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ABSTRACT

With emergence of Artificial Intelligence (Al) has created opportunities for automation with natural language
processing (NLP) and semantic mapping. Al tools can identify relevant literature, classifying evidence, extract data,
and evaluate quality.

To explore methodological validation of design and quantitative metrics analysis of artificial intelligenc e and machine
learning tools used in the automated systematic review process.

Electronic databases were searched from 2015 to September 2025. Investigating methodological validation of design
and quantitative metrics analysis of Al tools.

8 studies were included in this review for reporting quantitative metrics analysis and design validity of ML tool
automation in the systematic review process, and evaluating model performance components.

The findings showed metrics analysis was done across a wide range of simulations and workload savings vary
according to task across the included studies.

Keywords: Machine Learning; Natural Language Processing (NLP), Semantic Mapping
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Systematic reviews are a comprehensive approach that is widely used to bring together the findings from multiple
studies in arefined way and are often used for evidence synthesis!. Regrettably, this could be challenging because of
relevant evidence is unstructured, small population size is deficient in the randomization and blinding process, and
describing the conduct of such articles is already massive and continues to expand rapidly. Marshall and Wallace
(2019) highlighted that the growth of scientific knowledge and an expansion of publications across various subjects
create both opportunities and challenges for researchers and reviewers at the same time?2.

Higgins et al (2019) pointed out the process of systematic review entails several explicit searching for studies,
describing the sources of studies, search process, search strategies, managing references during the search process,
correctly documenting the search process, and extracting data from eligible studies, synthesizing the results®.
Traditionally, screening of studies and extraction of data from selected studies have been the most laborious process
in conduction of systematic reviews. The assessment of methodological qualities, intervention and outcome measure
is assessed by a team of reviewers independently, ensuring reliability, but it subsumes and protracts reviewers in
cognitive burden. This can challenge the persistence of reviewers' variability, error in recording data, fatigue, and
confusion 4. The methodological foundation of systematic review starts forms hours of literature searches, rigid
inclusion criteria, ultra careful data extraction, and data synthesis, ensuring the reliability, credibility, and replicability.
However, as the literature is expanding exponentially, traditional manual methods of systematic reviews are inadequate
to keep up with the new diversified trends and evidence®.

Watt et al (2008) highlighted that the deadline to complete the review, especially in health-related technological
assessments, and the necessity for search to minimize the number of studies screening, even though finding relevant
research is a laborious task®. Time limit may compromise the quality of the systematic review and produce biased
results. Many innovations have occurred inthe processes of systematic reviews since the publication of the PRISMA
2009 statement”. For instance, technological advances have enabled the use of natural language processing and
machine learning to identify relevant evidence. The methodological frameworks of PRISMA 2020 require explicit
recording of statistical tools and human error, implying the chances that Al should be augmented along with scholarly
judgment®. Gusenbauer and Haddaway et al (2020) explains, reviewer searches databases, using keywords and
Boolean operators to get relevant reports ° into a reference manager. Two independent reviewers check the records'
titles and abstracts on the basis of inclusion criteria; most of the records are excluded at this phase. Asmall number of
research makes to the full-text screening, which is a significant step in systematic review. De Vries et al. analyzed
10,115 records and excluded 9,847 after title and abstract screening, a drop of more than 95%26 , implying how labor-
intensive this stepis 19, Arecent estimate states that conducting a review takes about 67 weeks from registration to
publication . Along with that, current processes are not sustainable for producing current evidence efficientlybecause
they often go out of date quickly once they are published **.Kaveh G. Shojania et al conducted a systematic reviewto
assess the updates of new evidence that occurred in systematic reviews within 2 years, it was 23% reviews, within 1
year 15% reviews, and before publication7% reviews, which also found several statistically significant predictors
signaling for updates 1. It is recommended by Cochrane to update reviews every 2 year.

