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Beyond Automation: Decoding the Alignment 
of Artificial Intelligence Applications with 
Systematic Review Guidelines
Além da Automação: Decifrando o Alinhamento de Aplicações de Inteligência Artificial Com os Manuais de Revisões Sistemáticas
Más Allá de la Automatización: Descifrando la Alineación de las Aplicaciones de Inteligencia Artificial con las Guías de Revisiones Sistemáticas

RESUMO
Revisões Sistemáticas (RS) representam uma metodologia consolidada para a síntese de evidências cientí-
ficas na área da saúde, sua condução exige rigor metodológico, preconizado pelos manuais JBI e Cochrane. 
Avanços tecnológicos, como a Inteligência Artificial (IA) foram integrados às RS, automatizando etapas e oti-
mizando recursos. Este estudo identificou como as aplicações baseadas em IA utilizadas na elaboração de RS 
da área da saúde se alinham a estes manuais, avaliando 29 estudos que empregaram IA em diferentes etapas 
da RS. A análise revelou que 51,7% (15 estudos) atenderam aos manuais, enquanto os 48,3% (14 estudos) 
não atenderam. A etapa de Seleção (primeira triagem), representou 89,7% dos estudos (26 de 29). Enquanto 
etapas como formulação de estratégia de busca, avaliação de risco de viés e síntese de resultados não foram 
abordadas. Conclui-se que, para garantir a confiabilidade das RS apoiadas por IA, é necessário alinhar essas 
ferramentas às diretrizes metodológicas dos manuais, bem como de um esforço conjunto entre desenvolve-
dores de softwares e a comunidade científica.
DESCRITORES: Revisões sistemáticas como assunto, Metodologia – revisão sistemática, Armazenamento e 
recuperação da informação - saúde, Inteligência artificial, Aprendizado de máquina.

ABSTRACT
Systematic Reviews (SR) represent a well-established methodology for synthesizing scientific evidence in the healthcare 
field, and their conduct requires methodological rigor as outlined in the JBI and Cochrane manuals. Technological advan-
ces, such as Artificial Intelligence (AI), have been integrated into SRs, automating stages and optimizing resources. This 
study identified how AI-based applications used in the development of healthcare SRs align with these manuals, evalua-
ting 29 studies that employed AI in different stages of SRs. The analysis revealed that 51.7% (15 studies) adhered to the 
manuals, while 48.3% (14 studies) did not. The Selection stage (first screening) represented 89.7% of the studies (26 out 
of 29). Stages such as search strategy formulation, risk of bias assessment, and results synthesis were not addressed. It 
is concluded that to ensure the reliability of AI-supported SRs, it is necessary to align these tools with the methodologi-
cal guidelines of the manuals, as well as foster collaboration between software developers and the scientific community. 
KEYWORDS: Systematic Reviews as Topic, Methodology – systematic review, Information Storage and Retrieval – he-
alth, Artificial Intelligence, Machine Learning.

RESUMEN
Las Revisiones Sistemáticas (RS) representan una metodología consolidada para la síntesis de evidencia científica en el 
área de la salud, y su realización requiere un rigor metodológico, según lo estipulado por los manuales JBI y Cochrane. 
Avances tecnológicos, como la Inteligencia Artificial (IA), han sido integrados a las RS, automatizando etapas y optimizan-
do recursos. Este estudio identificó cómo las aplicaciones basadas en IA utilizadas en la elaboración de RS en el área de la 
salud se alinean con estos manuales, evaluando 29 estudios que emplearon IA en diferentes etapas de las RS. El análisis 
reveló que el 51,7% (15 estudios) cumplió con los manuales, mientras que el 48,3% (14 estudios) no lo hizo. La etapa de Se-
lección (primer filtro) representó el 89,7% de los estudios (26 de 29). Mientras que etapas como la formulación de estrate-
gias de búsqueda, la evaluación del riesgo de sesgo y la síntesis de resultados no fueron abordadas. Se concluye que, para 
garantizar la fiabilidad de las RS apoyadas por IA, es necesario alinear estas herramientas con las directrices metodológi-
cas de los manuales, así como fomentar la colaboración entre los desarrolladores de software y la comunidad científica. 
PALABRAS CLAVE: Revisiones sistemáticas como tema, Metodología – revisión sistemática, Almacenamiento y recu-
peración de información – salud, Inteligencia artificial, Aprendizaje automático.
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INTRODUCTION

