq-5d 200 unlabeled eq-5d with number of unique labels in the datase ¢
records records T
Fine-tune

l‘ Run on test set }

Clean text:
Lowercase + remove punctuations

3.a. MLM domain-adaptive pre-training Train
(fine-tune only)

l

f Calculate and print:

/ Input setup: \ “/

records
e Title Train
o Abstract g « 15 epochs
* Keywords . LR; 5e-5 )
» Combined: Title, Abstract, Keywords — 15% ma§klng
« Combined: Title and Abstract \_+ Save weights

Unsupervised MLM pre-training:

« 200 randomly selected unlabeled

« Confusion matrix

« Classification report

« F1 (micro, macro, weighted)

« Mean: F1 % Std and Accuracy + Std
\ « 95% Confidence intervals (F1, accuracy)

v

Save full model

s

P

/

l for each seed:
[42, 123, 2023, 777, 999]

Visualize class distribution /

[ 2. Split and tokenize data ]

i . Train/fine-tune on train set

. Evaluate on validation set

. Compute micro f1 score

. Save best mode (early stopping
strategy applied if no improvement
after 10 epochs).

(rain: 60%) (Test: 28%) (Val: 12%

Shuffle and Split into:

BioLinkBERT tokenizer \
Tokenize the input text

Use BERT/SciBERT/BioBERT/PubMedBERT/ ‘

/ for each learning rate:
| [Me-4, 2e-4, 5e-4, 1e-5, 2e-5, 5e-5, 1e-6, 2e-6, 5e-6]

Train/fine-tune 100 epochs

L Save best model per seed ~/ :

FIGURE 2. Training and fine-tuning approach.

configuration file were saved; this allows for the model to
be reloaded exactly as it was during the evaluation process,
inference, or future training processes.

IV. INFERENCE AND WEIGHTED VOTING AGGREGATION
In this phase, for evaluating the generalization of the model
and increasing the robustness of prediction, we randomly
select an extra 200 unlabeled studies from the original
dataset (N = 15,547 records) collected by Kertész et al. [3],
then conduct inference using an ensemble of fine-tuned
models (BERT, SciBERT, BioBERT, PubMedBERT, and
BioLinkBERT). All models used in this phase correspond
to the best-performing checkpoints obtained during the fine-
tuning stage. The dataset is structured with metadata fields
in its records that contain title, abstract, and keywords, and
this is applied across individual inputs and their combined
representations to evaluate the classification performance of
the model over multiple configurations.

A. MULTI-CONFIGURATION INFERENCE

Fine-tuned models (BERT, SciBERT, BioBERT, PubMed-
BERT, and BioLinkBERT) that are saved in the pre-
vious phase are applied across the four distinct input

81670

configurations: title, abstract, keywords, and combining
all three. Each configuration is evaluated using fine-tuned
models, resulting in a total of 20 prediction results per
study: Total predictions = 5 Models x 4 input scenarios =
20 different predictions for each study. Text normalization
and tokenization are conducted uniformly across all configu-
rations. Softmax-normalized output probabilities are used to
give each prediction a confidence score. (see Figs. 3, and 4).

B. WEIGHT VOTING MECHANISM

In order to achieve a single prediction across multiple
predictions, the weighted voting technique is adopted. For
each study, the individual class predictions from four input
variants of each model are aggregated by weighting each
predicted class according to its associated confidence score.
The final predicted label is the class with the highest
aggregated confidence from the input variants (as shown
in 5):

4
5 = I[$; = c] - Conf;. 5
5 argcrer}gﬁ}; [ = c] - Conf; )

« y: Final predicted label after weighted voting.
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1. Load and clean the data

I

Read CSV file:
Title, Abstract, Keywords

v

Clean text:
Lowercase + remove punctuations

()
Input setup:
« Combined Title, Abstract, Keywords
[ Title [SEP] Abstract [SEP] Keywords ]

¥

Visualize class distribution

2. Tokenize data

[

BioLinkBERT tokenizer
Tokenize combined text

Use BERT/SchERT/BioBERT/PubMedBERIJ

[ 3. Inference and prediction

For each saved model in
BERT/SciBERT/BioBERT/PubMedBERT/
BioLinkBERT:

« Load model

« Run batch-wise inference on the input
data

« Save predictions + confidence per record

V

Save predictions and confidences

FIGURE 3. Utilize stored models for inference.

o ¥;: Predicted label from the i-th input variant (title,

abstract, keywords, combined).

« Conf;: Maximum softmax probability associated with y;,

i.e., Conf; = max,¢(o,1) P(c | x;).
e I[J; = c]: Indicator function that equals 1 if y; = c,
otherwise 0.

The summation runs over all four input variants. The final
label y is the class ¢ € {0, 1} with the highest total weighted
score.

The final confidence score is computed as the normalized
weighted score (see (6)):

> I[%; = 31 - Conf;
Zf’: | Conf; .

Conffipa =

(6)

C. AGGREGATED RESULTS

The final predictions and their normalized confidence scores
are stored and used for further assessment with inter-model
consistency and to evaluate the relative influence of different
input types.

V. SEMI-SUPERVISED LEARNING
After the inference and weight voting approach on the
unlabeled dataset, the semi-supervised approach is employed
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[ 1. Load predictions from CSV file ]

!

Extract predictions and confidence from:

« Title

« Abstract

« Keywords

« Combined: Title, Abstract, Keywords

- /
/ For each data point (row): \

1. Extract predicted labels and their
confidence score.

2. Compute a score for each class (0 or 1)
as the sum of confidences of all models
that predicted that class.

3. For each label: class_score[label] +=
confidence.

4. Select label with highest score.
5. Normalize final confidence.

N i /

Apply voting:
Applies the weighted voting function
across all rows.

!

Save the final predicted label and
confidence

FIGURE 4. Weighted voting from multiple models.

to enhance the performance of the models (BERT, SciBERT,
BioBERT, PubMedBERT, and BioLinkBERT) for text classi-
fication of detecting EQ-5D reported in the PubMed dataset.
The approach uses 200 labeled records and an extra 2,000
randomly selected unlabeled records (see Section II-A, and
Fig. 5) to maximize the accuracy of the model through an
iterative teacher-student pseudo-labeling process.

A. INITIAL DATA PROCESSING

The initial stage of this approach involves utilizing and
preparing two distinct datasets (labeled and unlabeled).
The first is a manually annotated corpus of 200 studies
(explained in Section II-A). For the second, unlabeled corpus,
2,000 randomly selected papers are used as the pseudo-
labeling pool. Only the title and abstract (TA) fields are
used as input, concatenated with a [SEP] token, based
on the best-performing input configuration identified in the
preceding supervised phases (see Section VII-A). All inputs
undergo a standardized preprocessing pipeline (explained
in Section II-B) before analysis. The labeled dataset is
divided into three parts: a training set (50%), a testing set
(35%), and a validation set (15%). This division follows the
same method used in the semi-supervised and co-training
approaches (see Section II-A). To prevent data leakage, the
test set is kept completely separate and is not used in either
dataset expansion or pseudo-label creation.

B. MODEL FINE-TUNING
The labeled dataset is used alone during the fine-tuning
process. All five models (BERT, SciBERT, BioBERT,
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FIGURE 5. Semi-supervised learning approach.

