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ABSTRACT

Objectives: To evaluate the performance of Claude 3.7 Sonnet in automating data extraction for systematic literature reviews
(SLRs).

Methods: An artificial intelligence (Al) extraction model based on the Claude 3.7 Sonnet large language model was developed
through a structured process, including targeted training using a master data list and selected full-text articles. The master
data list enhanced the model’s contextual knowledge, guiding data extraction. Seven full-text articles from 4 oncology-
focused treatment efficacy and safety SLRs were used for early testing and iterative refinement through error analysis.
Model performance was then evaluated using 20 full-text articles, drawn from the same SLRs but not used for model
development, and benchmarked against human extractions. Evaluation metrics included precision, recall, and F1 score.
Extraction time was also compared across 3 different approaches: Al model-only, hybrid (Al model with human
verification), and traditional human extraction.

Results: The Al model extracted 117 889 data points across 106 variables, achieving an overall precision of 98.2%, recall of
96.6%, and F1-score of 97.4%. Extraction performance was highest for Study Characteristics (precision: 97.7%, recall: 98.7%)
and Participant Characteristics (precision: 97.3%, recall: 98.7%). Outcome data showed 96.4% recall and 98.7% precision.
Intervention Characteristics achieved 97.5% precision and 94.6% recall. Extraction using the Al model alone averaged 4.5
minutes per article, compared with 64.5 minutes with the hybrid approach and approximately 240 minutes with
traditional human extraction.

Conclusions: The Claude 3.7 Sonnet-based model demonstrated strong performance, supporting efficient and reliable Al-
driven data extraction in oncology SLRs, with potential for broader applicability.

Keywords: artificial intelligence (Al), data extraction, large language models (LLMs), performance evaluation, systematic

reviews.
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Introduction

Systematic literature reviews (SLRs) are foundational to evi-
dence synthesis in health economics and outcomes research
(HEOR), supporting key deliverables, such as cost-effectiveness
analyses, global value dossiers, and health technology assess-
ment (HTA) submissions. However, SLRs are time consuming and
resource intensive, with manual extraction of data from large
volumes of literature remaining a significant bottleneck and
prone to errors and inconsistencies."? The accelerating growth of
biomedical literature further underscores the need to enhance
the efficiency, accuracy, and scalability of SLR workflows.

Advances in artificial intelligence (Al) offer promising solu-
tions. By automating labor-intensive tasks, such as data extrac-
tion, Al tools can streamline SLRs, accelerating review timelines
while potentially reducing associated human error.>"'? In partic-
ular, large language models (LLMs) have shown strong potential

in this space because of their ability to interpret complex medical
language, reason contextually, and adapt to varied reporting
formats.">'* These models can be applied to extract patient
populations, intervention characteristics, outcome measures, and
study characteristics, tasks traditionally performed by human
reviewers.

These capabilities are especially relevant in HEOR, in which
structured data on clinical endpoints, health resource utilization,
and health state utilities are relevant to payer and reimburse-
ment decisions. LLM-assisted extraction can enhance consistency
and reduce the workload associated with synthesizing evidence
for economic modeling and reimbursement submissions.

However, significant challenges remain. Biomedical literature
exhibits considerable heterogeneity in format, terminology, and
reporting structure, and LLMs often struggle with ambiguous
phrasing, missing information, or interpreting sophisticated
analytical outputs, such as subgroup analyses, adjusted estimates,
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or time-to-event outcomes. Additionally, ensuring consistency
across documents, accurately processing numerical data, and
distinguishing closely related variables (eg, progression-free
versus overall survival) require specialized, domain-specific tun-
ing. These complexities underscore the need for rigorously vali-
dated Al models that are tailored to the needs of HEOR.

Although several tools have emerged, few of these tools have
undergone robust validation across a comprehensive set of data
elements. Published studies on LLM-assisted data extraction have
typically focused on feasibility or evaluation of limited data ele-
ments, rather than comprehensive performance across diverse
data categories.>'® This knowledge gap is particularly critical
because data extraction challenges vary considerably, including
those reported in complex and nonstandardized ways. This gap
limits the broader adoption of LLMs in SLR workflows.