Systematic Reviews (SR) in the 
health field are studies that 
use a transparent and impartial 

methodology to identify, evaluate 
and synthesize scientific evidence. 1,2 
Defined and reproducible methods 
are followed, allowing the consolida-
tion of previously evaluated studies, 3

To ensure the quality and stan-
dardization of SR, methodological 
guidelines are used, such as the Jo-
anna Briggs Institute Manual 4 and 
the  Cochrane Handbook. 5 These 
manuals provide guidance for con-
ducting evidence-based SRs, covering 
criteria such as feasibility, suitability, 
relevance and effectiveness of health 
interventions. 6

However, performing an SR is an 
intensive and challenging process, 
which requires screening a large vol-
ume of studies, managing heteroge-
neous data and rigorous control to 
minimize biases, i.e., methodological 
errors in the selection and analysis of 
studies. 7

AI-based tools are already being 
applied to SR development in stag-
es such as initial screening, where 
pattern recognition algorithms help 
automatically classify large volumes 
of literature, speeding up the pro-

cess and minimizing the risk of bias. 
This makes it possible to optimize 
critical steps in the process, reducing 
the workload of researchers, improv-
ing accuracy in study screening, and 
increasing consistency in data ex-
traction. 8

AI applications used in the de-
velopment of RS include methods 
such as Machine Learning (super-
vised, unsupervised and reinforce-
ment learning ), deep neural networks 
(Deep Learning ), algorithms such 
as Support Vector Machine (SVM) 
and Naïve Bayes, as well as advanced 
Natural Language Processing (NLP) 
technologies, such as Bidirectional 
Encoder Representations from Trans-
formers (BERT) and generative mod-
els, such as Generative Pre-trained 
Transformer (GPT). 9

Given this context, this study aims 
to identify how AI-based applications 
used in the preparation of systematic 
reviews in the health area align with 
the JBI and Cochrane manuals.

The justification for the research 
is the growing adoption of AI-based 
tools to support the conduct of SR. 
These tools, although capable of im-
proving stages of the process, require 
compliance with criteria of transpar-
ency, systematicity, and reproducibil-
ity. Despite this, to date, no studies 

have been found that systematically 
evaluate the alignment of these appli-
cations with the guidelines of the JBI 
and Cochrane manuals, which high-
lights a critical gap in the scientific 
literature. Thus, this article seeks to 
fill this gap, contributing to an under-
standing of these technologies in the 
field of health SR.

METHOD

This research was conducted 
through an exploratory bibliographic 
review, aiming to identify, from pub-
lished SRs, information to respond to 
the study objective. 10 The method-
ological process followed the steps of: 
defining a search strategy, selecting 
data sources, screening and extracting 
information and, finally, synthesizing 
and interpreting the data extracted 
from the selected studies.

The strategy used in the search was: 
('artificial intelligence' OR 'machine 
intelligence' OR 'machine learning 
software' OR 'machine learning pro-
gram' OR 'data processing' OR 'nat-
ural language processing' OR 'semi 
supervised machine learning' OR 'ar-
tificial intelligence chatbot' OR 'ar-
tificial intelligence software') AND 
('systematic review (topic)' OR 'sys-
tematic reviews' OR 'study selection' 

http://orcid.org/0000-0002-8683-4924
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OR 'screening' OR 'screening meth-
od' OR 'citation analysis' OR 'meth-
odological studies' OR 'methodolog-
ical problems' OR 'methodological 
quality' OR 'method detection limit' 
OR 'qualitative research' OR 'qualita-
tive study' OR 'search algorithm' OR 
'search strategy').

The selected databases were: MED-
LINE/PubMed (National Library of 
Medicine), Embase (Elsevier), BVS/
LILACS (BIREME), CINAHL (EB-
SCOhost), Cochrane Library, Scopus 
(Elsevier), Web of Science (Clarivate 
Analytics), Preprints and OpenGrey.

SR articles that reported the use of 
AI applications in the preparation of 
SR in the health area were selected. 
In this study, the tools were defined 
as software, platforms, frameworks, 
APIs, Chatbots and virtual assistants, 
methods, heuristics or pre-trained AI 
models, automatic and/or semi-au-
tomatic. Studies that used AI-based 
software or methods only for data 
management or to assist in the diag-
nosis and/or treatment of diseases, as 
well as other types of medical docu-
ments, such as electronic medical re-
cords, were excluded.

The articles collected from the 
databases were stored in the Rayyan 
software. This software was used to 
remove duplicate references, select 
the studies included in this review, 
perform the initial screening, and re-
cord exclusions.

