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Abstract

Objectives: To compare accuracy, precision, recall, F1, and time spent using commercial tools to identify physiotherapy trials based on 
title and abstract, compared with a human approach.

Study Design: This study compared two approaches for title and abstract screening of 10,793 newly published records. In the reference 
standard human approach, two reviewers independently screened records using prespecified rules to assess relevance to physiotherapy. A 
third person resolved disagreements. We evaluated three large language models (LLMs) (gpt-4o, gpt-4.5, and gpt-4-turbo) within two com-

mercial, web-based tools (ChatGPT and Copilot). Outcomes were accuracy (proportion of records that model correctly identified as relevant 
or irrelevant), precision (proportion of records identified as relevant that were considered as relevant by human approach), recall (the pro-

portion of all actual relevant records that the model successfully identified), F1 (harmonic mean of precision and recall), and time spent. 
Exploratory analyses compared the performance of the commercial tools with local approaches, including local LLMs implementation, 
machine learning, and natural language processing.

Results: Commercial tools showed comparable performance across all metrics (ChatGPT vs Copilot: accuracy: 83% vs 86%; precision: 
44% vs 48%; recall: 88% vs 87%; F1: 59% vs 62%). The total time spent using commercial tools with a labeled dataset was equivalent to 
37% of the time required for the human-only screening process. Exploratory analysis showed that the Application Programming 
Interface—based implementation has comparable performance (accuracy: 82%; precision: 42%; recall: 93%; F1: 58%). Yet, LLM-based 
models demonstrated lower performance compared with other local, custom-adapted automation approaches such as machine learning 
and natural language processing.

Conclusion: This proof-of-concept study demonstrates that commercial web-based LLMs may have sufficient accuracy to support title 
and abstract screening and substantially reduce the time to identify field-specific trials. However, alternative approaches, including machine 
learning or natural language processing, could achieve screening performance similar to or slightly higher than that of commercial tools, yet 
they require a series of preprocessing steps for implementation. � 2026 The Authors. Published by Elsevier Inc. This is an open access 
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Keywords: Physiotherapy; Large language model; Rehabilitation; Machine learning; Natural language processing; Screening

1. Introduction

Screening large volumes of records in research databases 
is a critical step in evidence synthesis. In systematic re-

views, this process is often the most time-consuming aspect 
[1]. For large evidence databases that index all articles rele-

vant to a subject area, the routine screening of search

Registration: OSF https://osf.io/94xza/.
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What is new?

Key findings

• Commercial web-based large language models could 
reduce the workload to identify physiotherapy-spe-

cific trials based on title and abstract (n = 10,793).

What this adds to what was known?

• Commercial web-based large language models 
may underperform compared with machine 
learning and natural language processing models.

What is implication, what should change now?

• Automated approaches, including large language 
models, machine learning, and natural language pro-

cessing, can support title and abstract screening.

• Resource requirements, including a series of pre-

processing steps, may limit the scalability of ma-

chine learning and natural language processing.

results to identify eligible studies is even more burdensome. 
For example, physiotherapy literature has grown at an 
exponential rate, and the Physiotherapy Evidence Database 
(PEDro; www.pedro.org.au), a freely available database, 
now indexes over 66,000 records [2,3]. These records have 
been selected by screening the titles and abstracts of a pool 
of approximately 875,000 records. With the ongoing surge 
in published evidence, manually identifying clinical trials 
relevant for inclusion in PEDro has become increasingly 
challenging.

Technological advances in artificial intelligence (AI) 
have expanded the range of computational approaches 
available to support and automate evidence selections. 
Early application includes traditional machine learning 
techniques, which apply supervised or unsupervised algo-

rithms to data to learn patterns and make task-specific pre-

dictions [4]. Subsequently, transformer-based language 
models have improved semantic text representation by 
capturing the meaning of words and sentences within their 
context, enabling more accurate text classification and in-

formation extraction [5,6]. Building on these advances, 
large language models (LLMs) leverage training on large-

scale textual data to understand, extract, and generate 
human-like text [7], with growing applications in medical 
text processing (eg, summarizing and translating medical 
text, answering medical questions) [8] and supporting sys-

tematic reviews [9]. Existing commercial, web-based 
LLMs or ‘generative AI’ systems offer prompt-based inter-

actions to rapidly evaluate texts and language [10]. This 
approach is easily accessible, reduces technical complexity

without requiring specialist programming skills, and poten-

tially provides a structured, repeatable output. LLMs can 
also be deployed via Application Programming Interface 
(API)—based architectures to further improve repeatability.