The application of LLMs in SLRs represents a globally relevant
innovation. The need to streamline evidence synthesis is partic-
ularly pressing in low- and middle-income countries (LMICs), in
which HEOR capacity may be constrained by limited funding,
infrastructure, and trained personnel. LLM-based automation has
the potential to support more equitable access to high-quality
evidence synthesis in resource-constrained settings by reducing
reliance on manual resources. To address persistent health sys-
tem challenges, including workforce shortages, data collection,
and decision support, generative Al has been recognized as a vital
tool particularly in LMICs.'®

To investigate the potential of Al-driven data extraction, we
developed a customized Al model using Claude 3.7 Sonnet, an
advanced LLM by Anthropic. Claude 3.7 Sonnet was selected for
its superior capability in handling complex natural language
tasks, including document summarization, question answering,
and entity extraction, as well as its enhanced reasoning clarity
and reduced biases compared with earlier models."”

This study aimed to evaluate the performance and efficiency
of the customized Claude 3.7 Sonnet-based Al model for auto-
mating data extraction in SLRs. We assessed the model’s perfor-
mance by comparing its output with verified human-extracted
data. Additionally, we evaluated efficiency by measuring the time
required across 3 approaches: fully automated Al model extrac-
tion, a hybrid method (Al model extraction with human over-
sight), and traditional human extraction. These findings offer
insights into the current capabilities and limitations of Al-
assisted data extraction and inform future improvements to
ensure methodological rigor, practical utility, and accessibility of
evidence synthesis in HEOR.

Methods

Al Model Overview

A custom-built Al data extraction model (hereafter called “Al
model”) was developed to automate the retrieval of information
from published articles utilizing Claude 3.7 Sonnet (nonextended
thinking model run). Claude natively supports direct PDF uploads
and features an expansive context window of 200 000 tokens
(individual units of text such as words, characters, or subwords),
allowing it to process entire articles within a single prompt. It
also offers multimodal capabilities for handling diverse types of
input.'” At the time of writing, this model had the best average
performance across public LLM benchmarks and evaluations,'®'°
and within our own prior anecdotal experience, it produced the
most favorable results and was thus chosen as the language
model for our data extraction model.

The extraction pipeline integrates the LangChain framework
for structured model interaction, Zod schema validation to

enforce consistent data structures, and structured output parsing
to ensure compatibility with database formats. The Al model,
powered by Chunkr.ai, processes PDF documents and converts
unstructured text into structured data essential for SLRs,
improving accuracy and accelerating the review process.'”

Al Model Training Set

We reviewed 9 previously completed and validated SLRs on
therapeutic efficacy and safety in oncology and compiled study,
intervention, participant, and outcome data elements from their
data extraction sheets. These elements were consolidated in a
master data list, accompanied by definitions, to provide domain-
specific contextual knowledge to the Al model, enhancing its
understanding of oncology treatment efficacy and safety-related
SLRs.

To simulate real-world data extraction during model training
and early testing, a training set of 7 full-text articles, randomly
selected from 4 of the 9 SLRs, was used to refine the Al model
iteratively.

Al Model Prompt Development and Instruction

We implemented a structured prompting approach that
combined role-based system instructions, domain-specific
context, detailed extraction schemas, and in-context examples
(Fig. 1). Prompts and schemas were tailored to specific study
types and therapeutic areas, enabling the Al model to interpret
specialized terminology and generate outputs in predefined
formats.

Structured output parsing was a central feature of this design,
in which prompts specified the targeted information and the
required extraction schema, defined in JavaScript Object Notation
(JSON) format. The schema included annotations for data types
(eg, string and integer), optionality (ie, whether it was required to
be extracted), and field descriptions (see Appendix Fig. 1 in
Supplemental Materials found at https://doi.org/10.1016/j.vhri.2
025.101539). Both the prompts and code pipeline were
designed to ensure schema compliance (see example in Appendix
Fig. 2 in Supplemental Materials found at https://doi.org/10.1016/
j.vhri.2025.101539).