A spreadsheet structured in Micro-
soft Excel© was used to extract, dis-
cuss, and present the results. In this 
spreadsheet, aspects such as author, 
year of publication, application of AI, 
and SR stages were recorded, in ac-
cordance with the JBI and Cochrane 
Manuals.

The categorization of the SR stag-
es also followed the methodological 
guidelines of the JBI and Cochrane 
manuals, which present similar guide-
lines, as shown in Table 1.

Step Description

PLANNING

Formulation of the SR 
Question

Define a clear and objective question using research 
acronyms (PICO, PICOT, PECOS)

Eligibility Criteria

Define inclusion and exclusion criteria to determine 
which texts will be included in the review. These criteria 
should be based on the research question and should 
consider factors such as type of study, population, 
intervention, outcome and publication period.

Search strategy

The search strategy should be planned using 
standardized health descriptors such as MeSH and 
Boolean operators to maximize the sensitivity and 
specificity of the search.

Databases

The choice of databases should be related to the 
research question, and can be general health databases 
such as MedLine, Embase, Lilacs, as well as specific 
databases such as Cinahl, Cochrane Library, PEDro, 
PsycInfo, as well as multidisciplinary databases such 
as Scopus, Web of Science and gray literature: Google 
Scholar, Open Grey

Protocol

Develop and register a detailed and transparent 
protocol, describing the methods and strategies to 
be used, register the protocol in one of the following 
platforms: PROSPERO, Cochrane Database of 
Systematics Reviews, JBI Evidence Synthesis

EXECUTION

Location of Studies
Conduct searches in the databases systematically, 
simultaneously, and export the results to reference 
managers

Removal of Duplicate 
Records

Removal of duplicate references through reference 
managers

Selection of Studies

Study selection should occur in two screenings: 1st 
screening: reading of titles and abstracts; by 2 blind 
reviewers. 2nd screening: reading of the full text: by 2 
blind reviewers. Both are conducted by independent 
reviewers and, in case of disagreement, a third reviewer 
is called, ensuring less influence of bias. Eligible works 
after the initial screening are analyzed in depth, and it 
is recommended to justify the exclusion of each study 
and keep a record of these decisions through a flowchart 
(PRISMA, 2020).

Quality Assessment
Establish methodological quality, reliability of studies, and 
assessment of risk of bias using instruments (Rob2, Robin-s; 
JBI Sumari).

Table 1 - Systematic Review Steps
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Data Extraction
Define in advance the information that will be extracted from the articles, such as: type of study, 
location and period in which it was conducted, inclusion and exclusion criteria, follow-up time, 
number of participants, intervention, outcome presented (extraction table). This step must be 
carried out in pairs independently.

Statistical Analysis
It is recommended when data from more than one study are homogeneous, 
appropriate in relation to the methodology used and with their respective similar clinical 
outcomes.

Synthesis of Results Present a qualitative or quantitative analysis (synthesis can be narrative, meta-analysis, 
graphical or tabular)

Quality of Evidence Assessment
Assess the certainty of the evidence for each outcome analyzed in the review using 
the Grading of Recommendations Assessment, Development and Evaluation - GRADE 
system

REPORT

Report Disclose the findings of the RS in a transparent manner, following the guidelines of the 
PRISMA 2020 Reporting Guide

Source: The authors, adapted from JBI4, Cochra-
ne5.

To assess alignment with the rec-
ommendations of the JBI and Co-
chrane manuals in systematic reviews 
that used AI applications, the follow-
ing criteria were established:

Meets: the AI ​​application per-
forms SR steps in alignment with the 
JBI and Cochrane manuals (Table 1);

Does not meet: the AI ​​application 
performs SR steps in disagreement 
with the JBI and Cochrane manuals 
(Table 1).

RESULTS

The searches were carried out si-
multaneously on June 22, 2024, in 
the databases and resulted in 3,471 
studies. Of these, 2,280 were ex-
cluded because they were duplicate 
references, leaving 1,191 for the 1st 
screening. At this stage, 833 studies 
that were unrelated to the objective 
of the review were excluded. This left 
358 articles for the 2nd screening. At 
this time, 309 studies were excluded 
for the following reasons: 245 studies 
in which AI was not used to prepare 
reviews (reason 1); 35 studies exclud-
ed because they did not use AI tools 
or methods (reason 2); 16 studies ex-
cluded because they were review stud-

ies or secondary studies (reason 3); 33 
studies excluded from Randomized 
Clinical Trials, or intervention stud-
ies that were not part of this review 
(reason 4). Thus, a total of 29 studies 
were selected for data extraction.