Van De Schoot et al. (2021) claims that Artificial intelligence, natural language processing, and automation are
components of systematic review. Alarge number of tools are available and being used in the process of conducting
systematic review and meta-analysis are based on machine learning and natural language processing. From study
selection, citation management, risk assessment, certainty analysis, forest plot, and funnel plot are created using
software based on machine learning and natural language processing (NLP)2. With emergence of Artificial
Intelligence (Al), specifically Machine Learning (ML), has created opportunities to automate through natural language
processing (NLP) and semantic mapping can identify relevant literature, classifying evidence, extract quantitative
data, and even evaluate methodological quality. Recent advances in Artificial Intelligence (Al) use a type of machine
learning known as active learning, in which a model can choose the data points. For obtaining records from a
systematic search and learns from it and thereby reducing a significant number of records required for manual
screening!?
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The machine learning validation process systematically assesses howwell an application works. providing researchers
to understand and assess components like relevance, occurrence of hallucinatory response, speed of response, and
accuracy of responses. Evaluation of machine learning tracks improvements for iterations of prompts, parameters, or
retrieval. The constant iteration and modification of prompts, adjusting temperature settings, or refined the retrieving
approach. The reliability and effectiveness of machine learning tools, a design and quantitative metrics analysis for
the intended area, such as healthcare and research, is a must, focusing on howthe machine learning tool is structured,
its components, algorithms, interfaces, and how its performance objectivity is measured using quantitative data.

The primary objective of this review is to systematically identify, evaluate, and synthesize evidence by exploring
methodological validation of design and quantitative metrics analysis of artificial intelligence and machine learning
tools used in the automation systematic review process.

METHOD

This systematic review is based on “The Systematic Methodological Review Design” following PRISMA-ScR and
automation-specific guidelines®3. Machine learning and Artificial intelligence-based tools developed or validated for
literature search, screening, or data extraction were included in this review (Table-1). The tools that are manual or
statistical tools without ML components were excluded. Search strategy: The scientific Databases searched, e.g.,
PubMed, Scopus, Web of Science, Semantic Scholar, with terms such as “artificial intelligence’, ‘Al tool validation’,
‘machine learning’, ‘literature search’, ‘systematic review, ‘data extraction’, automation, ‘Semi-automation’,
‘quantitative metrics analysis’, ‘design validation’. Study selection: In order to ensure reliability, reviewers screened
titles and abstracts prior to screening all sources independently. Two reviewers worked separately to screen for
inclusion criteria.

Table 1: Al Tools for Automation of Systematic Review

Step of systematic review | Al functions Tool name Advantages
Literature Search semantic retrieval, | Elicit, Identifying gray literature,
14 15 transformer-based query | Rayyan, synonym expansion, Year,
expansion Author
Screening and selection | Active  learning  and | ASReview, Reduces manual screening
514-16 supervised classification | Abstrackr, Elicit, workload,
for abstract/title screening | Rayyan recall precision analysis
Data Extraction NLP-driven  extraction | Robot Reviewer, Elicit, Reduces manual workload
141718 models researchscreener
Risk of Bias Assessment | Automated bias | Robot Reviewer Integrated  with  the
18 identification Systematic Review
guideline.

Conflicts were resolved through discussion with a third investigator and the process of searching and selectingresearch
according to the PRISMA2020 flow. (Fig. 1). Two reviewers individually extracted data using an inclusion criterion.
According to the objectives of this systematic review, categorized information was extracted to meet the purpose of
the review (e.g., describe the ML models, simulation performance metrics). Data charting began when a sufficient
number of reports was selected, then the reviewer recorded the name of the tool, developer, model, purpose, and
application stage in a tabular format for critical appraisal and narrative synthesis.
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Scopus (N=23)
PubMed (n=25)

Web of science (n=171)
Google scholar (n=17)
Others(n=14)

|

Records removed before
screening:

Duplicate records removed(n=41)
Records removed for other
reasons (n =30)

Records screened
(n=179)

l

Records excluded
(n=83)

Reports sought for retrieval

Reports not retrieved
Only abstract available (n =45)
Full text not available (n=34)

(n=96)
Reports assessed for eligibility
(n=17)

Reports excluded:

Survey study (n =3)

Checklist development (n = 1)
(n=3)

[ Included

Included studies in the review
(n=10)

Metrics analysis (n = 7)

Case study (n =3)

Fig.1. Study flow diagram of steps followed throughout the review process.

