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Abstract: The relentless growth of biomedical literature poses a significant challenge for systematic
reviews, where manually screening thousands of studies can be very laborious. In this study, we
explored the performance of large language models (LLMSs) to assist in identifying randomized
controlled trials (RCTs) pertaining to periodontal regeneration interventions. Starting from a recent
review on Emdogain and bone grafts, we identified a target set of RCTs fulfilling its key inclusion
criteria and then retrieved a larger pool of thematically related PubMed articles using the query
“periodontal regeneration.” Each article was embedded using all-mpnet-base-v2, and the resulting
vectors were compared against the mean embedding of the target set to group articles into quartiles
of descending relevance. Various LLMs (Open Hermes, Flan T5, GPT-2, GPT-3.5 turbo and GPT-40)
were then tasked with classifying each article in the 4 datasets as “Accepted” or “Rejected.” By
comparing their predictions, we calculated classification performance metrics. Overall, the results
show that different LLM respond differently to prompt strategies and can effectively perform this
task (or sub-tasks), confirming the potential role of these tools to expedite systematic reviews.

Keywords: Periodontal regeneration; Systematic review; Large Language Models; EMD; Bone graft;
Artificial intelligence

1. Introduction

Systematic reviews and meta-analyses have become indispensable in biomedical research,
offering robust insights into the efficacy and safety of interventions through the synthesis of multiple
studies [1]. Yet one of the most resource-intensive aspects of conducting a systematic review is the
initial screening of abstracts, which can number in the thousands when database searches are
designed to maximize sensitivity [2]. As the volume of published research continues to expand
exponentially, efficient strategies for article screening are increasingly critical for evidence-based
decision-making [3,4].

Conducting such a review typically involves searching multiple databases—such as PubMed,
Scopus, or Embase—to capture all potentially relevant articles based on a clearly defined criteria for
population, intervention, comparison, outcomes, and time frame (PICOT) [5]. While these broad
searches aim to avoid missing important studies, they also generate large numbers of irrelevant or
duplicate results. Manual title and abstract screening are not only laborious but also subject to human
error, fatigue, and inconsistencies among reviewers [6].

Recent advances in artificial intelligence (AI) and natural language processing (NLP)—
particularly through large language models (LLMs)—offer the potential to automate or semi-
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automate this screening step [7-9]. Modern LLMs such as GPT can be prompted or fine-tuned to
classify abstracts based on predefined inclusion criteria [10]. These automated approaches promise
to accelerate systematic reviews, enhance consistency, and allow researchers to concentrate on critical
appraisal and data synthesis [11].

This can be extremely advantageous in those fields where technical and scientific advances
require scholars to continuously curate and update systematic reviews [12], such as periodontal
regeneration. In periodontology, for instance, the regenerative treatment of bone defects has gained
prominence, with interventions such as guided tissue regeneration, bone graft materials, and
adjuncts bioactive molecules studied extensively [13-16]. However, evidence regarding these
purported benefits remains mixed, and rigorous systematic reviews to integrate diverse findings
from randomized controlled trials (RCTs) are still sorely needed.

In the present study, we developed a pipeline based on different LLMs to screen articles on
periodontal regeneration and test their performance. We first chose a recent systematic review in
periodontal regeneration by Fidan et al. [17], collected titles and abstracts from the set of RCTs
identified in this review paper and designated these as our “target set”. A broad PubMed query using
the term “periodontal regeneration” was then performed, yielding a large pool of variably related
articles. To better organize and prioritize the screening process, we employed sentence embeddings
(all-mpnet-base-v2) on the titles and abstracts of all articles [18,19], calculating each study’s cosine
similarity to the mean embedding vector of the target set [20]. This approach stratified articles in the
pool into quartiles of descending similarity, with the highest quartile expected to contain the most
similar studies, and thus representing the most challenging task for LLMs. We then tested different
LLMs (OpenHermes, Flan T5, GPT-2, GPT-3.5 Turbo, and GPT-40) and let them classify the papers
based on the focused question and inclusion criteria of Fidan et al.’s review, prompting them to
output “ACCEPT” or “REJECT”. We generated confusion matrices and standard classification
metrics (accuracy, precision, recall, and F1 score) to evaluate how closely each model’s performance
matched expert judgments [21]. High recall was particularly important to avoid discarding studies
that truly met the inclusion criteria [22].

This study thus serves as a proof of concept for how advanced NLP methods can streamline the
taxing task of article screening, allowing more focused human input on final selection and data
interpretation.

2. Materials and Methods

2.1. Study Design and Rationale

We designed this methodological study to test whether large language models could effectively
screen articles for a systematic review. To do that, we arbitrarily chose the recent review
“Combination of Enamel Matrix Derivatives with Bone Graft vs Bone Graft Alone in the Treatment
of Periodontal Intrabony and Furcation Defects: A Systematic Review and Meta-Analysis” by Fidan
et al. [17], which investigated whether combining enamel matrix derivative (EMD) with bone grafts
(BG) offers additional clinical benefits compared to BG alone in patients with periodontal intrabony
or furcation defects. The focused question of this review paper was:

“Does the combination of EMD + BG provide additional clinical benefits compared with BG alone in terms
of CAL gain, PD reduction, pocket closure, composite outcome of treatment success, gingival recession (REC)
and bone gain in periodontal intrabony and furcation defects?”