Growing evidence shows that LLMs can support evi-

dence screening across multiple disciplines, including envi-

ronmental science [11], clinical medicine (eg, 
pharmacology [12], neurosurgery [13], sepsis, and septic 
shock), [14] and mental health [15—17]. For example, a 
study found that LLM-assisted screening across diverse 
systematic review topics, including the field of musculo-

skeletal physiotherapy, reported a workload reduction of 
at least 33% while accuracy reaching up to 92% [18]. 
Yet, the study did not specifically examine the use of LLMs 
to identify relevant trials in the broader field, which, in 
addition to musculoskeletal, includes cardiopulmonary, 
neurology, and men’s and women’s health, among other spe-

cialty areas. Such complexity demands further validation of 
automated approaches for evidence screening. Key metrics 
to determine whether an LLM is useful include accuracy 
(ie, proportion of records correctly classified), precision (ie, 
the proportion of records the model identified as relevant that 
are truly relevant), and recall (ie, the proportion of all actually 
relevant records that the model successfully identified). We 
compared the accuracy, precision, recall, F1, and time spent 
of commercial, web-based LLMs for identifying physio-

therapy clinical trials with the traditional human approach.

2. Method

This study evaluated the performance of readily avail-

able, commercial, web-based LLMs (ChatGPT and Copilot) 
in screening the titles and abstracts of clinical trial articles 
in the field of physiotherapy for eligibility of inclusion in 
the PEDro. The results generated by these commercial 
web-based LLMs were compared with a human approach, 
which was considered the reference standard. The protocol 
for this study was recorded on the Open Science Frame-

work (https://osf.io/94xza/) before any analysis. The study 
is reported according to the generative AI tools in medical 
research checklist [19].

2.1. Data source

A standard targeted search of biomedical databases, con-

ducted monthly between August and November 2024, was 
used to identify records relevant for indexing in PEDro. 
The PEDro team searches the following databases: Medline 
via Ovid, American Psychological Association PsycINFO 
via Ovid, AMED via Ovid, Embase via Ovid, Cumulative 
Index of Nursing and Allied Health Literature via 
EBSCO-host, and Cochrane Central Register of Controlled 
Trials. This study included records that were written in 
English.
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2.2. Procedures

We used two different approaches to screening the same 
set of articles: 1) a human approach (reference standard) 
and 2) a commercial web-based LLM-based approach. 
We defined relevance to physiotherapy according to the PE-

Dro inclusion criteria, as stated on the PEDro website [3]. 
In brief, a trial was considered relevant if a trial:

• Compared at least two interventions and reported the 
comparative effectiveness, with at least one interven-

tion that is currently or could become a part of phys-

iotherapy practice;

• Was conducted in participants who were representa-

tive or were intended to be representative in the 
course of physiotherapy practice;

• Used random or intended-to-be-random allocation to 
interventions.

2.3. Human approach

A pair of trained PEDro staff members/affiliates (authors 
P.H., J.F., J.S.) independently screened the titles and ab-

stracts to determine whether each trial record met the inclu-

sion criteria. A third reviewer (W.K. or G.W.) resolved any 
disagreements. This approach is commonly used in system-

atic reviews, including Cochrane Reviews, and was consid-

ered as the reference standard [20,21]. The time each 
reviewer spent screening was recorded.