4 Results

4.1Collating, summarizing, and reporting

To answer the research question, results were presented in tables summaries in tables, including title, author,

application stage, validity, advantages and limitations, and developers of included studies mentioned in (Table 2).
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Table 2: Characteristics Summary of Included Studies

Author AIML Tool- Developed by ML Application Access | Validation Study Strength/ limitation
task Type/model | stage
Active Screening ASReview with state-of-
learning the-art systems acrossa
(supervised) wide range of real-world
systematic reviewing
\An De Schoot ASReview Utrecht An open—source machine applicat.ions.
LAB L open- learning framework for According to the tests
etal. (2021) University, The . .
1 Netherlands source | efficient famd tr.ansparent conducted,_thlstooI. offers
systematic reviews default settings for its
parameters, which
demonstrated promising
performance.
Supervised Screening Saves screeningworkload,
classifier Faster title and abstract but performance depends
Rathbone et al. Web- screening? Evalugting strongly gn review
(2015) Abstrackr Tufts B_rovvn based, | Abstrackr, a sgml— complexity ar_1d d_ataset
1 University. open automated online balance; cautionis needed
access | screening program for because some relevant
systematic reviewers items can be missed
NLP (BERT | Risk of Bias Risk of bias assessment
variants) Robot Reviewer: may be automated with
Marshall IJ et Robot Uniwersity of open- evaluation of a system for | reasonable accuracy.
al,(2016) 7 Reviewer Bristol access | automatically assessing Substantially reduces
bias in clinical trials workload.
Transformer | Search & Not Using artificial A valuable
N. Bernard et Elicit Ought (an applied | (LLM) Extraction fully intelligence forsystematic | complementarytool for
al.,(2025) ML research lab) open review: the example of researchers inthe conduct
source | elicit of systematic reviews.
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Hybrid Full review
EPPI-Centre supervised pipeline
(Social Science ML not Evidence svnthesis The EPPI-Reviewerisa
Sophie EPPI- Research Unit, fully software y text-mining automation
Elizabeth Park Reviewer UCL Institute of open- tool for searching relevant
201820 Education, source literature
Uniwersity College
London, UK
NLP, risk-of-bias Robot Analyst can be used
transformer- | detectionand Could machine learning as a second screener,
National Centr id the pr ionof iallyonlarger
AHookway et | Robot ational C_e _t e based_ o text o Free to a Qt ep odqct ono especially onlarge
al (2019) 19 Analyst for Text Mining classification | summarization ACCESS evidence reviews? A reference setswhen the
(NaCTeM) (BERT retrospective test of Robot | human resource demands
variants) Analyst of duplicate screening are
considerable.
NLP Screening Abstract screening using
classifier the automated tool .
Qatar Computin Rayyan: results of Atool for excluding
Amir \alizadah P . g free Y N . ineligible records, but it
Rayyan Research Institute effectiveness inthree .
etal (2020) 18 access . . was not very reliable for
(QCRI) diagnostic test accuracy . i
. . finding eligible records.
systematic reviews
deep abstract Web Research Screener: a Reduce the burden of
. learningand | screening machine learning tool to researchers inconduct a
Chai etal Research . L based, . . .
Curtin University | natural semi-automate abstract comprehensive systematic
(2021) 5 Screener open . . . . L
language ACCESS screening for systematic review with scientific