From the text of this systematic review, we extracted a PICOT framework [23]:

e Population (P): Adult periodontitis patients (=18 years old) with at least one intrabony or
furcation defect.

e Intervention (I): Periodontal regenerative surgical procedures using EMD combined with bone
grafts (EMD+BG).

e Comparison (C): Periodontal regenerative surgical procedures using bone grafts alone (BG).

e Outcomes (O): CAL gain, PD reduction (primary); secondary outcomes included pocket closure,
wound healing, gingival recession (REC), tooth loss, PROMs, and adverse events.

The inclusion criteria explicitly mentioned in the review were:
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1. Study Design: Randomized controlled trials (RCTs), parallel or split-mouth, with 210 patients per
arm.
Follow-up: Minimum 6 months after the surgical procedure.
Population: Adult periodontitis patients (=18 years) with intrabony or furcation defects.
Intervention: EMD + BG (i.e., Emdogain combined with any bone graft material).
Comparison: BG alone.
Outcomes: At least CAL gain and PD reduction.
We used these inclusion criteria to draft a set of explicit exclusion criteria:
e Studies focusing exclusively on children (<18 years).
e Studies without a clear mention of EMD or bone grafts.
e Follow-up period <6 months or uncertain.

AN N

¢ Non-randomized studies or fewer than 10 patients per arm.

Based on these criteria, the authors of this review had performed a literature search on Medline,
Embase, Web of Science and conducted a manual search on several relevant publications in the field,
eventually identifying nine target articles (Table 1). These target articles formed the core reference set
for the evaluation of our models.

Table 1. List of the target articles identified in the systematic review.

PMID Title Journal  YearReference
A clinical comparison of a

bovine-derived xenograft used
alone and in combination with
enamel matrix derivative for the
treatment of periodontal osseous  Journal of
11990444 defects in humans. periodontology 2002  [24]
Clinical evaluation of an enamel

matrix protein derivative The
(Emdogain) combined witha  International
bovine-derived xenograft (Bio-  journal of
Oss) for the treatment of periodontics &
intrabony periodontal defectsin  restorative
12186348 humans. dentistry 2002  [25]

Clinical evaluation of an enamel
matrix protein derivative
combined with a bioactive glass
for the treatment of intrabony Journal of
11990441 periodontal defects in humans. periodontology2002  [26]
Clinical evaluation of
demineralized freeze-dried bone
allograft with and without
enamel matrix derivative for the
treatment of periodontal osseous  Journal of
19053917 defects in humans. periodontology 2008  [27]
Comparative study of DFDBA in
combination with enamel matrix
derivative versus DFDBA alone
for treatment of periodontal
intrabony defects at 12 months  Clinical oral
20054593 post-surgery. investigations 2011  [28]
The
Evaluation of the effectiveness of International
enamel matrix derivative, bone  journal of
23484181 grafts, and membrane in the  periodontics & 2013  [29]
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treatment of mandibular Class II  restorative
furcation defects. dentistry
Hydroxyapatite/beta-tricalcium
phosphate and enamel matrix
derivative for treatment of

proximal class II furcation Journal of
defects: a randomized clinical clinical
23379539 trial. periodontology 2013 [30]

Enamel matrix protein derivative
and/or synthetic bone substitute
for the treatment of mandibular
class II buccal furcation defects. A
12-month randomized clinical =~ Clinical oral
26556577 trial. investigations 2016  [31]
Adjunctive use of enamel matrix
derivatives to porcine-derived
xenograft for the treatment of
one-wall intrabony defects: Two-
year longitudinal results of a
randomized controlled clinical Journal of
31811645 trial. periodontology 2020  [32]

2.2. Data Acquisition

First, we generated a pool of thematically related articles by searching Medline [33] using the
query “periodontal regeneration”, which was arbitrarily chosen to comprise articles about similar
topics to the systematic review. Due to PubMed’s limit of retrieving up to 10,000 records in a single
pass, we segmented our search by publication date ranges, ultimately retrieving over 16,000 abstracts.
We used Biopython’s Entrez.efetch [34,35] to parse and store the title and abstract texts within Python
DataFrames [36]. Duplicates overlapping with the target articles were removed to ensure a clean
distinction between relevant (Target=1) and presumed irrelevant (Target=0) papers.