PubMedBERT, and BioLinkBERT) are fine-tuned with four
learning rates (candidate set)

ne{lx1072 2x107° 3 x 107>, 5x 107} across a
maximum of 25 epochs for the teacher and 35 epochs for the
student model. Model selection is based on the best validation
ROC-AUC score, which is adopted as the selection criterion.

C. SEMI-SUPERVISED EXTENSION THROUGH
PSEUDO-LABELING

The pseudo-labeling approach is used to extend the capacity
of models in a semi-supervised setting. After the initial
supervised phase, the best-performing teacher model gen-
erates soft pseudo-labels for the unlabeled pool of 2,000
studies (see (7)). Each prediction is assigned a confidence
score, calculated from its softmax probabilities. Only samples
whose confidence exceeds a threshold = 0.90 are retained,
with a maximum of 250 pseudo-labeled samples per class

(see (8)).

§j = argmax fo(x)e,
D' = Dirain U Dpﬂcudo
Dpseudo = {(x}, 17]) | x; € Dy, maXfe(xj)L =

| <K}

retain if max fy(xj)c > 7. (7)
c

®)

| seudo
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A student model is then trained on the combined
supervised and pseudo-labeled data, minimizing a joint loss

(see (9)):

= LcE(Dyain; 0) + A »CKL(,DpseudOQ 0). )

where A = 0.10 is the unsupervised loss weight, fp(x)
denotes the model’s predicted class probabilities (softmax
output), 6 represents the model parameters, Diqin 1S the
labeled training subset, Dy is the unlabeled pool, p; is the
soft pseudo-label vector assigned to the unlabeled sample
xj, T = 0.90 is the confidence threshold, D;seudo denotes
the pseudo-labeled samples of class ¢, K = 250 is the
maximum number of pseudo-labeled samples per class, and
Dpseudo is the confidence-filtered pseudo-labeled subset. The
performance of each model is evaluated on the fixed, held-
out test set, which is excluded from all pseudo-labeling and
dataset expansion steps throughout the entire semi-supervised
pipeline.

»Csemi

VI. CO-TRAINING FRAMEWORK

In this phase, a technique of co-training, which combines
both the labeled and the unlabeled datasets, utilizing all
five models (BERT, SciBERT, BioBERT, PubMedBERT,
and BioLinkBERT), is used. Our approach is to inves-
tigate all ten pairwise co-training scenarios, each with

VOLUME 14, 2026



Z. R. K. Rostam et al.: Automated Classification of EQ-5D Literature in PubMed

IEEE Access

and without LLM assistance (GPT-40-mini and Claude
Haiku). Each pairwise configuration allows two distinct
models to iteratively exchange high-confidence pseudo-
labels, progressively enhancing performance on unlabeled
data. In this study, we use the bidirectional arrow (<) to
denote co-training between models.

A. EXPERIMENTAL SETUP AND DATA PREPROCESSING
The experiments utilize both labeled (200 manually labeled)
and unlabeled (2,000 randomly selected) datasets (see
Section II-A). Only the title and abstract (TA) fields are
used as input, concatenated with a [SEP] token, based on
the best-performing input configuration in the supervised
phases (see Section VII-A). We follow the same strategies
for preprocessing and preparing the datasets prior to feeding
them to the models as stated in Section II-B. Each model
undergoes domain-adaptive pre-training via MLM on the
combined training and unlabeled corpus prior to fine-tuning.
Each model is then fine-tuned individually on the labeled
training subset, keeping the best checkpoint based on the
validation ROC-AUC score. Two complementary views of
the same input are constructed for each pair:

e View 1 (Model 1): Title [SEP] Abstract

e View 2 (Model 2): Abstract [SEP] Title

B. CO-TRAINING PROCEDURE (WITHOUT LLM)

In this section, we explain the co-training procedure (see
Fig. 6), which consists of three iterations for each pairwise
model setup, following a curriculum schedule with pro-
gressively relaxed thresholds (z € {0.95,0.92,0.90}) and
increasing pseudo-label samples (K € {100, 150, 200}) per
class, providing up to 200, 300, and 400 total pseudo-labeled
samples at iterations 1, 2, and 3, respectively. Each iteration
performs the following tasks:

o Prediction: Unlabeled studies receive predictions from
each model per pairwise individual. At iteration ¢, each
model M,Et) (k e {1,2} representing any chosen pair
of PLMs) predicts class probabilities for all unlabeled
samples x; € Dy using MC-Dropout over P forward
passes (see (10), (11) and (12)).

« High-Confidence Filtering: Keeps only predictions
where both models agree, both exceed the confidence
threshold 7, and both exhibit low predictive uncer-
tainty (variance < §), as presented in (13).

o Cross-Labeling: Each model uses the pseudo-labeled
data from the other model to augment its own training
set (see (14)).

o Retraining: Each model is further trained on the
expanded dataset (labeled + pseudo-labeled dataset)
with a consistency regularization term (see (15)).

P
P = }D > softmax (s} (x)). (10)

p=1

where zg’)p (x;) are the logits produced M ,Et) at the dropout pass
p, and P 1s the number of MC-dropout forward passes.
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The pseudo-label 51553 is assigned based on the highest
predicted probability:

5 = argmax i (), (1)

with confidence
Conf{” (x)) = max £ (x)).. (12)
C

P = 1. 50 | 5 € Dy,

~() _ ~(1)
Y1j = Y2

Confg)(xj) > 70,

varl(x) < 8,

I < KO, (13)

DI = Dyin UPY, DYDY = Dy UPY. (14)
1

£1(<t+1) _ Z yT logfk(f+])(x)

D
D(H‘
Dy |(x,y)ED;:+l)

+ 7 Leons(x; 60D (15)

This process is repeated for T = 3 iterations, leading to
progressively refined models {M ®, Mg)}thl. Final predic-
tions are obtained via an adaptive weighted ensemble, where
weights are proportional to each model’s F1 score at each
iteration (see (16)).

_ Fli
" Fl; + Fl,

The final decision threshold is optimized via Youden’s
J [32] statistic on the ROC curve.

Where Dy,in is the labeled training subset, Dy is the
unlabeled pool, 7® is the confidence threshold at iteration
t, 8§ = 0.05 is the uncertainty threshold, Var,(ct)()qi)
is the MC-Dropout predictive variance, IP,EI)’CI denotes
pseudo-labeled samples of class c at iteration ¢, K@ is the
per-class pseudo-label budget, and y = 0.2 is the consistency
regularization weight.

=wi 00 +wa S0, w - (16)

C. FINAL LABEL AGGREGATION AND MODEL
CONSOLIDATION

Following the co-training iterations, predictions from each
of the paired models are combined via adaptive weighted
ensemble, and the final decision threshold is optimized on the
ROC curve. An expanded labeled dataset is built as a result
of this phase.

Final evaluations are performed on the fixed held-out
test set to assess each model’s capability in general-
ization. The results showed that the incorporation of
high-confidence pseudo-labels led to robust and accurate
classifiers.