processing

reviews

rigor.
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4.2 Searchresults and characteristics: About 15 Al tools were identified claiming automation features for systematic
review processes. According to those Al tools, a search strategy was built using controlled vocabulary, Boolean
operators, and MeSH strategy to search studies of reliability and validity of design and quantitative metric analysis of
Al tools for automation of systematic review. The initial database search yielded 458 articles. After removing
duplicates and initial screening of titles and abstracts, 52 full text articles were eligible for screening. 406 articleswere
excluded for not coinciding the eligibility criteria. 13 articles were included in this review. APRISMA flow diagram
shows each stage of the selection studies phase (Figure 1). In the 8 studies were included quantitative metrics analysis
and design validity of Al tools 51421.22,17,17.23,16,24,12,15,153rticles were published across a variety of peer-reviewed
journals.
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Table 3: Quantitative metrics analysis of AI/ML Tools

review of echocardiography
(ECHO) 1735 records
4 Rituximab 1042 records

of 24.7%

3.Diagnostic accuracy
review of echocardiography
1735 records potentially
relevant, and 181 were

records.

ECHO:

The precisionachievedis
29.2%, with a false negative
rate of 4.7% after examining
7% of the records.
Rituximab:

Author Al/ML Tool No of simulation Data set Performance metrics Results
1. viral metagenomic next-
generation sequencing o
2. Systematic review of First simulation records- Y://\lsosr?sla?/gd/oover sampling)
studies on fault prediction 4.84% of 4368 95% indicating the vvoprk g 2-user
\An De Schoot et al in software engineering Second simulationrecords reduétion g experience
' ] 3. self-reported symptoms 1.2%0f 8911 (UX) test
(2021) AS Review LAB . L .
1 of post-traumatic stress Third simulation records (RRF10%)
assessed after trauma 0.66% 0f 5782 10% of the relevant references systematic UX
exposure Fourth simulation records found test
4. The efficacy of 1.6% of 2544
angiotensin-converting
enzyme inhibitors
. . (aHUS):
i}’:\:rzlizl(s:aLzznrr?;yltIAfcl5 63 The precisionis 16.8%, witha
were fou3r/1 410 be reIevalnt false negative rate of 10%
\Ving a precision of 168’ following the review of 18% of
1.Atypical hemolytic OgA) gap ' the records.
uremic syndrome (aHUS) ' Dietaryfiber: Sensitivity and
1415 records . . The precisionis 24.7%, and e .y
Rathbone et al. . . 2.Dietary fiber 517 records . . Specificity rates
Abstrackr 2.Dietary fiber 517 records the false negative rate is 14.5%
(2015) . . and 47 were found to be S were not
3.Diagnostic accuracy L . after reviewing 23% of the
16 relevant, giving a precision reported.
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found to be relevant giving
a precisionof 29.2 %

4 Rituximab 1042 records,
potentially relevant, and 372
were found to be relevant
giving a precisionof 45.5
%.

The precision stands at 45.5%,
and the false negative rate is
2.4% after screening 12% of
the records.

A. Gates et al
(2018) %

Abstrackr

simulationno.1-
Antipsychotics 12,763
records,

simulationno.2-
Bronchiolitis 5893 records
Simulation No. 3-Child
Health SRs 5243 records
Simulation no.4-Diabetes
47,385 records

1. Diabetes (0.7 (0.4) % of
the 47,385 records)

2. Bronchiolitis (10.3 (5.8)
% of the 5893 records.
3.Antipsychotics and Child
Health SRs was 2.2 (0.3) %
(of 12,763 records) and 4.0
(0.2) % (of 5243 records

Abstrackr demonstrated the
highest mean (SD) precision
for Child Health SRs at 64.7
(2.0) %, followed by
Bronchiolitisat 38.1 (2.6) %,
Antipsychotics at 15.1 (2.6) %,
and lastly Diabetes at 14.8
(2.6) %. The false negative
rate was greatest for
Antipsychotics at 21.2 (8.3) %,
then for Diabetesat 17.9 (2.3)
%, followed by Bronchiolitisat
7.3(2.2) %, and Child Health
SRs at 3.5(1.4) %.
Simulation no.1- Specificity
of 69% and Sensitivity of 79%
after screening 2.2% of
records. Simulation no.2-
Specificity of 85% and
Specificity of 92% after
screening 10.3% of records.
Simulation no.3-Specificity of
90% and Specificity of 82%

reliability and
workload
savings abilities
vary
accordingto
task.
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after screening 0.7% of
records.