2.4. Commercial, web-based LLM approach

We used a structured English prompt (Appendix 1). In-

structions and questions were added to each commercial 
tool in a new conversation one by one. We used three LLMs 
(gpt-4o, gpt-4.5, and gpt-4-turbo) within two commercial 
web-based (ie, Microsoft Copilot with institutional sub-

scription [22,23] and ChatGPT with and without a subscrip-

tion [24]). We provided previously screened articles, which 
were screened using the same approach as the human 
approach described earlier, from various dataset sizes 
(n = 100, 1000, 2000, 3000, and 4000) for in-context 
learning. We assessed whether varying dataset sizes of 
labeled records affected the model’s results. We started 
with a smaller number of labeled records. The dataset of 
4000 labeled records, with 40% of records labeled as 
included, was used as the primary analysis. The commer-

cial web-based LLMs provided the predicted labels for 
each record. To ensure robustness of results and minimize 
the risk of prior interactions, we started a new chat for each 
analysis and disabled memory features (where applicable). 
We recorded the total time required, including dataset prep-

aration and testing. We reran the analysis 2 months later to 
evaluate whether the approach maintained reproducibility 
over time.

2.5. Exploratory analysis

We conducted further exploratory analyses to compare 
other existing approaches to automation of screening, and 
this included 1) an API-based implementation with 
retrieval-augmented generation (RAG), 2) a machine 
learning approach, and 3) a natural language processing. 
All model outputs were also evaluated against the 
consensus labels from the human approach. Details of the 
codes and setup of these approaches are publicly available 
at https://github.com/Kenn0918/SydneyUniPEDro.

2.6. API-based implementation with RAG

An API-based implementation was developed to repli-

cate the initial study design using programmatic access to 
LLM. Specifically, gpt-4o and gpt-4-turbo were accessed 
via the OpenAI API under a controlled setting. We did 
not evaluate gpt-4.5, as it was not available at the time of 
testing. To approximate the use of the contextual informa-

tion, an RAG pipeline was implemented [25]. For each 
input record (title and abstract), the query was embedded 
and used to retrieve relevant examples from a labeled data-

set using similarity-based search within a vector index. A 
top-k retrieval strategy was applied to select the relevant re-

cords, which were then incorporated into the model prompt. 
The same prompt structure used in the primary analysis was 
retained to ensure comparability.

2.7. Machine learning approach

We examined two widely used machine learning 
methods, including 1) Support vector machine (SVM) and 
2) logistic regression [26]. Text data (ie, title and abstract) 
were preprocessed, including a cleansing procedure with 
lemmatization (transforming a word to its dictionary entity 
[lemma]) and stop word removal. To address potential class 
imbalance, we used both balanced/unbalanced training set-

tings for the model development. SVM is a supervised ma-

chine learning and was used to find the optimal boundary (a 
line or hyperplane) that best separates data into different 
classes by maximizing the margin between the closest 
points of each class [27]. Logistic regression was used to 
estimate the probability that a given input belongs to a 
particular category, using a logistic function to output 
values between 0 and one that can be interpreted as class 
membership likelihood [28].

2.8. Natural language processing model

We used Bidirectional Encoder Representations from 
Transformers (BERT), a model that understands the mean-

ing of words by analyzing their full context in both direc-

tions, simultaneously considering words that precede and 
follow them. Concerning the bidirectional approach of 
embedded words, BERT is considered effective for text 
classification tasks [29]. Nevertheless, the classification
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results depend on the language model used. We used the 
ClincalBERT model, a special text cleaning process is not 
required to apply BERT [30].

2.9. Deviation from the protocol

We planned to use another tool, Document Classification 
and Topic Extraction Resource [31,32], an online supervised 
machine learning platform to predict whether a trial record

is relevant or not. Unexpectedly, the platform did not allow 
the predicted file to be downloaded despite multiple attempts. 
Therefore, we were unable to assess its performance.