D. LLM-ASSISTED CO-TRAINING

In addition to the co-training approach, we utilize LLMs
with each pair to enhance the quality of pseudo-labels (see
Figs. 7 and 9). Specifically, we investigate two LLMs as third
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FIGURE 6. Co-training approach without LLM.

annotators: GPT-40-mini and Claude Haiku 4.5. We pass a
structured query to the LLM, injecting the title and abstract
of each study and asking it to provide a prediction with a
confidence level. The pseudo-label is only assigned to the
study if:
o The co-training pair and the LLM achieve a majority
agreement (at least 2 out of 3 votes, see (17)).

o The average confidence score across all three annotators
exceeds the threshold 7 (see (18)).

UM — [pﬁ’} +p3)+pp™M > 2] (17)
Conf"” (x}) + Conf{ (x;) + MM
. J
g = . 18)

3
where p,(:’)j € {0, 1} is the hard prediction of model k, ijLM is
the LLM prediction, and c}“LM is the LLM confidence score.

A sample is retained only if ¢; > ™,
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1) COST ANALYSIS

The total annotation cost for the 2,000 unlabeled records
is presented in Table 1. GPT-40-mini required an initial
annotation cost of $0.1559 per experimental run, while
Claude Haiku 4.5 required $1.1780 per experimental run.
By leveraging response caching based on MDS5, after the
first run, all further runs across different random seeds and
co-training iterations were supplied directly from the cache,
thereby reducing the per-run cost to $0.0766 for GPT-40-mini
and $0.1158 for Claude Haiku 4.5, demonstrating that LLM-
assisted co-training was cost-efficient compared to manual
annotation.

TABLE 1. Empirical LLM annotation cost for 2,000 unlabeled records.

LLM Avg Input Avg Output Total First-Run Cached-Run
Tokens/Record  Tokens/Record Tokens Cost (USD)  Cost (USD)

GPT-40-mini 510.8 2.0 1,025,600 $0.1559 $0.0766

Claude Haiku 4.5 579.0 2.0 1,162,000 $1.1780 $0.1158
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E. LLM QUERY

The LLM is prompted to predict whether the full-text of a
publication discusses EQ-5D based solely on its title and
abstract. For each study, we run a structured prompt (stated
below):

“You’re an expert in medical research. Based only on the
Title, and Abstract of the following study, determine how
likely it is that the full-text discusses EQ-5D. Respond with
one of the following confidence levels:

o Definitely Yes

o Probably Yes

o Unsure

o Probably No

o Definitely No
Title: [Title Text]

Abstract: [Abstract Text]

The response is parsed and mapped to a binary label and

confidence score as presented in Table 2:

TABLE 2. Mapping of LLM responses to binary labels and confidence
scores.

LLM Response  Binary Label = Confidence Score
Definitely Yes 1 0.99
Probably Yes 1 0.85
Unsure 0 0.50
Probably No 0 0.15
Definitely No 0 0.01

To avoid redundant API calls, LLM responses are cached
using an MDS5 hash of the title and abstract. The final
evaluation is conducted on the fixed held-out test set,
consistent with all other phases.

VII. EVALUATION AND RESULTS
In this section, we provide a comprehensive model assess-
ment by reporting achieved results and evaluating models’
performance across all phases, highlighting both classifica-
tion metrics and consistency between approaches. To present
the actual models’ performance, different evaluation metrics
are used, in addition to the models’ agreement between
approaches, which strengthens the reliability of predictions.
Progressive improvement in the efficiency of model
representations can be observed across approaches, as one
moves from supervised to semi-supervised and finally to
co-training learning methodologies.

A. PERFORMANCE ACROSS SUPERVISED APPROACH

This section summarizes the classification performance
of the BERT, SciBERT, BioBERT, PubMedBERT, and
BioLinkBERT models during both training and fine-tuning
(see Table 3). Metrics are presented for each input configura-
tion (title, keywords, abstract, combined).

1) TRAINING PHASE
In this phase, all of the models achieved high recall with
notably low precision, indicating a tendency to overpredict
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the positive class. This imbalance suggests overfitting, likely
caused by the limited size of the labeled dataset, which may
have led models to memorize dominant label patterns rather
than learn generalization features.

BioBERT produced the most balanced performance among
all models. It achieved the highest F1-score (0.68) when using
title input (mean F1 = 0.66 £+ 0.0122, 95% CI: [0.575,
0.775]). BERT also performed well on the abstract input (F1-
score is 0.63, mean F1 = 0.66 &+ 0.020, 95% CI: [0.600,
0.788]), whereas SciBERT achieved its best performance
with title input (F1-score is 0.64, mean F1 = 0.6575+0.015,
95% CI: [0.575, 0.788]).

Among domain-specific models, PubMedBERT and
BioLinkBERT achieved the best F1-scores of 0.62 and 0.61,
respectively, both with title input (mean F1 = 0.6425 +
0.0291 and 0.6425 £ 0.0331).

2) FINE-TUNING PHASE

Fine-tuning achieved better classification balance in terms
of precision and recall for all the models. PubMedBERT
achieved the best overall Fl-score (0.75) with title input
and accuracy of 0.76 (mean F1 = 0.7250 + 0.0250,
95% CI: [0.6747, 0.8500]). BioBERT and BioLinkBERT
similarly showed strong performance with title input,
attaining Fl-scores of 0.73 each (mean F1 = 0.6750 £+
0.0500 and 0.7175 %+ 0.0127 respectively), followed by
SciBERT (F1-score is 0.72, mean F1 = 0.6975 £ 0.0339,
95% CI: [0.6375, 0.8250]) also with title input.

BERT achieved its best result with combined input
(Fl1-score is 0.70, mean F1 = 0.6400 + 0.0502). These
gains indicated that fine-tuning assisted in reducing the
overfitting impacts present in the training phase, with
domain-specific models benefiting most from pre-trained
biomedical knowledge.

B. INFERENCE AND AGREEMENT-BASED VOTING

In addition to assessing individual performance, we con-
ducted inference experiments with the saved models at
the fine-tuning stage. The inference and weighted voting
strategy were applied to 200 unlabeled new records. The
predictions were aggregated through a weighted voting strat-
egy, prioritizing agreement among models and incorporating
confidence-based selection when available. This strategy is
intended to increase the overall prediction reliability by
relying on an agreement across model variants.

Table 4 summarizes the agreements while utilizing
inference, then a weighted voting strategy across all five
models (BERT, SciBERT, BioBERT, PubMedBERT, and
BioLinkBERT) in the fine-tuning phase. All five models
agreed on 133 records (66.5%), while at least four models
agreed on 173 records (86.5%). Notably, at least three
models agreed on all 200 records (100%), supporting the
effectiveness of the ensemble approach in ensuring reliable
prediction coverage.

The agreement levels reflect a more calibrated represen-
tation of uncertainty compared to a single model prediction.
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FIGURE 7. Co-training approach with LLM assistance.

Therefore, weighted voting can serve as an effective method
for aggregating model outputs, offering a better balance
between precision and recall than what can be achieved by
a single model.

C. MODELS PERFORMANCE WITH SEMI-SUPERVISED
LEARNING

By utilizing this approach, we achieved better results for
all five models (BERT, SciBERT, BioBERT, PubMedBERT,
and BioLinkBERT) in detecting EQ-5D mentioned in sci-
entific literature by leveraging an expanded dataset through
pseudo-labeling on 2,000 unlabeled records using the title and
abstract (TA) input configuration.