Simulation no.4-Specificity of
19% and Specificity of 96%
after screening 4% of records.

Marshall 1J et
al,(2016) 7

Robot Reviewer

1.Trial included in one
Cochrane review

2.Trial included 2 or more
Cochrane reviews

3.trial labelled Risk of bias
assessment

4 trial labelled using Risk of
bias assessment

1: articles matching full title
2: articles with exact author
combination with matching
publication year

3: articles with matching
journal name, volume,
issue, and page number

Document-Level Results-
significance of differences
across the three models
Sentence-Level Results the
top3 model was rated as more
relevant than text from the
CDSR owerall,and in
individual domains, but
differences were not
statistically significant.

total of 1731
judgments from
20 experts from
371 trials.

year-based searches (2005,

Repeatability was assessed
with the search method
described above was replicated
three times at different
moments, the search method
described above was replicated

The

N. Bernard et N 2010,2015,2016,2017, | - Ivial 246 three times at different repeatability test
Elicit 2. Trial 169 found 246,169
al.,(2025) 2018,2019,2020, and . moments.
3. Trial 172 . resultsand 172
2021) Accuracy measured with a
; results
mixed method was used to
assess accuracy.
Reliability was assessed by
comparing the number of
publications by elicit and
classical screening
A Hookway et al Retrospective testing using sensitivity 90% Robot Analyst
(2019) 12 Y Robot Analyst 3 previously completed For each test, references observed in reference test set could

evidence review.

were uploaded into Robot

one (n = 500 references)

potentially be
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Analyst and the decisions
made by the original
reviewers were input in
blocks of 25 to forma
training set.

The “update predictions”
functiongenerated a
predicted inclusion decision
for the remaining references
at each test point, and these
were compared to the
original review decisions.

sensitivity increased from 51%
at the start of testingto 91%

utilisedas a
second screener
for evidence
review.

9 systematic reviews and 2
scoping reviews
Sedentary- overweight
Low back pain- lifting
Low back pain- fear

The mean number of rounds
of 50 articles required to

The relevant articles needed to
be screenedranged from5 to
35%. The WSS was computed

Rates of
Sensitivity and

resting-state functional

EEG 23

Chai etal (2021) 18 | ResearchScreener | Lung cancer — preop find all eligible articleswas | at both WSS@95 and Specificity were
Lung cancer — exercise 9.4, with rounds completed | WSS@100. not reported
Falls ranging from1to 36 (i.e., The mean time saved using
Acute pain 50-1800articles screened) | Research Screener was 88.7%
Team reflexivity
Sexual health
2054 records screened
1.applied machine learning manually, of 379 .
algorithms on cerebral SMRI 122 records SEN of 21-88% after screening diagnostic test
. . . fMRI 193 25% of records. SEN of 86-
Amir \alizadah et structural magnetic . accuracy
al (2020) 15 Rayyan resonance imaging (sMRI) EEG 64 98% after screening 50% of rOVIeWs
2. applied machine learning 112 reports record.s. SEN of 89-100% after
algorithms oncerebral SMRI 25, screening 75% of records
fMRI 64
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magnetic resonance
imaging (rs-fMRI)

3. applied machine learning
algorithms on
electroencephalogram
(EEG)
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5.DISCUSSION

An Artificial Intelligence and machine learning model is validated by evaluating its prediction performance. Model
performance indicates how well a machine learning and artificial intelligence performs the assigned task, based on
various metrics. Measuring model performance is essential for optimizing an Al tool before releasing it and enhancing
it after deployment. Without proper optimization, Al could produce inaccurate or unreliable predictions and suffer
from inefficiencies, leading to poor performance. This reviewexplored the metrics analysis of machine learningtools
used in systematic reviews, published in peer-reviewed journals. The findings indicate that metrics analysis was done
across a wide range of simulations with alarge dataset. Atotal of 8 studies were selected inthis reviewto report the
metrics analysis?514-17.19.26 'hecause metrics allow to quantify the performance of an ML model?”.