2.3. Data Pre-Processing

We cleaned all dataframes by removing or replacing invalid or missing fields in Title and
Abstract columns with empty strings. Titles and abstracts were concatenated to form a single text
input per article for embeddings. We used the sentence-transformer all-mpnet-base-v2 model to
encode each article into a 768-dimensional embedding vector [19]. We computed the mean
embedding of the nine target articles and calculated the cosine similarity between each pool article’s
embedding and this mean vector [20]. Articles in the pool were then ranked and split into four
quartiles (Q1-Q4) according to similarity scores:

e Q1: Lowest similarity, with mean = 0.47
e (2: Lower-mid similarity, with mean = 0.60
Q3: Higher-mid similarity, with mean = 0.66
Q4: Highest similarity, with mean =0.76
Each quartile contained several thousand articles (~4,000-5,000), which we anticipated would
require a long time to be processed by LLMs. For feasibility purposes, we then decided to randomly
sample 200 articles from each quartile. The final sub-sets (“reduced quartiles”, n=200) that were used
for testing were therefore thus composed:
¢ Q1: Mean similarity = 0.43 (range= 0.02-0.60)
e (Q2: Mean similarity = 0.55 (range=0.42-0.70)
*  (Q3: Mean similarity = 0.61 (range=0.48-0.75)
¢ (Q4: Mean similarity = 0.76 (range=0.53-0.94)
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The target articles were then added to each dataset. These datasets were designed to pose
increasingly difficult challenges for the LLMs to correctly discriminate between relevant and non-
relevant articles.

2.4. LLM-Based Classification

We tested several models to classify each article in the reduced quartile sets as either
“Accepted” or “Rejected” according to the inclusion criteria above.

1. OpenHermes: OpenHermes is an instruction-tuned language model based on the Mistral 7B
architecture (7 billion parameters), designed for effective natural language understanding and
generation across a wide range of tasks [37]. For this study, we employed the quantized version
of OpenHermes-2.5-Mistral-7B-GGUF  (openhermes-2.5-mistral-7b.Q4_K_M.gguf), freely
available on Huggingface.com. Quantization reduced the model’s 32-bit parameters to 4-bit
values, significantly improving computational efficiency while maintaining high performance.

2. Flan T5: Flan-T5 is an instruction-tuned language model developed by Google, designed for
general-purpose natural language understanding and generation tasks [38]. Flan-T5 was fine-
tuned on a wide array of instruction-following datasets, and optimized for handling tasks such
as classification, summarization, and question answering with high accuracy and contextual
awareness.

3. GPT-2: GPT-2, developed by OpenAl, lacks the instruction-tuning and domain-specific
optimization of more advanced models, but it remains a valuable baseline for understanding the
capabilities of earlier-generation language models [39].

4. GPT-3.5 Turbo: GPT-3.5 Turbo, also developed by OpenAl, is an optimized and cost-efficient
version of the GPT-3.5 model, providing robust natural language understanding and generation
capabilities [40]. With significantly improved contextual reasoning and instruction-following
compared to GPT-2, GPT-3.5 Turbo performs better in structured classification tasks. In this
study, GPT-3.5 Turbo was utilized via OpenAl’s APL

5. GPT-40: GPT-4o0 is the optimized version of GPT-4, and it combines enhanced instruction-
following capabilities with improved contextual understanding [41]. GPT-40 performs better in
complex decision-making and classification scenarios than its predecessors. GPT-40 was accessed
via OpenAl’s API too.

LLMs require adequate prompting to function, i.e. a set of instructions that LLMs follow to
perform their task [42]. We designed the prompt based on the Focused questions and the PICOT
outlined in the paper. We drafted a general prompt as follows:

You are assisting in a systematic review on periodontal regeneration comparing

Emdogain (EMD) + bone graft (BG) versus BG alone.

Your task is to decide whether the following article should be **ACCEPTED**
or **REJECTED** based on the following “soft approach” criteria:

**Inclusion Criteria™*:
1. **Population (P)**: Adult periodontitis patients (=18 years old) with
at least one intrabony or furcation defect.
2. ®Intervention (I)**: Regenerative surgical procedures involving EMD
combined with any type of bone graft material (EMD+BG).
3. **Comparison (C)**: Regenerative surgical procedures involving BG alone.
4. *Outcomes (0)**:
- Primary: CAL (Clinical Attachment Level) gain, PD (Probing Depth) reduction.
- Secondary: Pocket closure, wound healing, gingival recession, tooth loss,
patient-reported outcome measures (PROMSs), adverse events.
5. *™*Study Design**:
- Randomized controlled trial (RCT), parallel or split-mouth design.
- 210 patients per arm.
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- 26 months follow-up.

**Decision Approach**:

- If **at least one™* of the above criteria is explicitly met or strongly implied,
*AND** none of the criteria are explicitly contradicted, then **ACCEPT**.

- If **any** criterion is clearly violated (e.g., population is exclusively children,
follow-up is 3 months, or design is not an RCT), then **REJECT**.

- If **no™* criterion is clearly met, **REJECT**.

Below is the article’s title and abstract. Decide if it should be ACCEPTED or REJECTED
according to the “soft approach” described.

Title: {title}
Abstract: {abstract}

**If the article is acceptable, respond with exactly:**
ACCEPT

**Otherwise, respond with exactly:**

REJECT

This prompt can be conceived as a soft prompt, because it emphasizes recall: if any criterion
might be satisfied, the article is likely ACCEPTED unless explicitly contradicted. This prompt was
tested with all the models. This prompt is also quite verbose.