Table 5 shows the models’ results for different evaluation
metrics, like accuracy, precision, recall, and F1-score. It also
shows the mean F1 =+ std and 95% confidence intervals across
five seeds. BioLinkBERT achieved the best accuracy (0.83)
and Fl-score (0.82), with a mean F1 of 0.7805 £ 0.0271.
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PubMedBERT consistently showed a strong performance
with an accuracy of 0.81 and the lowest variance (mean
F1 = 0.7881 %+ 0.0160). This made it the most stable model.
BioBERT also achieved 0.81 accuracy and 0.81 Fl-score
(mean F1 = 0.7669 £ 0.0321).

SciBERT reached 0.80 accuracy and Fl-score of 0.80
(mean F1 = 0.7344 £ 0.0361), while BERT achieved
0.79 accuracy and 0.77 Fl-score (mean F1 = 0.7088 £
0.0415).

Compared to the supervised fine-tuning phase, pseudo-
labeling led to better generalization. The five models showed
improved performance, with F1-scores ranging from 0.77 to
0.82 on the held-out test set. Using pseudo-labeling in
semi-supervised learning improved both accuracy and model
robustness, especially when the training data was limited and
relatively low.

Table 6 and Figure 8 present the analysis of models’ agree-
ment, highlighting the robustness of the semi-supervised
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TABLE 3. Model performance summary: Training and Fine-tuning.

Stage Model Input Accuracy Precision Recall Fl-score Mean F1 + Std 95% CIF1 95% CI Acc
abstract 0.70 0.74 0.70 0.63 0.6600 + 0.0200 [0.600, 0.788] [0.600, 0.800]
BERT keywords 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
title 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
combined 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
abstract 0.65 0.60 0.65 0.53 0.6375 £ 0.0250 [0.5497, 0.750] [0.550, 0.750]
SCiBERT keywords 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
title 0.69 0.67 0.69 0.64 0.6575 £ 0.0150 [0.575, 0.788] [0.575, 0.788]
combined 0.65 0.42 0.65 0.51 0.6500 +£ 0.0000 [0.550, 0.750] [0.550, 0.750]
Training abstract 0.65 0.60 0.65 0.53 0.6500 =+ 0.0000 [0.550, 0.750] [0.550, 0.750]
BioBERT keywords 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
title 0.68 0.69 0.68 0.68 0.6600 + 0.0122 [0.575, 0.775] [0.575, 0.775]
combined 0.65 0.42 0.65 0.51 0.6500 +£ 0.0000 [0.550, 0.750] [0.550, 0.750]
abstract 0.66 0.66 0.66 0.56 0.6525 £ 0.0050  [0.5625,0.7625]  [0.5625, 0.7625]
PubMcdBERT keywords 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
title 0.68 0.66 0.68 0.62 0.6425 + 0.0291 [0.5625, 0.775] [0.575, 0.775]
combined 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
abstract 0.68 0.70 0.68 0.58 0.6525 £+ 0.0122 [0.5625, 0.775] [0.575, 0.775]
BioLinkBERT keywords 0.65 0.42 0.65 0.51 0.6500 + 0.0000 [0.550, 0.750] [0.550, 0.750]
0 title 0.68 0.66 0.68 0.61 0.6425 + 0.0331 [0.575, 0.775] [0.575, 0.763]
combined 0.65 0.42 0.65 0.51 0.6375 £ 0.0250 [0.550, 0.750] [0.550, 0.750]
abstract 0.71 0.71 0.71 0.68 0.6775 £ 0.0348  [0.6125,0.8125]  [0.6125, 0.8125]
BERT keywords 0.66 0.63 0.66 0.62 0.5775 £ 0.0629  [0.5625,0.7750]  [0.5625, 0.7625]
title 0.68 0.66 0.68 0.61 0.6550 + 0.0203  [0.5750,0.7625]  [0.5750, 0.7750]
combined 0.74 0.76 0.74 0.70 0.6400 £ 0.0502  [0.6375,0.8375]  [0.6375, 0.8375]
Title and Abstract 0.69 0.68 0.69 0.68 0.6625 £+ 0.0177  [0.5875,0.7875]  [0.5875, 0.7875]
abstract 0.74 0.74 0.74 0.71 0.6825 + 0.0281  [0.6375,0.8250]  [0.6500, 0.8250]
SciBERT keywords 0.65 0.42 0.65 0.51 0.6100 £ 0.0406  [0.5500, 0.7500]  [0.5500, 0.7500]
title 0.74 0.73 0.74 0.72 0.6975 + 0.0339  [0.6375,0.8250]  [0.6375, 0.8250]
combined 0.68 0.66 0.68 0.61 0.6475 £ 0.0215  [0.5625,0.7750]  [0.5750, 0.7750]
Title and Abstract 0.68 0.66 0.68 0.65 0.6625 + 0.0137 [0.5747, 0.775] [0.575, 0.775]
Fine-tuning abstract 0.74 0.73 0.74 0.72 0.6925 + 0.0341  [0.6375,0.8250]  [0.6375, 0.8375]
BioBERT keywords 0.65 0.62 0.65 0.61 0.5975 £ 0.0578  [0.5500, 0.7500]  [0.5500, 0.7500]
title 0.74 0.73 0.74 0.73 0.6750 £ 0.0500  [0.6500, 0.8250]  [0.6375, 0.8250]
combined 0.66 0.64 0.66 0.58 0.6050 + 0.0664  [0.5622,0.7625]  [0.5625, 0.7625]
Title and Abstract 0.74 0.73 0.74 0.73 0.6825 + 0.0376  [0.6375,0.8375]  [0.6500, 0.8375]
abstract 0.74 0.74 0.74 0.71 0.6875 + 0.0426  [0.6375,0.8253]  [0.6375, 0.8250]
PubMedBERT keywords 0.65 0.42 0.65 0.51 0.5775 £ 0.0550  [0.5500, 0.7500]  [0.5500, 0.7500]
title 0.76 0.76 0.76 0.75 0.7250 £ 0.0250  [0.6747, 0.8500]  [0.6750, 0.8500]
combined 0.74 0.73 0.74 0.73 0.6875 + 0.0326  [0.6375,0.8250]  [0.6375, 0.8250]
Title and Abstract 0.75 0.74 0.75 0.74 0.7150 + 0.0184  [0.6500, 0.8375]  [0.6500, 0.8500]
abstract 0.72 0.72 0.72 0.71 0.6675 + 0.0430  [0.6250, 0.8250]  [0.6250, 0.8250]
BioLinkBERT keywords 0.69 0.70 0.69 0.62 0.6500 + 0.0237 [0.5875, 0.775] [0.5875, 0.775]
title 0.74 0.73 0.74 0.73 0.7175 £ 0.0127  [0.6500, 0.8253]  [0.6375, 0.8375]
combined 0.70 0.69 0.70 0.67 0.6475 £ 0.0310 [0.600, 0.7875] [0.5875, 0.800]
Title and Abstract 0.71 0.72 0.71 0.67 0.6775 £ 0.0330 [0.600, 0.8125] [0.6125, 0.800]

TABLE 4. Model agreement across five models in the fine-tuning phase.