Framework for evaluating AI and machine learning performance in systematic review automation

Overview of model performance evaluation
Basis for metrics-based validation across 8 included studies

1]

Workload and time savings
Work saved, WSS at 1% recall, RRF at 10%

¥

Screening accuracy
Precision, recall, false negative rate, sensitivity, specificity

]
Document- and sentence-level analysis
Multi-hop relevance ranking across articles
¥

Repeatability and reliability

Consistency of outputs across repeated runs

]

Transparency and interpretability
The black-box problem in AT decision-making

Fig.2 Conceptual framework for performance evaluation of machine learning tools in evidence synthesis.

5.1Workload and Time savings

The fundamental matrix across included studies was workload reduction. van de Schoot et al evaluation of AS Review
LAB indicated 95% work reduction 2, while Chai 2021 found the Research Screener mean time saved was 88.7%
evaluated WSS@100% 18. Gates et al. identified that the workload savings from Abstrackr were most significant for
Diabetes, at 88.4 (2.7)%, followed by Antipsychotics at 64.5 (9.8)%, Bronchiolitis at 70.0 (3.7)%, and Child Health
systematic reviews at 9.5 (3.5)%. 25. The work saved over sampling at r% recall (WSS@r%) is the most commonly
used custom evaluation measure in citation screening. WSS@r% is introduced by Cohen et al as the percentage of
papers according to the original search criteria that reviewers don’t need to read, as that has been screened by a
classifier?829, Norman et al 2020 describe that WSS is straightforward for the interpretation of automation
of systematic review, inclined to have large variance and highly influenced by random effects?°.

5.2 Screening Accuracy and Classification Performance

Relevant references found @10% (RRF@10%) in the metrics analysis of AS Review LABS®. Reflects the proportion
of relevant articles a tool identifies after screening only 10% of records. Mostly, RRF is presented graphical format
with relevant references along the Y axis and the number of articles screened on the X axis 3.
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Precision and recall were widely reported. Gates et al evaluation of Abstrackr, precision ranged from 15 to 65% and
was lower for Antipsychotics and Diabetes compared to Bronchiolitis and Child Health SRs 25. Precision measures
retrieval specificity, defined as the proportion of retrieved articles that are judged by the researcher as being relevant;
this measure penalizes system retrieval of irrelevant articles (false positives) but does not penalize failures by the
system to retrieve articles that the user considers to be relevant (false negatives). Recall measures retrieval coverage,
defined as the proportion of the set of relevant research articles that is retrieved by the system, and therefore penalizes
false negatives but not false positives 3. In the tasks of classification, anomaly detection, and predictive modeling, the
confusion matrix serves as acrucial instrument for assessing model performance, consisting of four elements: true
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN). False negatives arise when positive

instances are mistakenly categorized as negative, indicating the presence of the model fails to detect positive articles
32

The False Negative Rate (FNR) measures the number of positive responses that a classifier wrongly labels as negative
33, Also varied by review topic in Gates et al evaluation of Abstrackr, the rate of false negatives was greatest for
Antipsychotics at 21.2 (8.3)%, followed by Diabetes at 17.9 (2.3)%, Bronchiolitis at 7.3 (2.2)%, and Child HealthSRs
at 3.5 (1.4)%?25. Rathbone et al similarly reported topic dependent precision and FNR in a metrics analysis of the
Abstrackr tool that Atypical hemolytic uremic syndrome had a precision of 16.8% and FNR of 10% after screening
18% of records. Dietary fiber achieved a Precision of 24.7% and FNR of 14.5% after screening 23% records. ECHO
achieved a precision rate of 29.2% and a false negative rate of 4.7% after reviewing 7% of the records. Rituximab
demonstrated a precision rate of 45.5% and a false negative rate of 2.4% after reviewing 12% of the records (18).