While testing the LLMs, it soon became apparent that the less advanced models (OpenHermes,
Flan T5, GPT-2) struggled with such a structured prompt, and we decided to also test their
performance with a double prompt approach, i.e. by splitting the task into two sub tasks, each with
its own dedicated prompt. The initial prompt was very simple and as follows:

“

Initial filter to reject articles that do not mention Bone Graft (BG) or Emdogain (EMD).

“

This prompt was designed to short-list the articles and reject all the reports that did not directly
focus on Bone grafts or Emdogain and reduce the number of articles to screen in a more detailed way.
The second prompt was then applied only to screen the articles selected by the first screening and
was the same as the standard prompt.

We also decided to test a more concise prompt that REJECTS papers unless they definitively
match inclusion criteria, only for GPT 3.5 Turbo and GPT 4o. This approach aimed to reduce false
positives but risked higher false negatives.

The more concise prompt was as follows:

You are an expert periodontology assistant. You are assisting in a systematic review on periodontal
regeneration comparing

Emdogain (EMD) + bone graft (BG) versus bone graft alone. Evaluate this article step by step:

1. Population: If the text states adult patients with intrabony/furcation defects, or is silent about
agel/defect type, it’s not violated.
2. Intervention: If Emdogain + bone graft is mentioned or strongly implied, we consider this met.
3. Comparison: If a group uses bone graft alone, or there’s at least a control lacking Emdogain, consider
it met.
4. Outcomes: If they mention CAL gain or PD reduction, or are silent, do not penalize.
Only reject if they clearly never measure any clinical outcomes.
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5. Study design: If they claim RCT or strongly imply it, accept. If they mention a different design (case
series, pilot with fewer than 10 patients, or <6-month follow-up), reject.

If at least one criterion is explicitly met and none are clearly violated, answer ACCEPT. Otherwise,
REJECT.
If you are unsure, default to ACCEPT unless a contradiction is stated.

Article Title: {title}
Abstract: {abstract}

Respond with ONLY "ACCEPT’ or 'REJECT" accordingly.

"

2.5. Performance Evaluation

We compared the LLM-derived labels (Accepted=1, otherwise 0) against the ground truth label
(Target). For the target articles, Target=1 indicated a truly relevant study. For a subset of pool articles,
we performed a manual or semi-manual check to confirm Target=0 or Target=1 classification.

Using scikit-learn, we computed confusion matrices for each model, listing:

e True Positives (TP): Correctly accepted relevant articles.
e False Negatives (FN): Relevant articles the model rejected.
e False Positives (FP): Irrelevant articles the model accepted.
e True Negatives (TN): Correctly rejected irrelevant articles.
From these, we calculated accuracy, precision, recall (sensitivity), and F1 score.

Accuracy is the proportion of all correctly classified articles, and is calculated as follows:
TP+TN
TP+TN+FP+FN
Precision is the proportion of accepted articles that are truly relevant, and is calculated as

follows:

Accuracy=

Precision=
TP+FP

Recall (or sensitivity) is the proportion of relevant articles correctly identified, as follows:

TP
Recalls ———
€Cal= TrrEn

F1 score is the harmonic mean of precision and recall, which means:

Precision x Recall
F1 score= 2 x ;
(Precision+Recall)

In the context of systematic reviews, high recall (low FN) is often preferred to avoid missing key
articles. However, precision is also valuable to reduce the volume of articles that proceed to manual
full-text screening.

2.6. Software and Hardware

The entire pipeline was run in Google Colab notebooks [43]. We mounted Google Drive for data
storage and used a Tesla T4 GPU environment to accelerate the embedding steps (MPNet) and the
local inference for Open Hermes. For GPT-3.5 Turbo and GPT-4o, classification calls were made via
OpenAl’s APL The following major libraries and packages were employed:

e pandas version 2.2.2 for data handling [36]

e Biopython version 1.85 for retrieving PubMed records [35]

¢ sentence-transformers version 3.3.1 for sentence embedding [44]

e scikit-learn version 1.6 for confusion matrices and classification metrics [45]

3. Results

We successfully generated four reduced datasets, each containing 200 articles sampled from
quartiles Q1 to Q4 based on their similarity to the target articles. All 9 previously identified target
RCTs were added to each subset. The distribution of cosine similarity scores between the articles in
each quartile and the target set follows a clear gradient of relevance. As expected, Quartile 1 (Q1)
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exhibited the lowest similarity, with a mean score of 0.43, while Quartile 4 (Q4) showed the highest
similarity, with a mean of 0.76. Intermediate quartiles, Q2 and Q3, had mean similarities of 0.55 and
0.61, respectively.

A box-and-whisker plot was generated to visualize the distribution of similarity scores within
each quartile (Fig. 1).

Distribution of Similarities by Quartile

(o]
0.8 1
2061
5 o
E
&
[
<
2 0.4
O
0.2
0.0
Q1 Q2 Q3 Q4

Quartile datasets

Figure 1. Distribution of cosine similarity scores by quartile. Quartiles (Q1-Q4) were generated by ranking
articles based on their cosine similarity to the mean embedding vector of the nine target articles. Q1 contains
articles with the lowest similarity, while Q4 contains those with the highest similarity. The box plots display the
median, interquartile range, and outliers for each quartile.