2.10. Statistical analysis

The performance of all the computational approaches 
(ie, commercial web-based LLMs, API-based implementa-

tion, machine learning, and natural language processing)

Figure. A, Performance metrics (accuracy, precision, recall, and F1) with 95% CI for ChatGPT and Copilot evaluated on the dataset of 4000 
labeled records. B, Performance metrics (accuracy, precision, recall, and F1) with 95% CI for ChatGPT and Copilot evaluated on the dataset of 

4000 labeled records in the repeat assessment.
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was evaluated against the consensus decision in the human 
approach, which served as the ‘reference standard’ for clas-

sification metrics. Standard prespecified classification met-

rics, including accuracy, precision, and recall, were 
reported as percentages and their 95% confidence interval 
(CI). To reflect the model’s discriminative ability, we have 
also reported the F1 score (ie, the harmonic mean of preci-

sion and recall) [33]. Details of these metric formulae are pre-

sented in Appendix 2. We explored agreement between 1) 
human raters and 2) an experienced staff and the commercial 
web-based LLM approach using Cohen’s kappa. Efficiency 
was evaluated by comparing the time required for a human 
vs a commercial web-based LLM approach. Data were 
compared using STATA 16.0 (StataCorp LLC).

3. Results

A total of 11,766 records were retrieved via targeted 
searches across databases in the 3-month period. After 
removal of non-English articles (n = 259) and duplicates 
using EndNote (n = 714) [34], 10,793 records were 
screened. Using the human review approach, interrater 
agreement between reviewers was 89.9% (9703 of 
10,793), Cohen’s kappa was 0.48 (95% CI 0.46—0.50), 
indicating moderate agreement [35]. A total of 1439 re-

cords (13.3%) were deemed relevant, and 9354 records 
(86.7%) were deemed irrelevant.

3.1. Primary analysis

Using a dataset of 4000 labeled records, the results of 
the initial (Fig A) and repeat test (Fig B) using ChatGPT 
and Copilot were mostly comparable. Overall, the accuracy 
of ChatGPT and Copilot in the initial test ranged from 83% 
to 87%. Copilot achieved higher precision (51%, 95% CI 
49—53) but lower recall (70%, 95% CI 68—73) than 
ChatGPT, with similar F1 scores. Different LLMs within 
ChatGPT showed similar precision and recall. Copilot 
had a lower recall in the initial test but improved to levels 
comparable to ChatGPT in the repeat test (Fig B).

With labeled record datasets of varying sizes, Copilot 
showed very low recall and F1 scores when only 100 (recall 
1%; F1 1%) and 1000 (recall 28%; F1 22%) labeled records 
were used (Appendices 3 and 4). ChatGPT also had its lowest 
recall with 100 labeled records (63%), compared to 1000 
labeled records (86%), after which performance plateaued. 
On repeat testing, the low accuracy scores and precision of 
Copilot at 100 and 2000 labeled records were not observed 
(Appendices 5 and 6). Agreement between experienced staff 
and the commercial web-based LLM tools ranged from 
0.42 to 0.48, indicating moderate agreement [35].

3.2. Time spent

Humans spent 135.5 hours of screening titles and ab-

stracts for 10,793 records (125.5 hours for independent

reviewer screening and 10 hours for consensus adjudica-

tion). Preparing a dataset of 4000 labeled records using 
the same approach took 50.2 hours. Uploading the dataset 
and obtaining responses took approximately 5 minutes with 
ChatGPT and 7 to 8 minutes with Copilot. Overall, in the 
analysis of the 4000 labeled dataset, the LLM-based 
approach required 37% of the time of the human-only 
screening process.

3.3. Exploratory analysis

Table 1 shows performance metrics comparing the com-

mercial, web-based LLMs with other exploratory ap-

proaches to automation. An API-based implementation 
that retrieved a labeled dataset using similarity-based 
matching showed the lowest performance in accuracy 
(70%), precision (30%), and F1 (45%). Incorporating eligi-

bility criteria prompts into the API-based implementation 
led to consistent improvements across all metrics (accu-

racy: 82%; precision: 42%; F1: 58%), similar to the pri-

mary analysis using ChatGPT and Copilot. Both machine 
learning and natural language processing approaches had 
a higher accuracy, precision, and F1, than with the LLM-

based approach (Table 1).