Furthermore, searches in the gray 
literature resulted in 273 studies. 
After removing 93 duplicates, 180 
studies remained for the first screen-
ing. Of these, 180 were excluded for 
the following reasons: 142 preprints 
(reason 1) and 38 did not meet the el-
igibility criteria of this review (reason 
2). No studies from the gray literature 
were included in this article (Figure 
1).



Literature Review
Zanela M, Carvalho DR, Junior RM

Beyond Automation: Decoding the Alignment of Artificial Intelligence Applications with Systematic Review Guidelines

2025; (15) N.93 •  saúdecoletiva   14765DOI: https://doi.org/10.36489/saudecoletiva.2025v15i93p14761-14770
Todo o conteúdo desse periódico, exceto onde está identificado, está licenciado sob uma Licença Creative Commons

Figure 1 - PRISMA flowchart - study identification

SOURCE: The authors, adapted from Page et al.1

Twenty-nine studies published be-
tween 2012 and 2023 were analyzed. 
These studies evaluated AI applica-

tions at different stages of SR devel-
opment in the health area. To identify 
the alignment of AI applications with 
the JBI and Cochrane manuals, the 

results were organized according to 
Table 1 – SR Stages. Each application 
was categorized as "Meets" or "Does 
not meet", as shown in Table 2:

Authors / Year AI Applications SR Step Alignment with JBI 
Cochrane Manuals

Bekhuis, Demner-Fushman, 201211 SVM; K-NN; NB; 
CNB; EvoSVM Selection1st screening Doesn’t meet

Jonnalagadda, Petitti, 201312 NB; SVM; FCNB Selection1st screening Doesn’t meet

Kim, Choi, 201413 SVM Selection1st screening Doesn’t meet

Blake, Lucic, 201514 GLM; SVM Selection1st screening Doesn’t meet

Rathbone; Hoffmann; Glasziou, 201515 Abstrackr Selection1st screening Meets

Hashimoto, Kontonatsios, Miwa, Ananiadou, 201616 Rede Neural Selection1st screening Doesn’t meet

Przybyła, Brockmeier, Kontonatsios, et al. 201817 Robot Analyst Seleção2ª triagem Meets

Table 2 - Studies included in the review
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Tsafnat, Glasziou, Karystianis, Coiera, 201818 GATE Selection1st screening Meets

Bucheli Guerrero, 201919 SASR Selection1st screening Doesn’t meet

Gartlehner, Wagner, Lux, et al., 201920 DistillerAI Selection1st screening Meets

Gates, Guitard, Pillay, et al. 201921 Abstrackr; DistillerAI 
RobotAnalyst Selection1st screening Meets

Gates, Gates, Sebastianski, et al. 202022 Abstrackr Selection1st screening Meets

Howard, Phillips, Tandon, et al. 202023 SWIFT-Active 
Screener Selection1st screening Meets

Orgeolet, Foulquier, Misery, et al. 202024 BIbliography BOT - 
BIBOT

Location of studies in 
databases Doesn’t meet

Popoff, Besada, Jansen, et al. 202025 SVM; NB; CART Selection1st screening Meets

Burns, Etherington, Cheng-Boivin, Boet, 202126 DistillerAI Selection1st screening Meets

Chai, Lines, Gucciardi, Ng, 202127 Research Screener Selection1st screening Meets

Pham, Jovanovic, Bagheri,Antony, et al. 202128 Mineração de texto; 
LDA; SVD; PLN Selection1st screening Meets

Qin, Liu, Wang, et al. 202129 PNL; BERT; 
LightGBM Selection1st screening Meets

Borissov, Haas, Minder, et al. 202230 Deduklick Duplicate removal Meets

Facchinetti, Benetti, Giuffrida, Nocera, 202231 Slr-kit Selection1st screening Doesn’t meet

Muller, Ames, Jardim, Rose, 202232 Lingo3G Selection1st screening Meets

Reis, Oliveira, Fritsch, et al. 202333 Rayyan; Abstrackr; 
Colandr Selection1st screening Meets

Kebede, Cornet, Fortner, 202334 NB; SVM; SVD Selection1st screening Doesn’t meet

Li, Kabouji, Bouhadoun, et al. 202335 Rayyan; Abstrackr; 
SWIFT-Review Selection1st screening Doesn’t meet

Natukunda, Muchene, 202336 Latent Dirichlet 
Allocation Selection1st screening Doesn’t meet

Oude Wolcherink, Pouwels, van Dijk, et al. 202337 ASReview Selection1st screening Doesn’t meet

Qureshi, Shaughnessy, Gill, et al. 202338 ChatGPT Question and Search Strategy Doesn’t meet

van Dijk Brusse-Keizer, Bucsán, et al. 202339 ASReview Selection1st screening Meets

SOURCE: The authors, 2025.