Q1 displayed the widest range of scores, with numerous outliers toward the lower end of the
similarity scale, likely articles easy to filter out. Conversely, Q4 demonstrated a tighter distribution
with higher similarity values. This trend reflects the increasing difficulty of distinguishing between
relevant and non-relevant articles as similarity scores rise.

3.1. Open Hermes

The performance of the Open Hermes model was evaluated using two prompting strategies: the
single prompt and the double prompt (comprising initial filtering followed by detailed evaluation).
When using the single prompt, Open Hermes demonstrated high accuracy across all quartiles but
consistently struggled to identify relevant articles (True Positives), as shown in Table 2.

Table 2. Metrics for Open Hermes (Single Prompt).

Quartile TN FP FN TP
Q1 190 1 8 1
Q2 191 0 9 0
Q3 191 0 9 0
Q4 188 3 9 0

For Quartile 1, the model achieved an accuracy of 95.5%, because it correctly classified 190 non-
target papers out of 191. The model had only 1 true positive (TP) and 8 false negatives (FN), resulting
in a moderate precision of 50% but low recall and Fl-score of 11.1% and 18.2%, respectively. For
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Quartiles 2, 3, and 4, the model achieved perfect or near-perfect accuracy (around 95.5%), but no
relevant articles were identified, leading to undefined precision and F1-scores (Fig. 2A). While the
model effectively rejected irrelevant articles (as evidenced by high true negative counts), it
consistently failed to identify relevant studies across quartiles, which defies the purpose of the

oen Hermes (Dot promt.. i Open armes (Deuble romot . Getailed Evaantion)

screening.

A" Open tarmes ingie premet =] B" S ey . = e

Figure 2. Performance metrics (Accuracy, Precision, Recall, and F1 Score) for Open Hermes across different

evaluation setups and quartiles. (A) Results for the single-prompt configuration. (B) Results for the double-
prompt configuration after initial filtering. (C) Results for the double-prompt configuration after detailed
evaluation. Metrics are shown across quartiles (Q1-Q4), with Accuracy represented in blue, Precision in orange,
Recall in green, and F1 Score in red.

The double prompt strategy, designed to improve performance by introducing an initial
filtering step, showed mixed results. In the initial filtering phase, Open Hermes primarily focused on
rejecting articles that lacked explicit mentions of EMD or BG (Table S1). For Quartile 1, the model
achieved 94.5% accuracy, with 189 true negatives (TN) and 2 false positives (FP), but no true positives
were identified. For Quartiles 2, 3, and 4, the model achieved 95.5% accuracy, rejecting all irrelevant
articles, yet failed to detect any relevant studies, with precision and F1-scores remaining undefined
(Fig. 2B).

In the subsequent detailed evaluation phase, Open Hermes was re-applied to assess articles that
passed the initial filtering. However, the model's performance remained suboptimal, as obviously no
true positives were identified across any quartile, because all target articles had been filtered out
during the first round (Table S2, Fig. 2C).

Figure 3. Performance metrics (Accuracy, Precision, Recall, and F1 Score) for Flan T5 across different evaluation

3.2. Flan T5

Amv

i
mnin
Sa3r

setups and quartiles. (A) Results for the single-prompt configuration. (B) Results for the double-prompt
configuration after initial filtering. (C) Results for the double-prompt configuration after detailed evaluation.
Metrics are shown across quartiles (Q1-Q4), with Accuracy represented in blue, Precision in orange, Recall in
green, and F1 Score in red.

The performance of Flan T5 was evaluated using two strategies: a single prompt approach and
a double prompt approach, which included both initial filtering and detailed evaluation phases, as
done with Open Hermes. Under the single prompt approach, Flan T5 demonstrated moderate
accuracy across all quartiles but struggled with precision, recall, and F1-scores due to a high number
of false positives and limited true positives (Table S3). In Quartile 1, the model achieved an accuracy
of 64.5%, with 128 true negatives (TN), 63 false positives (FP), 8 false negatives (FN), and 1 true
positive (TP). Precision was 1.6%, recall was 11.1%, and the Fl-score was 2.7%, highlighting the
model's limitations in identifying relevant articles. Similar trends were observed across Quartiles 2,
3, and 4, with accuracy ranging from 68% to 76.0%. Precision, recall, and Fl-scores remained
consistently low, as the model failed to effectively distinguish relevant articles from irrelevant ones
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(Fig. 3A). The high number of false positives across all quartiles indicates the model's tendency to err
on the side of inclusivity, accepting a large number of irrelevant articles.

When using the double prompt strategy, Flan T5’s performance improved significantly during
the initial filtering phase, where the model focused on rejecting articles that did not meet broad
inclusion criteria (e.g., lack of explicit mentions of EMD or BG). In this phase, the model achieved
strong recall, correctly identifying all relevant articles (FN = 0) across all quartiles (Table 3). However,
precision was limited due to a substantial number of false positives.