4. Discussion

This study evaluated the performance of commercial 
web-based LLMs (ChatGPT, Copilot) in screening titles 
and abstracts for clinical relevance. The commercial tools 
demonstrated some ability to accurately classify records 
by relevance; however, their overall performance was lower 
compared with local, custom-adapted automation ap-

proaches based on machine learning and natural language 
processing principles. This suggests that bespoke language 
models built using specialist skills may perform better at 
screening tasks than the current, commercially available 
LLMs.

The accuracy of the commercial web-based LLMs re-

mained above 80% in both initial and repeated testing. Pre-

cision was notably lower (!50%) across all these web-

based LLM tools, indicating a higher rate of false positives 
and misclassifying irrelevant records as relevant. A high 
rate of false positives may be less detrimental to internal 
validity than false negatives when conducting a systematic 
review, as excluding relevant studies can lead to selection 
bias. Irrelevant records (ie, false positives) can be excluded 
at later stages in a review process (eg, full-text screening 
stage), whereas missing a relevant record could fundamen-

tally undermine an evidence synthesis. Commercial web-

based LLM tools may be useful as a filter, eliminating most 
irrelevant records and substantially reducing the initial hu-

man screening burden, although manual review remains 
necessary to address false positives. Notably, the false 
negative rate of the commercial tools was around 1.6% to
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1.8% of the total records tested. This figure warrants 
cautious interpretation because it risks omitting important 
evidence. Yet, the long-term impact of early omission is 
mitigated, as missed records in an evidence database such 
as PEDro are often identified later through community 
feedback.

Differences in recall and F1 values were observed be-

tween the initial and repeat testing with the commercial 
tools. Copilot demonstrated substantially lower recall and 
F1 during the initial testing, with significant improvement 
observed upon repeated testing. This temporal variation un-

derscores an emerging challenge in the application of com-

mercial web-based LLMs and may reflect the 
fundamentally opaque or ‘‘black-box’’ nature of commer-

cial tools. Variability of performance may arise from model 
updates, deployment changes, or inherent variability in 
generative outputs. Such differences raise concerns about 
reproducibility, as identical prompts yielded different re-

sults across time points. Recall is particularly critical in 
systematic evidence screening, where missing potentially 
relevant records can compromise the validity of a review. 
Notably, our exploratory analysis using an API-based 
RAG implementation produced similar results, though it 
required explicit inclusion criteria prompts. API-based ap-

proaches are known to produce more repeatable results.

Several studies have examined approaches to the auto-

mation of evidence screening [11—18]. However, to our 
knowledge, only one study has evaluated LLM-assisted 
screening within musculoskeletal physiotherapy [18], 
which represents only a subset of the broader physiotherapy 
field. This study used gpt-4o with explicit inclusion criteria 
on how individual inclusion criteria contributed to the final 
decision of inclusion achieved 82% accuracy, 87% recall, 
but 16% precision, reflecting a large number of false posi-

tives [18]. Our study provides a proof-of-concept for 
achieving a more balanced performance, maintaining 
similar accuracy (83%) and recall (88%) with moderate

precision (44%). One possible reason for the differences 
in results is the use of previously screened records for in-

context learning, which, in our study, may have enabled 
the model to infer patterns.

Taken together, the observed accuracy, efficiency, and 
comparable agreement between human—human approach 
and human—web-based LLMs observed in this study sug-

gest that commercial, web-based LLMs have the potential 
to support title and abstract screening to identify relevant 
records. However, our exploratory analyses demonstrated 
that alternative approaches, such as machine learning and 
natural language processing, could achieve higher agree-

ment. Although these other approaches outperformed the 
commercial tools, they require significant effort to imple-

ment. In contrast, the LLM approach is more intuitive 
and can be used effectively by nonexperts. Future research 
could explore strategies for using LLMs to perform full-text 
article screening, as having richer contextual information 
may improve LLMs performance. It will also be interesting 
to investigate hybrid screening workflows that combine 
LLM-based and traditional machine learning or natural lan-

guage processing techniques as independent parallel re-

viewers, similar to the two-reviewer model used in 
standard systematic reviews. Future research could also 
investigate the use of LLMs to identify duplicates among 
the search results.