TABLE 5. Model performance: Semi-supervised learning (Title and

Abstract input).
Agreement Level Number of Records  Percentage
Full Agreement (5/5) 133 66.5% Model Accuracy  Precision Recall F1 Mean F1 =+ Std 95% CIF1
At Least Four Agree (4/5) 173 86.5% BERT 0.79 0.81 079 077 0.7088 +0.0415  [0.6702, 0.8667]
SCiBERT 0.80 0.80 080  0.80 0.7344 +0.0361  [0.7007, 0.8857]
At Least Three Agree (3/5) 200 100% BioBERT 0.81 0.82 081 081 0.7669 +0.0321  [0.7100, 0.8996]
At Least Two Agree (2/5) 200 100% PubMedBERT 081 0.82 081  0.80 0.7881+ 0.0160 [0.7056,0.8991]
BioLinkBERT 0.83 0.83 0.83  0.82 07805+ 00271  [0.7336,0.9112]

learning approach across the 2,000 unlabeled records. All
five models agreed on 1,307 records (65.35%), while at least
four models agreed on 1,727 records (86.35%). Furthermore,
at least three models agreed on all 2,000 records (100%),
indicating strong consistency within the ensemble.

These statistics provide further evidence that the models
complement each other and indicate that weighted voting
based on such agreement can be used to reliably aggregate
predictions and increase the confidence in classification.
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TABLE 6. Model agreement summary: Semi-supervised approach (2,000
unlabeled records).

Category Count  Percentage (%)
All 5 Models Agree 1307 65.35

At Least 4 Models Agree 1727 86.35

At Least 3 Models Agree 2000 100

At Least 2 Models Agree 2000 100

Al Models Agree _

1727 (86.4%)

At Least 4 Models Agree 1

At Least 3 Models Agree

At Least 2 Models Agree

40 60 80 100
Agreement Percentage (%)

o
n
o

FIGURE 8. Semi-supervised model agreements.

D. MODELS PERFORMANCE WITH CO-TRAINING
LEARNING

1) CO-TRAINING APPROACHES WITHOUT LLM

Table 7 presents the summary of the performance of
co-training setups after three iterations for pseudo-labeling
cycles that involved all ten pairwise combinations of BERT,
SciBERT, BioBERT, PubMedBERT, and BioLinkBERT.
Performance across all settings appeared enhanced sys-
tematically as the iterations progressed, demonstrating the
effectiveness of co-training in leveraging the unlabeled data
to enhance model robustness and accuracy.

The SciBERT <> BioLinkBERT achieved the best perfor-
mance, reaching an Fl-score of 0.85 by the third iteration,
which is an improvement from 0.76 in the first iteration. The
mean F1 is 0.8366 £ 0.0210 (95% CI: [0.8075, 0.8657]).
PubMedBERT <« BioLinkBERT had the most consistent
performance, with a mean F1 of 0.8375 £ 0.0029 (95%
CI: [0.8334, 0.8416]), reaching an Fl-score of 0.84 at
iteration three. BERT <« BioLinkBERT and BioBERT <«
BioLinkBERT both showed consistent improvement across
iterations, attaining an Fl-score of 0.84 each by iteration
three, with mean F1 of 0.8055 + 0.0455 and 0.8170 +
0.0260, respectively. Additionally, pairs with models from
the same domain, such as BERT <> SciBERT (mean
F1 = 0.7487 £ 0.0650) and BioBERT <> PubMedBERT
(mean F1 = 0.7474 £ 0.0631) showed modest gains. This
suggests that model diversity is a key driver of co-training
effectiveness.

2) CO-TRAINING APPROACHES WITH GPT
GPT-assisted pseudo-labeling is extended with co-training

across all ten pairs (see Table 8). The best perform-
ing GPT-assisted setup is GPT-BERT <« BioLinkBERT,
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achieving an Fl-score of 0.85 at iteration three with a
mean F1 of 0.8217 £ 0.0420 (95% CI: [0.7635, 0.8800]),
followed by GPT-BERT <> PubMedBERT (F1-score 0.84,
mean F1 = 0.8200 £ 0.0250) and GPT-BERT <> BioBERT
(Fl-score 0.83, mean F1 = 0.8114 4+ 0.0205). GPT
assistance most benefited weaker pairs: GPT-BERT <«
SciBERT improved from Fl-score 0.73 at il to 0.82 at i3
(mean F1 = 0.8055 &£ 0.0191), and GPT-BioBERT <«
PubMedBERT from 0.75 to 0.83 (mean F1 = 0.8056 +
0.0287). However, for pairs already performing strongly
without LLM, GPT involvement resulted in slightly lower
performance, SciBERT <« BioLinkBERT dropped to mean
F1 = 0.8013 £ 0.0288 and PubMedBERT <> BioLinkBERT
to 0.8089 £ 0.0337, compared to 0.8366 £ 0.0210 and
0.8375 £ 0.0029 without LLM, suggesting that high-quality
PLM pairs do not benefit from external annotation.

3) CO-TRAINING APPROACHES WITH CLAUDE

Claude Haiku assistance produced comparable results to GPT
across most pairs (see Table 9). The best Claude-assisted
setup was Claude-BERT <« BioBERT, reaching F1-score
0.84 at iteration three with a mean F1 of 0.8216 =+
0.0228 (95% CI: [0.7900, 0.8531]). Claude-BERT <«
BioLinkBERT and Claude-BioBERT <> BioLinkBERT also
reached F1-score 0.84 at iteration three. Claude’s assistance
showed the largest gains for Claude-BERT <« BioBERT
(from 0.78 at il to 0.84 at i3) and Claude-BioBERT <«
BioLinkBERT (from 0.75 at il to 0.84 at i3).

Similar to GPT, Claude’s assistance slightly degraded
performance for BioLinkBERT-containing pairs that were
already strong without LLM involvement. Notably, Claude-
SciBERT <« BioBERT showed a non-monotonic pattern,
peaking at il (F1-score 0.81) before dropping at i2 (F1-score
0.73) and partially recovering at i3 (F1-score 0.78), with the
lowest variance among all Claude pairs (mean F1 = 0.7743 £
0.0062, 95% CI: [0.7656, 0.7829]), suggesting instability
when Claude annotations conflicted with strong PLM pair
agreement.

E. MODEL AGREEMENT AND CONFIDENCE-WEIGHTED
VOTING

With the aim of refining pseudo-labeled examples, agree-
ments between co-trained classifier pairs (without LLM, with
GPT-40-mini, and with Claude Haiku) were analyzed across
the 2,000 unlabeled records. For each record, the agreement
count reflected the number of pairs out of ten that were
assigned the same pseudo-label, where the pseudo-label of
each pair was derived from the weighted ensemble described
in Section VI-B (see (16)). Agreement levels range from full
agreement (all 10 pairs) to at least 5 pairs agreeing.

Table 10 summarizes the levels of agreement across
all three co-training configurations on the 2,000 unlabeled
records. Without LLM involvement, all ten pairs agreed on
1,285 records (64.25%), with at least five pairs agreeing
on all 2,000 records (100%). With GPT-40-mini assistance,
full agreement across all ten pairs was observed for

VOLUME 14, 2026



Z. R. K. Rostam et al.: Automated Classification of EQ-5D Literature in PubMed

IEEE Access

TABLE 7. Co-training performance after 3 iterations (without LLM).