Table 3. Metrics for Flan T5 (Double Prompt - Initial Filtering).

Quartile TN FP FN TP
Q1 178 13 0 9
Q2 170 21 0 9
Q3 168 23 0 9
Q4 147 44 0 9

For example, in Quartile 1, the model achieved 93.2% accuracy, with 178 TN, 13 FP, 0 EN, and 9
TP. Precision was 40.9%, recall was 100%, and the Fl-score was 58% (Fig. 3B). Accuracy across
quartiles ranged from 78% to 89.5%, with recall remaining perfect but precision declining as false
positives increased, particularly in Quartile 4 (17%), where false positives reached 44.

In the detailed evaluation phase, the model’s performance declined significantly (Table 4).
Despite achieving reasonable true negative counts, Flan T5 failed to identify any true positives across
all quartiles (TP = 0). In Quartile 1, the model achieved 54.5% accuracy, with 12 TN, 1 FP, 9 FN, and
0 TP, while precision, recall, and F1-scores were zero. Similar trends were observed in Quartiles 2, 3,
and 4, with accuracy ranging from 60.0% to 77.4% (Fig. 3C). These results highlight the limitations of
the model’s ability to refine article selection during the detailed evaluation phase, as it struggled to
achieve any balance between recall and precision.

Table 4. Metrics for Flan T5 (Double Prompt - Detailed Evaluation).

Quartile TN FP FN TP
Q1 12 1 9 0
Q2 18 3 9 0
Q3 23 0 9 0
Q4 41 3 9 0

3.3. GPT-2

Using the single-prompt strategy, GPT-2 demonstrated consistent behavior across all quartiles
(Q1-Q4). The model classified all articles as "Accepted," resulting in confusion matrices where true
negatives (TN) and false negatives (FN) were absent, while all true positives (TP = 9) and false
positives (FP =191) were recorded (Table S4). This led to a precision of 4.5% across all quartiles, while
recall remained perfect at 100% due to the complete acceptance of target articles (Fig. 4A).

L1 b

Figure 4. Performance metrics (Accuracy, Precision, Recall, and F1 Score) for GPT-2 across different evaluation

C “[===

setups and quartiles. (A) Results for the single-prompt configuration. (B) Results for the double-prompt
configuration after initial filtering. (C) Results for the double-prompt configuration after detailed evaluation.
Metrics are shown across quartiles (Q1-Q4), with Accuracy represented in blue, Precision in orange, Recall in
green, and F1 Score in red.
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However, this behavior inflated the number of false positives, significantly lowering the F1 score
to 8.7%. The overall accuracy for the single-prompt approach was 4.5%, underlining the inadequacy
of this strategy for discerning relevant from irrelevant articles.

In contrast, the double-prompt approach introduced two stages: initial filtering and detailed
evaluation. During the initial filtering, GPT-2 demonstrated improvement by rejecting some
irrelevant articles (Table 5).

Table 5. GPT-2 (Double Prompt - Initial Filtering).

Quartile TN FP FN TP
Q1 178 13 0 9
Q2 170 21 0 9
Q3 168 23 0 9
4 147 44 0 9

Across the quartiles, TN increased significantly (e.g., Q1: TN = 178), reducing FP (e.g., Q1: FP =
13). This adjustment boosted accuracy to about 90% for Q1-Q3 quartiles, thought it was 78% in Q4.
Precision declined substantially over the quartiles (Q1: 40.9%, Q2: 30%, Q3: 28.1%, Q4: 17%). Recall
remained constant at 100% in the initial filtering phase, ensuring that no target articles were excluded
prematurely, while F1 score declined from 58% in Q1 to 29% in Q4 for the increasing number of false
positive articles (Fig. 4B). In the subsequent detailed evaluation phase (Table 6), the model showed
minimal change, with no TN or FN identified. FP matched TP across all quartiles, emphasizing that
all initially accepted articles were retained in the final stage.

Table 6. GPT-2 (Double Prompt - Detailed Evaluation).

Quartile TN FP FN TP
Q1 0 13 0 9
Q2 0 21 0 9
Q3 0 23 0 9
Q4 0 44 0 9

Precision for the detailed evaluation phase was consistent with the initial filtering results, but
accuracy and F1 scores were not improved (Fig. 4C).

3.4. GPT-3.5 turbo

In the results for GPT-3.5 Turbo, we observed distinct performance trends when employing
verbose and concise prompt strategies. The verbose prompt demonstrated consistent performance
across Quartiles 1 to 4, with high true negative (TN) counts and minimal false positives (FP) (Table
7).

Table 7. GPT-3.5 Turbo (Verbose Prompt).

Quartile TN FP FN P
Q1 190 1 1 8
Q2 190 1 0 9
Q3 189 0 9
4 170 21 0 9

GPT-3.5 Turbo (Verbose Prompt) GPT-3.5 Turbo (Concise Prompt)
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Figure 5. Performance metrics (Accuracy, Precision, Recall, and F1 Score) for GPT-3.5 Turbo evaluated using
two different prompt styles: (A) Verbose Prompt and (B) Concise Prompt. Metrics are presented across quartiles
(Q1-Q4), with Accuracy represented in blue, Precision in orange, Recall in green, and F1 Score in red.