A key strength of this study is its role as proof-of-

concept. It demonstrates that commercial web-based tools 
such as ChatGPT and Copilot can screen vast volumes of 
records without specialist programming expertise, suggest-

ing a potentially feasible integration strategy into an evi-

dence synthesis workflow. By testing varying sizes of 
labeled datasets, the study provides valuable insights to 
inform future processes. While LLMs are not flawless, they 
show promise as supportive tools that can assist human re-

viewers, significantly reducing the time required for 
screening. This approach could help sustain PEDro as a

Table 1. Performance metrics with 95% CI comparing large language models, machine learning, and natural language processing approaches for 

title and abstract record selection

(%)

LLMs gpt—4o Machine learning NLP

ChatGPT a Copilot

API-based RAG 
implementation b

API-based RAG 

implementation 

with PEDro 
inclusion criteria c SVM

Logistic

regression

BERT-based

approach

Accuracy 83.4 (82.7—84.1) 85.7 (85—86.4) 69.8 (68.9—70.7) 81.9 (81.2—82.6) 90.2 (89.7—90.7) 89.1 (88.6—89.5) 92.6 (91.6—93.4)

Precision 44 (42.1—45.8) 48 (46.1—49.9) 29.9 (28.5—31.2) 42 (40.3—43.7) 77.9 (76.8—79.1) 82.3 (81.4—83.1) 79.2 (76.9—81.4)

Recall 87.9 (86.2—89.6) 87.4 (85.6—89.1) 93.9 (92.6—95.1) 93.2 (91.9—94.5) 71.6 (69.8—73.4) 58.4 (55.2—61.5) 85.6 (82.1—88)

F1 58.6 (56.9—60.3) 62 (60.2—63.7) 45.3 (43.8—46.9) 57.9 (56.2—59.7) 74.6 (73.2—76.1) 68.3 (66.1—70.4) 82.3 (79.8—84.3)

API, Application Programming Interface; BERT, Bidirectional Encoder Representations from Transformers; LLMs, large language models; NLP, 
Natural language processing; RAG, retrieval-augmented generation; SVM, support vector machine.

a The performance metrics presented were based on the dataset of 4000 labeled records in the repeat assessment and tested on July 1, 2025 

(same results as presented in Appendix 5).
b Exploratory analysis: API-based RAG implementation was run on March 21, 2026, overnight to March 22, 2026.
c Exploratory analysis: API-based RAG implementation with inclusion criteria was run on March 27, 2026, overnight to March 28, 2026.
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freely accessible resource for users worldwide, including 
those in lower-middle income countries who may face 
limited access to high-quality physiotherapy research.

We acknowledge that this study has several limitations. 
First, commercial, web-based LLM tools are opaque at 
the architectural level, and their performance may not be 
entirely stable. This underscores the importance of promot-

ing transparent reporting of model versions and timing of 
analyses and of using API approaches so that the findings 
can be comparable to other existing literature studies. Sec-

ond, evaluation metrics depend on the reference standard 
and were used as in-context learning. The reference stan-

dard may involve a degree of human decision-making error, 
and the use of in-context learning may inadvertently mean 
that misleading information may be provided, which may 
subsequently influence the performance metrics. However, 
this standard is considered robust and follows established 
systematic review methods [20]. Finally, the prompts used 
are tailored to this proof-of-concept study, and prompt 
wording may influence LLM output [36], and thus, the find-

ings may not generalize other disciplines. However, the 
approach using both prompt and in-context learning out-

lined in this study demonstrates the potential for LLMs to 
scale and be applied to evidence screening in other 
databases.

5. Conclusion

This study demonstrates the potential of commercial, 
web-based LLM tools to support title and abstract 
screening and improve efficiency of evidence syntheses. 
Alternative approaches to automation, such as machine 
learning and natural language processing, could achieve 
screening performance similar to or slightly higher than 
that of commercial tools, but they require a series of pre-

processing steps.
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