For the extraction of outcomes and participant characteristics,
therapeutic area-specific examples were provided to the model—
essentially a master list of the potential values that may be pre-
sent in the study—to help the model run in a “few-shot learning”
configuration.

Data extraction followed a 2-stage process. First, an “extrac-
tion context” was established using the master data list, covering
study, intervention, participant, and outcome elements. Then,
extraction was performed on smaller segments within this
context.

To mitigate bias and enhance performance, we refined
prompts and schemas using the training set, maintaining a strict
training/testing split. The Al model was run at a “Zero Tempera-
ture” setting to ensure deterministic outputs for identical inputs
and was instructed to return verbatim source text for key vari-
ables to ensure traceability to the original content.

Al Model Extraction and Output

The Al model extracted data for multiple variables and
recorded them in an Excel extraction sheet using various data
formats, including numerical values, structured data elements,
and free-text entries. In this context, variables refer to charac-
teristics or attributes measured or reported in the included
studies. Each variable may correspond to a single data point or
multiple data points, with each data point representing a specific
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Figure 1. Model prompt development and instructions.
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piece of information captured in a single cell of the extraction
sheet.

Single-data-point variables are often fixed study characteris-
tics that yield only 1 value per study. Examples include study
design (eg, randomized controlled trial and cohort study), total
sample size (eg, 500 participants), and follow-up duration (eg, 12
months). In contrast, multi-data-point variables contain multiple
values extracted from a single study. These typically arise from
subgroup analyses, multiple time points, or distinct outcome
measures. Examples include age distributions (eg, mean age re-
ported separately for males and females), treatment arms (eg,
different dosages or drug combinations tested), and outcome
measures (eg, adverse events stratified by age group or disease
severity). Unlike single-data-point variables, multi-data-point
variables were given a more structured extraction instruction to
ensure consistent and comprehensive capture across studies.

Model Validation

The performance of the Al model was evaluated using 20
randomly selected publications across 4 SLRs. These articles had
not been used in training. Extracted data included study char-
acteristics, intervention characteristics, patient characteristics,
and outcomes (see Appendix Table 1 in Supplemental Materials
found at https://doi.org/10.1016/j.vhri.2025.101539) and were
compared with verified human-extracted data, which served as
the gold standard. Human-extracted data were obtained from 2
reviewers who independently performed data extraction
following the Cochrane Handbook for Systematic Reviews of In-
terventions.® A third reviewer resolved discrepancies between
the 2 sets of extracted data by verifying the correct values.
Additionally, a fourth senior methodologist independently
reviewed and verified the results to ensure the accuracy and
reliability of the extracted data for use as the gold standard.

Performance Metrics

Data points were defined as follows:

o True Positives: Correctly extracted data points.

o False Positives: Instances in which the Al extracted incorrect,
misclassified, or unnecessary data.

o False Negatives: Instances in which the Al failed to capture
relevant information that was present in both the publication
and the gold standard.

True Negatives refer to irrelevant data points that were
correctly not extracted. These could not be systematically coun-
ted because the gold standard contained only relevant data.

The Al model’s performance metric was evaluated using the
following metrics:

e Precision (positive predictive value): The proportion of
correctly extracted data points among all Al-extracted data
points, reflecting the correctness of the Al-extracted data, is
calculated as follows:

True Positives
True Positives-+False Positives

Precision =

e Recall (sensitivity): The proportion of correctly extracted data
points among all relevant data points in the gold standard,
indicating the Al's ability to capture all relevant data, is
calculated as follows:

True Positives

Recall = — -
ecd True Positives+False Negatives

e Fl-score: The harmonic mean of precision and recall, providing
a balanced measure of accuracy, is calculated as follows:

PrecisionXRecall
F1=2X ———————
Precision+Recall

Error Analysis

Errors were classified into extraction errors (false positives)
and omission errors (false negatives). A systematic analysis was
conducted to understand the root causes of these errors, evaluate
their impact on evidence synthesis, and identify areas for
improvement. This process included an error rate assessment at
both the individual data point and the broader variable levels.
Errors were also examined across key data domains, including
study characteristics, intervention characteristics, participant
characteristics, and outcomes, to identify patterns within
different sections of publications. In addition, we explored the
presence of systematic issues, such as complex sentence struc-
tures, varying terminologies, and specific data formats that posed
challenges for the Al

Efficiency Comparison

To evaluate efficiency, we compared the time required for data
extraction across 3 approaches: (1) manual extraction by 2 in-
dependent human reviewers, (2) automated extraction by the Al
model, and (3) a hybrid approach, in which a human reviewer
verified and refined the Al model’s outputs. Time was recorded
for each approach to assess potential time savings associated
with automation and human-Al collaboration.

Results

Al Model Data Extraction Outputs

The Al model was finalized through 10 iterative refinements. A
total of 117 889 data points were extracted (Fig. 2). The Outcomes
category accounted for the largest number of extracted data
points (99 231), resulting from the detailed and multidimen-
sional nature of outcome reporting, including multiple measures,
multiple time points, and multiple treatment arms with different
dosages, combinations, or intervention strategies.

The model demonstrated a high level of correctly extracted
data points across all data domains, with true-positive rates
ranging from 92.4% in Intervention Characteristics to 96.4% in
Study Characteristics. A small proportion of data were missed,
including 5.3% (131 data points) in Intervention Characteristics,
3.6% (3558 data points) in Outcomes, 1.3% (9 data points) in Study
Characteristics, and 1.2% (192 data points) in Participant Char-
acteristics. Incorrect extractions were also minimal, with error
rates of 2.6% (406) in Participant Characteristics, 2.4% (59) in
Intervention Characteristics, 2.3% (16) in Study Characteristics,
and 1.5% (1,522) in Outcomes.

Of the 106 variables across 4 data domains (Fig. 3), Study Char-
acteristics had the highest proportion of perfectly extracted vari-
ables, with 20 out of 35 (57.1%) variables achieving 100% correctness
and 13 variables achieving 90% to 95% correctness. However, the
variable Safety Assessment Method was extracted with 80% to 89%
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Figure 2. Classification of all Al extracted data points (n = 117 889) by data domain.
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correctness, and Follow-up Estimate Type with 75% to 79% cor-
rectness. For the Intervention Characteristics domain, 16 variables
reached 90% to 95% correctness, whereas 6 fell within the 80% to 89%
range, including Crossover Criteria, Background Therapy, Treatment
Duration Value, Treatment Duration Unit, Maintenance Dose Value,
and Maintenance Dose Unit. Notably, no variables in this domain fell
below the 80% correctness threshold. In the Participant Character-
istics domain, Estimate Value was the only variable extracted with
80% to 89% correctness, whereas all other variables exceeded 90%
accuracy. For the Outcomes domain, Standardized Outcome Name
was extracted with 80% to 89% correctness, but no variables fell
below this range.

An overview of variables that demonstrated less than 90%
correctness and require further improvements is presented in
Table 1.

Al Model Performance Metrics

The Al model achieved an overall precision of 98.2%, meaning
that most extracted data points for all 106 variables were extracted
correctly. Recall was 96.6%, indicating that the majority of relevant
data points present in the source were successfully captured. The
F1-score, which balances precision and recall, was 97.4%, demon-
strating the model’s strong overall performance (Fig. 4).

Figure 3. Correctness of Al-extracted variables (n = 106) by data domain.
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Table 1. variables with less than 90% correctness by data domain.