For Quartile 1 (Q1), the model achieved an accuracy of 99.0%, a precision of 88.9%, a recall of
88.9%, and an F1-Score of 88.9%, reflecting balanced performance across metrics (Fig. 5A). In
Quartiles 2 (Q2) and 3 (Q3), the accuracy remained high at 99.5% and 99.0%, respectively, with
precision and recall both exceeding 88.9%. However, in Quartile 4 (Q4), formed by a pool of articles
with higher similarity to the target articles, there was a notable decline in precision to 30%, despite
recall remaining at 100%, attributed to an unsurprising increase in false positives, and F1 score was
down to 46.1%.

The concise prompt strategy yielded comparable overall accuracy but with more variation in
precision and false-positive rates (Table 8).

Table 8. GPT-3.5 Turbo (Concise Prompt).

Quartile TN FP FN TP
Q1 185 6 1 8
Q2 188 3 1 8
Q3 184 7 1 8
Q4 162 29 1 8

In Q1, the model achieved an accuracy of 96.5%, a precision of 57.1%, a recall of 88.9%, and an
F1-Score of 69.44% (Fig. 5B). For Q2, precision improved to 72.7%, with accuracy reaching 98.0%,
indicating better filtering of irrelevant articles. In Q3, precision dropped to 53.3%, with an F1-Score
of 66.7%, highlighting challenges in balancing false positives and true positives. Q4 exhibited the
most significant drop in performance, with precision reduced to 21.6% and an F1-Score of 34.8%,
largely due to an increase in false positives.

These findings underscore that the soft prompt strategy outperformed the concise prompt in
terms of precision and F1-Score across most quartiles, though the concise prompt occasionally
achieved better TN counts. Both strategies faced challenges in Quartile 4, particularly with managing
false positives, which adversely affected precision.

3.4. GPT-4o0

The GPT-40 model with the verbose prompt demonstrated consistently excellent performance
across all quartiles, with near-perfect accuracy, precision, recall, and F1-Scores (Table 9).

Table 9. GPT-40 (Verbose Prompt).

Quartile TN FP FN TP
Q1 191 0 0 9
Q2 191 0 0 9
Q3 191 0 0 9
Q4 190 1 0 9

GPT-4o (Verbose Prompt) GPT-4o (Concise Prompt)
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Figure 6. Performance metrics (Accuracy, Precision, Recall, and F1 Score) for GPT-40 evaluated using two
different prompt styles: (A) Verbose Prompt and (B) Concise Prompt. Metrics are presented across quartiles (Q1-
Q4), with Accuracy represented in blue, Precision in orange, Recall in green, and F1 Score in red.

In Quartile 1 (Q1), the model achieved 100% accuracy, precision, and recall, resulting in an F1-
Score of 100% (Fig. 6A). Similar results were observed in Quartiles 2 and 3 (Q2 and Q3), where the
model exhibited flawless performance, correctly identifying all true positives (TP) and true
negatives (TN) without any false positives (FP) or false negatives (FN). For Quartile 4 (Q4), there
was a minimal drop in precision to 90%, attributed to 1 false positive. Despite this, recall remained
at 100%, and the overall F1-Score was 94.7%.

Using the concise prompt, GPT-40 maintained consistently high performance, with accuracy
and recall at 100% across Quartiles 1 to 3 (Table 10).

Table 10. GPT-40 (Concise Prompt).

Quartile TN FP FN TP
Q1 191 0 0 9
Q2 191 0 0 9
Q3 191 0 0 9
Q4 188 3 0 9

However, in Quartile 4, the model encountered three false positives, reducing precision to 75%
with an F1-Score of 85.7% (Fig. 6B). Across all quartiles, the model demonstrated robust
classification capabilities, consistently identifying true positives without missing any relevant
articles (FN = 0).

4. Discussion

This study investigated a multi-step approach for automating the initial stages of article
screening in a systematic review on periodontal regeneration as a tool to compare the performance
of different Large Language Models (LLMs). The first step involved creating experimental datasets
to measure LLMs’ performance in classifying the articles, by collecting thematically related articles
from Medline and ranking and clustering them by their semantic similarity to nine target RCTs
identified in a recent systematic review [17] using sentence embeddings; this stage effectively split an
otherwise very large corpus (>16000) into four quartiles of increasing similarity. The second step used
LLMs to apply PICOT-based inclusion criteria, examining how single-prompt instructions, double-
prompt procedures, and verbose versus concise prompts influenced performance.

The three lower-end LLMs (OpenHermes (7B), Flan T5, and GPT-2) showed poor performance
when dealing with the standard prompt; OpenHermes failed to identify any target article with the
only exception of Q1 dataset, i.e. the dataset with the lowest resemblance to the target article, where
1 target article was identified. Flan T5 performed only marginally better, identifying 1 target articles
out of every dataset. GPT-2 accepted all articles in the dataset, completely missing the task.