Pair Iter Acc Prec Rec F1 Mean F1 + Std 95% CI F1 95% CI Acc Mean Acc + Std
il 0.80 0.81 0.80 0.79
BERT <> SciBERT i2 0.80 0.82 0.80 0.79 0.7487 £0.0650 [0.6587,0.8388] [0.6520,0.8480] 0.7500 + 0.0707

i3 080 0.80 0.80 0.79

il 073 073 073 0.73
BERT <+ BioBERT i2 080 0.80 0.80 0.79
i3 0.83 0.87 0.83 0.82

0.8040 £ 0.0169

[0.7806, 0.8274]  [0.7863, 0.8423]  0.8143 £ 0.0202

il 076 076 0.76 0.76
BERT <+ PubMedBERT i2 079 079 0.79 0.78
i3 0.81 0.82 0.81 0.81

0.8012 £ 0.0130

[0.7832,0.8192] [0.7931,0.8211]  0.8071 £ 0.0101

il 0.81 0.82 0.81 0.81
BERT <> BioLinkBERT i2 084 085 0.84 0.84
i3 084 085 0.84 0.84

0.8055 £ 0.0455

[0.7424, 0.8686]  [0.7371, 0.8771]  0.8071 £ 0.0505

il 073 073 073 0.73
SciBERT <+ BioBERT i2 079 082 0.79 0.77
i3 0.80 0.80 0.80 0.79

0.7626 £ 0.0454

[0.6996, 0.8255]  [0.6943,0.8343]  0.7643 £ 0.0505

il 074 074 074 0.73
SciBERT <+ PubMedBERT i2 081 0.83 0.81 0.81
i3 0.81 0.83 0.81 0.81

0.7877 £ 0.0252

[0.7527,0.8226]  [0.7509, 0.8349]  0.7929 £ 0.0303

il 076 076 0.76 0.76

SciBERT < BioLinkBERT i2 077 080 0.77 0.77 0.8366 + 0.0210 [0.8075, 0.8657] [0.8149, 0.8709]  0.8429 + 0.0202
i3 086 0.87 0.86 0.85
il 074 076 0.74 0.75

BioBERT <+ PubMedBERT i2 077 077 077 0.77 0.7474 £0.0631 [0.6599, 0.8349]  [0.6520, 0.8480]  0.7500 £ 0.0707

i3 080 0.80 0.80 0.79

il 079 078 0.79 0.78
BioBERT <+ BioLinkBERT i2 083 0.83 0.83 0.82
i3 084 086 0.84 0.84

0.8170 £ 0.0260

[0.7810, 0.8531]  [0.7794,0.8634]  0.8214 £ 0.0303

il 079 081 0.79 0.79
PubMedBERT < BioLinkBERT  i2 081 0.82 0.81 0.82
i3 084 085 0.84 0.84

0.8375 £ 0.0029

[0.8334, 0.8416] [0.8429, 0.8429]  0.8429 =+ 0.0000

1,280 records (64%), and with Claude Haiku for 1,264
records (63.2%). Across all three configurations, at least five
pairs agreed on every record (100%), and at least six pairs
agreed on 97.6%, 97.35%, and 98% of records for the no-
LLM, GPT, and Claude configurations, respectively. Such
high levels of agreement support the effectiveness of the
confidence-weighted voting scheme in selecting high-quality
pseudo-labels for co-training.

VIil. DISCUSSION

Supervised learning results indicated an overfitting of the
limited training data. However, the fine-tuning process
assisted models in generalizing better, with domain-specific
models (PubMedBERT and BioLinkBERT) showing the
strongest overall performance. Agreement-based weight
voting enhances prediction reliability, especially after fine-
tuning. Prediction reliability improved with agreement-based
weight voting, particularly after fine-tuning. All five models
achieved F1-scores between 0.77 and 0.82, indicating a con-
siderable improvement in overall model performance with
semi-supervised learning via pseudo-labeling. Co-training
without LLM achieved improvements across all model pairs,
with BioLinkBERT-containing pairs attaining the highest
performance. Co-training with LLM (GPT and Claude)
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helped weaker model pairs but slightly degraded performance
for already strong combinations, indicating that pseudo-label
quality is sensitive to the strength of the underlying PLM pair.
Increasing the number of records in the unlabeled pool to
2,000 improved co-training performance, demonstrating the
method’s ability to scale and its effectiveness.

A. SUPERVISED LEARNING RESULTS

The results of the supervised learning approach revealed
a consistent pattern across models: high recall along with
relatively low precision during the training phase, which
indicated overfitting due to the small size of the labeled data.
This overprediction for the positive class also indicated that
the models learned dominated labeling patterns rather than
general features.

BioBERT demonstrates the most consistent performance
among the five PLMs (BERT, SciBERT, BioBERT, PubMed-
BERT, and BioLinkBERT), attaining the highest F1-score of
0.68 when given title input. BERT also shows encouraging
results with abstract input, reaching an Fl-score of 0.63,
whereas SciBERT’s best performance is seen with title
input (Fl-score 0.64). Furthermore, the domain-specific
models, PubMedBERT and BioLinkBERT, achieved the
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TABLE 8. Co-training performance after 3 iterations (with GPT-40-mini).

Pair Iter Acc Prec Rec F1 Mean F1 + Std 95% CIF1 95% CI Acc Mean Acc + Std
il 074 074 074 0.73
BERT < SciBERT i2 077 077 077 0.77 0.8055 £ 0.0191 [0.7791, 0.8320] [0.7863, 0.8423]  0.8143 4 0.0202

3 083 085 083 082

il 077 077 077 0.77
BERT < BioBERT i2 0.80 0.80 0.80 0.80
i3 0.83 083 0.83 0.83

0.8114 £ 0.0205

[0.7829, 0.8398]  [0.7863,0.8423]  0.8143 £ 0.0202

il 0.81 082 081 0.81
BERT <+ PubMedBERT i2 0.83 0.84 0.83 0.82
i3 0.84 085 0.84 0.84

0.8200 £ 0.0250

[0.7854, 0.8546]  [0.8006, 0.8566]  0.8286 + 0.0202

il 079 079 079 0.78
BERT < BioLinkBERT i2 0.81 081 0.81 0.81
i3 0.8 087 0.86 0.85

0.8217 + 0.0420

[0.7635, 0.8800] [0.7726, 0.8846]  0.8286 + 0.0404

il 076 077 0.76 0.76
SciBERT <+ BioBERT i2 076 0.76 0.76 0.76
i3 0.81 0.82 081 0.81

0.7880 £ 0.0285

[0.7485, 0.8275]  [0.7509, 0.8349]  0.7929 £+ 0.0303

il 080 0.82 0.80 0.79
SciBERT <« PubMedBERT i2 0.83 087 0.83 0.82
i3 0.81 0.84 0.81 0.80

0.7972 + 0.0073

[0.7871, 0.8073] [0.7931, 0.8211]  0.8071 + 0.0101

il 079 079 079 0.78
SciBERT <+ BioLinkBERT i2 0.81 082 081 0.82
i3 0.83 0.84 0.83 0.82