Correctness Study Intervention

characteristics (n = 2)

characteristics (n = 6)

Outcomes
(n=1)

Participant
characteristics

80%-89% « Safety assessment method

75%-79% None

e Follow-up estimate type

Crossover criteria
Background therapy
Treatment duration value
Treatment duration unit
Maintenance dose value
Maintenance dose unit

(n=1)

e Estimate value e Standardized outcome name

None None

Performance remained consistently high across all data do-
mains (Fig. 5). For Study Characteristics, the model achieved an
F1-score of 98.2%, with 97.7% precision and 98.7% recall, sug-
gesting a well-balanced extraction process with minimal errors.
Similarly, for Participant Characteristics, the model performed
strongly, with an F1-score of 98.0%, precision of 97.3%, and recall
of 98.7%, indicating that nearly all relevant participant-related
data points were successfully captured.

In the Outcomes domain, the model maintained a high per-
formance, with an F1-score of 97.4%, precision of 98.4%, and recall
of 96.4%, demonstrating reliable outcome extraction with a low
error rate. The Intervention Characteristics domain had the
lowest recall at 94.6%, despite a high precision of 97.5%, resulting
in an Fl-score of 96.0%. This suggests that although most
extracted intervention-related data were correct, some relevant
data points were not captured.

Error Analysis

Among extraction errors, the variable with the highest rate
was the Follow-Up Estimate Type in Study Characteristics, with
25% false positives, primarily due to the Al model extracting data
where none was explicitly reported. Blinding had a 10% error rate
because the Al model classified studies as “open label” when no
information on blinding was provided in the publication. This
assumption made by the Al model was incorrect because the
appropriate classification should have been “not reported.” For
Intervention Characteristics, errors often stemmed from dis-
crepancies between actual and planned durations or dosing

Figure 4. Overall performance metrics of the Al model.
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schemes, such as for Treatment Duration Value and Unit. Main-
tenance Dose Value and Unit were frequently misidentified
because of publications reporting only a single, general dose
rather than distinguishing between a separate loading dose and
maintenance dose.

In the Participant Characteristics domain, Estimate Value—
representing the numerical value associated with a participant
characteristic—had a 10% error rate. This error is primarily due to
the model’s difficulty distinguishing between treatment-arm
level data and overall population-level data. In cases in which
publications only reported participant characteristics for the
overall population, the model incorrectly attempted to extract or
infer treatment-arm level estimates, leading to inaccurate out-
puts based on assumptions and unsupported calculations. For the
Outcomes domain, Standardized Outcome Name had a 10% error
rate, often due to mislabeling (eg, classifying “grade 3 adverse
events” as “adverse events” or standardizing “objective response
rate” as “complete response”).

Omission errors were largely driven by implicit or indirectly
reported information. Among Study Characteristics, Safety
Assessment Method had the highest omission rate (10%) because
safety details were often implied rather than explicitly stated.
Database Lock Date had a 10% omission rate, primarily due to
alternative terminologies such as “cut-off date.” Other study
variables, (including National Clinical Trial) Identifier, Crossover
Type, and Efficacy Assessment Method, each had a 4% omission
rate due to terminology inconsistencies.

For Intervention Characteristics, Background Therapy (14%)
and Line of Treatment (9%) were frequently missed because of
inconsistent terminology across publications. Maintenance Dose
Value and Unit had a 6% and 7% omission rate, respectively, often
due to incomplete or complex dosing descriptions. Omission er-
rors in Participant Characteristics were low (1%). In Outcomes,
missing values were also low, with Number of Participants in
Intervention Group at 3.9% and the remaining variables at 3.6%. A
full overview of errors across variables is provided in Appendix
Table 2 in Supplemental Materials found at https://doi.org/10.1
016/j.vhri.2025.101539.