These models were then tested through a double-prompt strategy, in which the first prompt
broadly filtered out articles that did not mention essential interventions (Emdogain or bone graft),
and the second prompt then applied the detailed inclusion criteria. With OpenHermes, the double-
prompt procedure proved ineffective, as it did not improve any metrics. Flan T5 responded
differently, initially excelling in the first prompt by retaining all truly relevant studies, only to
underperform in the second step by failing to accept them again. This inverted outcome produced
perfect recall in the broad filter but then caused complete or near-complete rejection of target articles
in the detailed evaluation, highlighting the model’s sensitivity to re-contextualization between
prompt stages.

GPT-2 did reject a subset of articles in the initial filter, yet still remained heavily biased toward
inclusion in the second step. Although GPT-2, when challenged with a simpler prompt, avoided
missing any relevant articles, its over-acceptance burdened the process with excessive false positives,
reflecting a trade-off that might be tolerable only if minimizing missed studies is the overriding
priority, or as a general screening to short-list the articles to examine using a cheaper model.
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The more advanced GPT-3.5 Turbo and GPT-40 were primarily tested with a soft, verbose
prompt that instructed acceptance if there was any possibility of meeting inclusion criteria, unless
these criteria were explicitly violated. Both models used a more concise variation as well. Given their
performance, no double prompt was deemed necessary. GPT-3.5 Turbo, when prompted verbosely,
consistently captured all or nearly all target articles in Quartiles 1-3 and had only minor difficulties
in Quartile 4, where a more substantial number of false positives appeared. This behavior indicated
that while GPT-3.5 Turbo is generally reliable, increasingly complex or topic-similar abstracts (as it
could happen in real-life datasets generated by accurate search strategies) can lead it to err on the
side of inclusion. GPT-4o, by contrast, demonstrated near-perfect precision and recall in Quartiles 1-
3, with only a handful of false positives in the highest-similarity quartile. It showed relatively little
variation between verbose and concise prompts, indicating better capacity to handle fine-grained
inclusion and exclusion criteria consistently. The near-ideal performance of GPT-40 in most quartiles
did not completely avoid misclassifications, but it significantly reduced the tension between missing
relevant articles and accepting too many irrelevant ones.

These differences among models and prompt variants underscore the importance of carefully
selecting and configuring LLMs to conduct automated screening of the literature for systematic
reviews. Smaller or older-generation models such as OpenHermes (7B), Flan T5, and GPT-2 are prone
either to exclude truly relevant articles (particularly with multi-step prompts) or to accept far too
many irrelevant ones, and they are very sensitive to changes in prompt design. While the double-
prompt approach was introduced to filter out obviously irrelevant papers, it occasionally
undermined performance when the model failed to maintain consistent logic between the two stages.
However, our data show that both Flan T5 and GPT-2 can effectively handle a simple prompt (like
the one we used for the initial filtering in the double prompt approach) and are therefore still
probably usable for initial literature screenings. By contrast, more advanced LLMs like GPT-3.5 Turbo
and GPT-40 appear to manage single-prompt scenarios effectively, especially when prompts are fine-
tuned to emphasize recall but not at the cost of excessive false positives.

However, our datasets have a limited size, so relying solely on these models without human
verification still carries risk in real screenings, particularly in more nuanced systematic reviews where
abstracts can be vague or incomplete.

Overall, our findings suggest that several LLMs carry significative potential to handle the
automated screening of the biomedical literature, and even smaller, leaner and generally “surpassed”
model can still be effective in eliminating off-topic articles. Although GPT-40 generally emerged as
the most consistently reliable model in detecting relevant RCTs and minimizing misclassification,
periodic human checks remain vital to mitigate residual errors.

By tailoring the prompting strategy to a given model’s strengths, or by supplementing weaker
models with additional filtering rules, researchers can achieve a screening pipeline that substantially
reduces labor without sacrificing the comprehensiveness expected in evidence-based reviews.

5. Conclusions

In conclusion, we showed that advanced LLMs proved effective for automated screening in a
systematic review on periodontal regeneration. Thanks to sentence embeddings we generated 4
increasingly difficult databases and advanced models like GPT-3.5 Turbo and GPT-40 met the dual
challenge of capturing nearly all relevant RCTs while limiting false positives and thus effectively
reducing human burden.

Less powerful models, while unable to handle a complex and structured prompt to conduct the
literature screening, improved somewhat when subjected to a double-prompt strategy but
nonetheless struggled with maintaining balanced performance across prompt stages. These outcomes
highlight the critical role of prompt design, and model selection in optimizing both recall and
precision. In our setting, GPT-40 delivered near-ideal outcomes in all quartiles.

Supplementary Materials: The following supporting information can be downloaded at:
www.mdpi.com/xxx/s1, Table S1. Metrics for Open Hermes (Double Prompt - Initial Filtering); Table S2: Metrics
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for Open Hermes (Double Prompt - Detailed Evaluation); Table S3: Metrics for Flan T5 (Single Prompt); Table
S4: GPT-2 Single Prompt Metrics.
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