0.8013 + 0.0288

[0.7614, 0.8413]  [0.7863,0.8423]  0.8143 £ 0.0202

il 076 075 0.76 0.75
BioBERT <+ PubMedBERT i2 0.81 0.84 0.81 0.80
i3 083 083 0.83 0.83

0.8056 + 0.0287

[0.7657, 0.8454]  [0.7863,0.8423]  0.8143 £+ 0.0202

il 081 081 0.81 0.81
BioBERT <+ BioLinkBERT i2 0.80 0.82 0.80 0.80
i3 0.83 083 0.83 0.82

0.8113 £ 0.0179

[0.7864, 0.8362]  [0.7863,0.8423]  0.8143 £ 0.0202

il 076 076 0.76 0.76
PubMedBERT <+ BioLinkBERT  i2 079 079 079 0.79
i3 0.84 0.88 0.84 0.83

0.8089 + 0.0337

[0.7621, 0.8557]  [0.7583,0.8703]  0.8143 £ 0.0404

highest training F1-scores of 0.62 and 0.61, respectively, both
utilizing title input (see Table 3).

Fine-tuning led to an improvement in the performance of
all models, particularly in achieving a more precise balance
between precision and recall. PubMedBERT dominated with
the best overall F1-score (0.75, mean F1 = 0.7250 £ 0.0250)
on title input, followed by BioBERT and BioLinkBERT
(both F1-score 0.73 with title input), and SciBERT (F1-score
0.72). BERT achieved its best result with combined input
(F1-score 0.70).

Fine-tuning effectively reduced overfitting and improved
the generalization ability of all models, with domain-specific
models benefiting most from their pre-trained biomedical
knowledge. The title and abstract (TA) input configuration
also demonstrates strong and consistent performance across
all models during fine-tuning, justifying its adoption as the
primary input configuration for all subsequent phases (see
Table 3).

B. INFERENCE AND AGREEMENT-BASED WEIGHT VOTING
Inference with agreement-based voting demonstrated cali-
brated uncertainty among the five fine-tuned models across
200 unlabeled studies. All five models achieved full agree-
ment in 66.5% of cases, while a minimum of four models
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agreed on 86.5% of predictions. Moreover, at least three
models agreed on all 200 records (100%), confirming the
reliability of the ensemble (see Table 4).

The results indicate enhanced uncertainty calibration
relative to a singular model prediction and illustrate the
feasibility of weighted voting as an aggregation method that
enhances prediction confidence while maintaining a balance
between precision and recall.

C. SEMI-SUPERVISED LEARNING RESULTS
Semi-supervised learning with pseudo-labeling enhanced
model performance and generalization across all five models
using the title and abstract (TA) input configuration on
the 2,000 unlabeled records. For instance, BioLinkBERT
achieved the best performance in terms of accuracy (0.83) and
F1-score (0.82), while PubMedBERT showed the most stable
results with the lowest variance among all models (mean F1 =
0.7881 £ 0.0160).

All five models achieved Fl-scores between 0.77 and
0.82, which is a substantial improvement over the supervised
fine-tuning phase.

Agreement analysis confirmed strong ensemble coherence,
with all five models agreeing on 65.35% of the 2,000
unlabeled recordings, and at least three models agreeing
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TABLE 9. Co-training performance after 3 iterations (with Claude Haiku).

Pair Iter Acc Prec Rec F1 Mean F1 + Std 95% CIF1 95% CI Acc Mean Acc + Std
il 083 0.83 0.83 0.3

BERT < SciBERT i2 079 079 0.79 0.79 0.7756 £ 0.0188  [0.7496, 0.8017] [0.7577,0.8137]  0.7857 4 0.0202
i3 0.80 0.82 0.80 0.79
il 079 080 0.79 0.78

BERT < BioBERT i2 0.81 0.82 0.81 0.81 0.8216 £ 0.0228 [0.7900, 0.8531] [0.8006, 0.8566] 0.8286 =+ 0.0202
i3 084 085 0.84 0.84
il 0.81 0.82 0.81 0.81

BERT <+ PubMedBERT i2 0.81 0.82 0.81 0.81 0.8090 £ 0.0239 [0.7758,0.8421] [0.7863, 0.8423]  0.8143 £ 0.0202
i3 083 0.83 0.83 0.3
il 083 0.84 0.83 0.82

BERT < BioLinkBERT i2 0.84 0.84 0.84 084 0.7956 £0.0428 [0.7363,0.8549] [0.7440, 0.8560]  0.8000 = 0.0404
i3 084 0.84 0.84 084
il 0.81 0.83 0.81 0.81

SciBERT < BioBERT i2 073 075 073 0.73 0.7743 £ 0.0062 [0.7656, 0.7829] [0.7646, 0.7926] 0.7786 + 0.0101
i3 079 079 079 0.78
il 079 079 0.79 0.78

SciBERT <+ PubMedBERT i2 0.83 0.87 0.83 0.82 0.8001 £0.0077 [0.7895,0.8107] [0.7931,0.8211] 0.8071 £ 0.0101
i3 0.81 0.83 0.81 0.81
il 077 077 0.77 0.77

SciBERT <+ BioLinkBERT i2 0.80 0.80 0.80 0.80 0.8120£0.0170 [0.7885,0.8355] [0.7863, 0.8423]  0.8143 £ 0.0202
i3 0.83 0.83 0.83 0.82
il 077 081 0.77 0.75

BioBERT <> PubMedBERT i2 081 0.82 0.81 081 0.7996 +£0.0152 [0.7786,0.8207] [0.7931,0.8211] 0.8071 £ 0.0101
i3 0.81 0.82 0.81 0.81
il 076 0.75 0.76 0.75

BioBERT < BioLinkBERT i2 0.81 0.81 0.81 0.81 0.7854+0.0765 [0.6794,0.8915] [0.6737,0.8977] 0.7857 4 0.0808
i3 084 085 0.84 084
il 076 0.76 0.76 0.76

PubMedBERT < BioLinkBERT  i2 0.80 0.81 0.80 0.80 0.8093 +£0.0176 [0.7849,0.8337] [0.7863,0.8423] 0.8143 4 0.0202
i3 083 0.84 0.83 0.82

TABLE 10. Model agreement summary across co-training configurations (2,000 unlabeled records, 10 pairs).

(a) Co-training without LLM

(b) Co-training with GPT-40-mini

(c) Co-training with Claude Haiku

Agreement Count % Agreement

All 10 agree 1285 64.25 All 10 agree

At least 9 agree 1563 78.15 At least 9 agree
At least 8 agree 1713 85.65 At least 8 agree
At least 7 agree 1848 92.40 At least 7 agree
At least 6 agree 1952 97.60 At least 6 agree
At least 5 agree 2000 100 At least 5 agree

Count % Agreement Count %
1280 64.00 All 10 agree 1264 63.20
1548 77.40 At least 9 agree 1550 77.50
1707 85.35 At least 8 agree 1700 85.00
1831 91.55 At least 7 agree 1844 92.20
1947 97.35 At least 6 agree 1960 98.00
2000 100 At least 5 agree 2000 100

on every record (100%). These findings demonstrated
that pseudo-labeling significantly improved classification
performance and reliability (see Table 5 and Fig. 8).