Efficiency Comparison

The articles that were extracted for this study averaged 8
pages in length, with a total range from 1 to 43 pages per study.
The Al model required an average of 0.5 minutes for PDF parsing
and approximately 4 minutes for full data extraction, resulting in
a total processing time of 4.5 minutes per full-text article. In
comparison, based on internal estimates, manual data extraction
took approximately 2 hours (120 minutes) per full-text article
when performed by a single reviewer, and 4 hours (240 minutes)
when conducted in duplicate. These estimates did not account for
time spent reconciling discrepancies between reviewers, which
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Figure 5. Performance metrics of the Al model by data extraction type.
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would have added additional time per study. Compared with
duplicate human extraction, the Al model reduced the time
required by approximately 235 minutes, a 98% decrease, per
article.

Using a hybrid Al-driven extraction approach with human
oversight, a manual review of the Al-extracted data required an
average of 1 hour (60 minutes) per article. This estimate included
time spent reconciling discrepancies between the Al-extracted
output and human judgment, as reconciliation occured during
the review process. Thus, the total time for the hybrid approach
was approximately 64.5 minutes per study. Compared with full
manual extraction, the hybrid approach reduced the time by
approximately 175 minutes (73%) per article, still demonstrating
a significant efficiency improvement.

In terms of cost, the average data extraction run in this study
cost US dollars $2.8 per extraction, with the costs primarily
comprising fees paid to Chunkr.ai for document parsing and the
language model provider (Anthropic) for Al credits. When
comparing the average cost of human labor for performing
analogous tasks, there can be significant cost saving, even when
using the hybrid Al-drive extraction approach described above.

Discussion

This study aimed to evaluate the performance and efficiency of
a custom Al model developed to automate data extraction in SLRs,
a foundational methodology in HEOR. To our knowledge, this is the
first large-scale evaluation of an LLM-based model using a vali-
dated data set derived from previously conducted SLRs.

The model, built on Claude 3.7 Sonnet, was designed to
streamline the extraction of structured data from clinical studies.
Key technical advantages include the ability to directly process
PDFs, handle entire articles in a single prompt, and integrate
multimodal information (eg, text, figures, and document layout).
The model was developed using structured extraction schemas
informed by validated SLRs and refined through 10 iterative cy-
cles of review and improvement. During this process, targeted
extraction rules were implemented to reduce unnecessary
inference, improve recognition of implicit or alternative termi-
nology, and strengthen the model’s ability to distinguish be-
tween similar data elements, contributing to enhanced
performance.

A rigorous model evaluation of 20 full-text articles spanning 4
oncology-focused SLRs demonstrated high overall performance,
with overall precision, recall, and F1-scores exceeding 96%. The
model performed best in extracting Study Characteristics and
Participant Characteristics. Although Outcomes data showed
slightly lower recall, it remained above 95%, with consistently
high precision. The Intervention Characteristics domain exhibited
the lowest recall and F1-score, highlighting an area for targeted
improvement.

In addition to its excellent performance, the Al model showed
notable efficiency gains. This efficiency is particularly important
given that data extraction is often the most time-consuming
stage in SLRs. Prior studies report that SLRs can take more than
a year to complete, with data extraction alone accounting for
nearly a quarter of total effort."? In the current evaluation, a
hybrid Al-human approach reduced total effort by nearly 4-fold
compared with full manual extraction. This level of efficiency is
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particularly valuable for HEOR deliverables, such as HTA sub-
missions, global value dossiers, and cost-effectiveness analyses,
which are often time sensitive.

The role of Al in supporting evidence synthesis and generation
for health policy and HTA submissions is increasingly acknowl-
edged by HTA bodies and professional societies. The United
Kingdom’s National Institute for Health and Care Excellence has
issued a position statement emphasizing that Al-derived evi-
dence must meet the same standards of transparency, repro-
ducibility, and clear reporting as traditional methods.?' Building
on this, Canada’s Drug Agency has also released a position
statement recognizing the potential of Al while stressing the
importance of transparency, appropriateness, and trustworthi-
ness in its application.?? In parallel, the ISPOR Working Group on
Generative Al recently outlined a framework for evaluating and
applying Al in HEOR contexts, highlighting both opportunities,
such as automating aspects of SLRs, and challenges, including the
need to maintain scientific rigor, ensure reliability, and mitigate
bias.?® All 3 organizations emphasize the critical role of human
oversight in ensuring the responsible and effective use of Al tools
in evidence synthesis. The hybrid Al-human approach evaluated
in this study, featuring iterative model tuning, transparent error
analysis, and human oversight, is closely aligned with these
principles and demonstrates how Al can be responsibly inte-
grated into HEOR workflows.