The analysis of the 29 articles re-
vealed that 51.7% (15 studies) com-
plied with the JBI and Cochrane man-
uals in at least one stage of the SR, 
while 48.3% (14 studies) did not. The 
suitability of the applications varied 
considerably according to the stage of 
the SR in which they were used, high-
lighting differences in implementa-
tion and alignment with the manuals.

The majority of the studies ana-
lyzed applied AI tools in the Study 
Selection phase (1st Screening), rep-
resenting 26 of the 29 studies (89.7%). 
Of these 26, half (13 applications) 
demonstrated alignment with the 
manuals, while the other half failed 
to meet the established methodolog-
ical criteria. Among the studies that 
stood out positively are: Burns et al. 
26, with the application of DistillerAI; 

and Rathbone et al. 15, with Abstrackr. 
Both studies met the criteria in the 
initial screening. In contrast, the stud-
ies by Bucheli Guerrero 19, with SASR; 
and Oude Wolcherink et al.37, with 
ASReview, did not meet the manuals 
due to deficiencies in meeting meth-
odological criteria, such as the lack of 
traceable justifications for study exclu-
sions.

In the Duplicate Removal stage, 
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only one study was evaluated: Boriss-
ov et al.30, with Deduklick. This 
demonstrated alignment with the 
manuals. For the Research Question 
Formulation and Search Strategy 
phase, the study by Qureshi et al. 38, 
with ChatGPT, was evaluated but did 
not meet the recommendations of the 
manuals.

The chronological analysis revealed 
a significant evolution in AI capabili-
ties over the years. In the period from 
2012 to 2016, the initial technologies 
highlighted in these studies, such as 
SVM (Support Vector Machine), a 
supervised learning algorithm de-
signed to classify data, such as neural 
networks – computational structures 
inspired by the functioning of the hu-
man brain and capable of modeling 
complex patterns through intercon-
nected processing layers – did not 
show alignment with the established 
methodological criteria. Between 
2018 and 2021, an increase in the pro-
portion of software aligned with the 
manuals was observed. Studies such 
as those by Przybyła et al., 17, with Ro-
bot Analyst, and Burns et al. 26, with 
DistillerAI stand out. Both met the 
methodological criteria in the stages, 
such as the 1st screening and the 2nd 
screening. In the most recent period, 
between 2022 and 2023, the study by 
Van Dijk et al. 39 stood out for the ap-
plication of ASReview, which demon-
strated compliance with the manuals. 
However, when the same software was 
used by Oude Wolcherink et al. 37, 
the lack of traceable justifications for 
study exclusions compromised their 
transparency and, consequently, their 
compliance with the manuals.

In general, the studies that stood 
out the most were those that used 
AI tools in operational steps, such as 
initial screening and removal of du-
plicates, showing alignment with the 
manuals. On the other hand, steps 
related to planning and formulating 
search strategies proved to be prob-
lematic, reflecting limitations both 

in the tools used and in the way they 
were implemented by the researchers.

DISCUSSION

The results presented in this study 
show that, although the use of AI-
based applications in SR is advancing, 
only half of the studies evaluated meet 
the JBI and Cochrane methodologi-
cal guidelines. This scenario reveals a 
contrast between the operational stag-
es, in which the application of AI has 
proven effective, and the critical stag-
es of planning and analysis, which still 
depend on human supervision.

The selection phase, specifically 
the first screening, was covered in 23 
of the 29 studies evaluated, Rathbone 
et al.15, with the application of the 
Abstrackr Software, Gartlehner et al. 
20 with DistillerAI and Li et al.35 with 
SWIFT-Review have demonstrated 
effectiveness in significantly reducing 
manual workload.