D. MODELS PERFORMANCE WITH CO-TRAINING
LEARNING

1) EFFECTIVENESS OF CO-TRAINING WITHOUT LLM

In order to ensure mutual gains for models, we utilized all ten
pairwise combinations across BERT, SciBERT, BioBERT,
PubMedBERT, and BioLinkBERT through iterative pseudo-
labeling. Pairs with BioLinkBERT consistently achieved
better performance, with SCiBERT <« BioLinkBERT reach-
ing F1 = 0.85 (mean F1 = 0.8366 + 0.0210) and
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PubMedBERT <> BioLinkBERT achieving the most stable
results (mean F1 = 0.8375 4 0.0029).

Pairs such as BERT <> SciBERT (mean F1 = 0.7487 +
0.0650) achieved moderate results, suggesting that model
diversity is a key driver of co-training effectiveness. These
findings present the effectiveness of the co-training approach
that utilizes unlabeled data (see Table 7).

2) CO-TRAINING WITH LLM ASSISTANCE

LLM-assisted co-training (GPT-40-mini and Claude Haiku)
achieved improved performance for weaker model pairs
across all configurations (see Fig. 9). GPT assistance most
benefited BERT <« SciBERT (mean F1 improved from
0.7487 to 0.8055) and BioBERT <> PubMedBERT (from
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FIGURE 9. Overview of the co-training approach with LLM assistance.

0.7474 to 0.8056). Claude Haiku similarly improved Claude-
BERT <« BioBERT (mean F1 = 0.821640.0228). However,
for pairs already achieving strong performance without
LLM (e.g. SciBERT <« BioLinkBERT and PubMedBERT
<> BioLinkBERT), both GPT and Claude involvement
resulted in slightly lower performance, indicating that
high-quality PLM pairs generate reliable pseudo-labels
without requiring external annotation. Agreement analysis
across the 2,000 unlabeled records showed consistently high
consensus, with at least five pairs agreeing on all records
in all three configurations (no-LLM, GPT, and Claude),
confirming the robustness of the confidence-weighted voting
scheme regardless of the annotator used (see Tables 8,
9, and 10).

IX. CONCLUSION AND FUTURE DIRECTIONS

In this study, we developed and evaluated robust and
scalable approaches for the automated classification of
the EQ-5D-related literature in PubMed. Utilizing PLMs
such as BERT, SciBERT, BioBERT, PubMedBERT, and
BioLinkBERT, we presented the efficacy of different training
approaches: supervised, semi-supervised, and co-training.
Also, we investigated different voting strategies such as
weighted voting during the inference phase and ensemble
confidence-weighted voting to enhance classification accu-
racy and reliability. Notably, co-training approaches, with and
without LLM assistance (GPT-40-mini and Claude Haiku),
enhanced the quality of pseudo-labeling and confidence.
The best co-training results were achieved by SciBERT «
BioLinkBERT and PubMedBERT < BioLinkBERT (F1 up
to 0.85, mean F1 = 0.8375 £ 0.0029). LLM assistance
improved weaker model pairs but did not benefit already
strong combinations, due to the high confidence threshold
applied in the pseudo-labeling process, which limited cover-
age of the unlabeled dataset. These results suggest that LLMs,
when used in conjunction with iterative pseudo-labeling
and ensemble learning approaches, are able to reduce the
manual effort of systematic literature evaluation in healthcare
research, more specifically for the EQ-5D domain. To further
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enhance scalability, adaptability, and reliability, the following
directions are recommended:

o Contrastive learning: Utilizing contrastive learning can
assist models in developing semantic relationships
between relevant and irrelevant studies, especially in
low-resource or noisy data environments.

e Multi-view curriculum learning: Implementing multi-
view curriculum learning, progressively feeding inputs
(title, abstract, and keywords) to the same model
in different shots to enhance model robustness and
generalization, especially in co-training.

o Active and few-shot learning: Active learning or
few-shot prompting can be incorporated into an LLM to
reduce the reliance on large labeled datasets to increase
label efficiency.

e Model distillation and efficiency: Investigate model
distillation or quantization to reduce computational
overhead and allow deployments in real-world resource-
constrained setups.

o Generalization: Extending the approach to additional
literature sources (e.g., Web of Science, Scopus,
EMBASE) to validate robustness across databases.

« Examining adaptive confidence mapping for LLM
annotators (GPT and Claude) to enhance the align-
ment of their static confidence scores with the
difficulty distribution of domain-specific relevance
tasks.

X. LIMITATIONS

Despite the strong performance achieved by the different
approaches, the study has several limitations that should be
acknowledged:

« Small labeled dataset: The labeled dataset only contains
200 manually labeled samples, which may compromise
the models’ ability to generalize.

o Input data: Classification relied only on titles, abstracts,
and keywords. Full-text was not utilized during the
classification process.
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o Language scope: The dataset used for this study was
limited to English language metadata.

o Computational demand: Co-training and LLM-assisted
pseudo-labeling (GPT-40-mini and Claude Haiku) are
computationally expensive tasks, requiring GPU infras-
tructure and high memory. It is challenging to reproduce
in low-resource settings.

o LLM annotator sensitivity: The performance of
LLM assistance degrades for robust PLM pairs
(e.g. SciBERT <« BioLinkBERT, PubMedBERT <«
BioLinkBERT), indicating that fixed confidence map-
ping may not be ideal for all pair configurations.

LIST OF ABBREVIATIONS
AdamW Adaptive Moment Estimation with
Weight Decay.

BERT Bidirectional Encoder Representations
from Transformers.

BioBERT Biomedical Bidirectional Encoder Rep-
resentations from Transformers.

BioLinkBERT  Biomedical Link Bidirectional Encoder
Representations from Transformers.

BiLSTM-CRF Bidirectional Long Short-Term Memory
with Conditional Random Fields.

CI Confidence Interval.

DL Deep Learning.

EQ-5D EuroQol 5-Dimensions.

FPR False Positive Rate.

GPT Generative Pre-trained Transformer.

GPU Graphics Processing Unit.

HRQoL Health-Related Quality of Life.

KL Kullback-Leibler Divergence.

LM Language Model.

LLM Large Language Model.

MC Monte Carlo.

MeSH Medical Subject Headings.

MLM Masked Language Modeling.

MSE Mean Squared Error.

NER Named Entity Recognition.

NLP Natural Language Processing.

PAL Patient Active Learning.

PLM Pre-trained Language Model.

PRISMA Preferred Reporting Items for System-
atic Reviews and Meta-Analyses.

PubMedBERT PubMed Bidirectional Encoder Repre-
sentations from Transformers.

QuA Question Answering.

RAG Retrieval Augmented Generation.

RE Relation Extraction.

ROC Receiver Operating Characteristic.
ROC-AUC Receiver Operating Characteristic —
Area Under the Curve.

SciBERT Scientific Bidirectional Encoder Repre-
sentations from Transformers.

SLR Systematic Literature Review.

SOTA State of the Art.
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SR Systematic Review.

SVM Support Vector Machine.

TPR True Positive Rate.

UMLS  Unified Medical Language System.
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