Importantly, the relevance of this approach is not limited to
high-income countries. In LMICs, limited access to trained
personnel and analytic infrastructure often constrain HEOR ca-
pacity. LLM-based automation offers a scalable solution enabling
timelier and resource-efficient evidence synthesis. As LMICs
expand HTA processes, such tools can support locally relevant,
data-driven decision making and help promote more equitable
access to care.

An error analysis identified that most extraction errors
stemmed from implicit reporting, inconsistent terminology, or
incorrect inferences. These included misinterpretations of
population-level versus treatment-arm data and issues with
variable definitions, particularly for outcomes and follow-up
metrics. Although overall error rates were low, these findings
underscore the importance of maintaining human oversight and
continuing to refine Al extraction prompts.

An important consideration in applying Al to systematic re-
views is the risk of bias. Models may reflect limitations of their
training data, amplify reporting inconsistencies in biomedical
literature, or infer details that are implied but not explicitly
stated. Such biases can distort evidence synthesis if not carefully
monitored, underscoring the need for human oversight to vali-
date outputs and ensure methodological rigor.

Although the Al model was developed and evaluated through
a rigorous process, the study has several limitations. First, we
were unable to assess true negatives—instances in which irrele-
vant data were correctly not extracted—limiting our ability to
calculate accuracy as a performance metric. Second, the model
was trained and validated exclusively on oncology studies
focused on treatment efficacy and safety. Consequently, its
generalizability to other therapeutic areas or types of SLRs, such
as those examining humanistic burden, unmet needs, or eco-
nomic outcomes, currently remains untested. However, many of
the training techniques and prompt design elements could be
readily adapted to other therapeutic areas with sufficient time
and domain-specific examples. The overall extraction pipeline
and core prompts would remain consistent, with additional few-
shot examples improving performance for new therapeutic areas
or SLR types. Expanding this work to broader domains represents
an important direction for future research.

Given these limitations, a hybrid Al-human extraction
approach currently represents the most practical and effective
solution. This strategy leverages the efficiency of Al-driven
extraction while maintaining human oversight to ensure qual-
ity. By automating repetitive tasks, the model helps alleviate
reviewer fatigue, particularly when processing large volumes of
articles, while allowing human reviewers to focus on more
nuanced or ambiguous cases.

Looking ahead, the Al model’s performance can be further
strengthened through additional refinements targeting key areas
of improvement. First, enhancing terminology standardization
will reduce inconsistencies in how data elements are labeled and
interpreted, ensuring more reliable extraction across diverse
studies. Second, expanding the training data set to include a
wider range of therapeutic areas will help improve the model’s
generalizability and prevent overfitting to oncology-specific
content, enabling broader applicability across different domains
of medical research. Finally, incorporating more robust synonym
recognition and inference-prevention rules will improve the
model’s ability to interpret varied reporting styles and reduce
errors caused by assumptions or implicit information. Together,
these refinements will support the continued advancement of Al-
driven data extraction as a reliable, scalable, and high-quality
solution for modern evidence synthesis.

Conclusions

The Claude 3.7 Sonnet-based Al model showed strong per-
formance in automating data extraction for oncology-focused
SLRs, with notable gains in efficiency. A hybrid approach,
combining Al with human oversight, offers a practical balance
between speed and quality, supporting more scalable and reliable
evidence synthesis. By streamlining one of the most resource-
intensive stages of the SLR process, this approach supports
more timely, consistent, and transparent evidence synthesis for
application in HEOR and other research domains.
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