On the other hand, the study by 
Przybyła et al. 17, with the Robot An-
alyst software, it complied with the 
manuals, however, in the automated 
scenario, it excluded up to 70% of the 
relevant records, which may compro-
mise the reliability of the SR results. 
The study by Gartlehner et al. 20, with 
the DistillerAI software, although it 
was efficient in reducing the work-
load (99%), presented a high loss of 
records (97%) in the automated sce-
nario. These data reinforce that hu-
man supervision remains essential to 
ensure the quality and integrity of the 
selection process.

Programs and platforms that use ad-
vanced algorithms, such as ASReview, 
cited in the study by Van Dijk et al. 39, 
have shown efficiency in selecting the 
first screening by combining models 
such as Naïve Bayes and TF-IDF. In 
the study by Oude Wolcherink et al. 
37 no clear criteria were presented for 
excluding studies, which makes it dif-
ficult to replicate and validate the re-
sults, compromising their application.

Deduplication was one of the 
most successful steps in the use of AI. 
Borissov et al. 30 presented Deduklick 
and Reis et al.33 presented Rayyan, 
both of which ensured traceability and 
standardization, automatically and ef-
fectively identifying and eliminating 
duplicates. Deduklick 30 stood out for 
using similarity measures and generat-
ing reports in PRISMA format.

Despite the advances, the AI ​​appli-
cations evaluated for automated data-
base searches, such as BiBot studied 
by Orgeolet et al. 24,did not comply 
with the manuals. Limitations such as 
the absence of authorized health de-
scriptors, such as MeSH, DeCS, and 
Boolean operators, compromised the 
sensitivity and specificity of the search 
strategies.

Steps such as search strategy for-
mulation, bias risk assessment, and 
result synthesis were not addressed 
in the articles analyzed in this study. 
This reflects a significant gap in the 
application of AI in SR, since these 
steps require critical and contextual 
judgment, characteristics that current 
technologies still do not adequately 
replicate.

CONCLUSION

This article sought to identify how 
SRs that use AI-based tools in the 
health area align with the JBI and 
Cochrane manuals, which establish 
methodological guidelines to ensure 
transparency, reproducibility, and 
quality of reviews. The results indicat-
ed that, despite advances in AI appli-
cations, especially in operational steps 
such as initial screening and record 
deduplication, only 15 of the 29 stud-
ies met the manuals.

The applications that met the 
methodological guidelines of the 
manuals stood out for their traceabil-
ity, standardization and transparency. 
An example of this was the work of 
Borissov et al. 30, with application of 
the Deduklick and by Pham et al. tool 
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28, with text mining, which exemplify 
how AI can be successfully applied in 
operational stages of SR. On the other 
hand, studies such as Oude Wolcher-
ink 37, with the ASReview, and Orgeo-
let 24, with BIBOT, presented flaws 
due to the failure to document the cri-
teria adopted in the decisions made.

These findings show that the lim-
itations observed are not intrinsically 
linked to AI applications, but to the 
way they are used by researchers. The 
lack of adherence to the guidelines of 
the JBI and Cochrane manuals com-
promises the reliability of SRs, even 
when advanced technological tools 
are used. The absence of standardized 
strategies, the limited use of the tools' 
functionalities, and the reliance on 
non-transparent decisions compro-
mise the validity and reproducibility 
of the results. For AI-supported SRs 
to be consistent and useful in evi-

dence-based practice, it is essential 
that the tools are compatible with the 
guidelines established by the manuals.

Therefore, the objective of this 
study was achieved. The results al-
lowed us to identify that AI-based 
applications comply with the JBI and 
Cochrane manuals, but this alignment 
is still limited. This is due to both the 
limitations of the tools and their inad-
equate use by researchers.

As a contribution, this review 
highlights the need to raise awareness 
among researchers about the method-
ological guidelines of the manuals, as 
well as a joint effort between software 
developers and the scientific com-
munity. This would aim to promote 
robust and integrated solutions, im-
prove the functionalities of AI ap-
plications, and train users for their 
methodologically correct application. 
These measures are considered essen-

tial for these tools to fulfill their role 
in strengthening SR, ensuring greater 
efficiency without compromising sci-
entific quality.

This study was conducted based 
on published SRs, which restricts the 
findings to the AI-based applications 
described in these sources. The hetero-
geneity in objectives, methodologies, 
and data reported by the evaluated 
studies makes it difficult to generalize 
the results, since not all applications 
were tested under uniform conditions, 
which may have limited the detailed 
understanding of the technologies. 
Despite these limitations, this work 
provides an important basis for dis-
cussing the advances, challenges, and 
potential of the use of AI in SRs in the 
health area.
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