Sensitivity and specificity were reported together in in Gates et al evaluation of Abstrackr with substantial variation
across topics e.g., Antipsychotics 69% Specificity and 79% Sensitivity after screening 2.2% of records. Bronchiolitis
had 85% Specificity and 92% Specificity after screening 10.3% records, Child Health Systematic reviews had 90%
Specificity and 82% Specificity after screening 0.7% of records and Diabetes had 19% Specificity and96% Specificity
after screening 4% records. Together these measures offers a more nuanced picture of modal discrimination then
accuracy alone through interpreting them requires understanding the context in which the modal is applied, since this
determine which metrics should be prioritized3.

5.3 Document and Sentence-Level Analysis

Marshall 1J et al’s evaluation of Robot Reviewer assessed performance at both Document and sentence level, finding
the top three modal rated more relevant than overall text. Document level analysis requires multi-hop reasoning to
identify relationships between articles across sentences or paragraph!’. This reflects a broader shift towards
transformer encoded language modelling methods, pre-train big models onamassive text corpus, focusing mainly on
learning the representation of contextualized words. Drawing inspiration from human language processing, this
explores the improvement of sentence-level representations of pre-trained models by borrowing ideas from predictive
coding theory. The predictive mechanism helps to improve the quality of the representations3s.

5.4 Repeatability and Reliability

N. Bernad et al. metrics evaluation of Elicit Al with the Repeatability of the search method described and was
replicated three times at different moments 4.Repeatability is the ability to consistently produce similar outputs given
identical inputs under controlled conditions. Which can be undermined by Al system relying on stochastic reasoning,
may manifest unexpected variability during output®®. Reliability was assessed by comparing the number of
publications by elicit and classical screening, reflecting ability of asystem or process to performits intended function
over a specified period of time and under defined conditions with consistency. Reliability assesses factors such as
design, manufacturing, maintenance, and operational conditions, and can be assessed through various methods,
including testing, modeling, and analysis. Therefore, it measures how dependable and trustworthy a system can be,
and the probability of the correct functioning of the system without failure. Reliability takes into account factors such
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as design, manufacturing, maintenance, and operational conditions, and can be assessed through various methods,
including testing, modeling, and analysis 3.

5.5 Transparency and Interpretability

The rapid advancement of methods and techniques has led to the emergence of a new field of artificial intelligence
and machine learning. This not only deliver precise predictions but offers clear and interpretable justifications fortheir
decisions and actions, thereby increasing their reliability for human users. And several studies raised the importance
of modal transparency. Al algorithms can suffer from a lack of transparency in situations where a system fails to
provide any reasoning or adequate explanation for its decisions, commonly known as "the black-box problem". The
opaque nature of black-box models makes them difficult for humans to understand. Relying on a black-box model for
critical decisions creates an essential requirement for Al algorithms to be transparent regarding their decision-making
processes.

6.Conclusion

It was found that the metrics analysis was done across a wide range of simulations with a large dataset, reporting
sensitivity, precision, and true positives. Reliability and workload saving vary according to task across the included
studies. The relevant research articles that amachine learning technique can identify after screening just 10% of the
research articles. The sentence-level results, repeatability of the method to identify relationships between research
articles, and the capability to produce similar articles.

7.Conflicts of Interest
The authors declare that no conflicts of interest.
8.Key findings

Conducting asystematic reviewis atime-consuming process, but utilizing Machine learning tools and human intellect
can improve time efficiency and optimization by The complexity of research can be comprehended 38. Currently, Al
tools are being used in the systematic review process to assist researchers with specific tasks, such as formulating
research questions, as discussed in this review for screening and data extraction.

9.What study contributes

The machine learning tools highlight the necessity to follow certain principles to uphold the methodological integrity
of systematic reviews. The primary crucial aspect to consider is that Al tools lack evidence regarding design and the
analysis of quantitative metrics. Al tools should only be utilized at specific stages in the systematic review process,
rather than automating the entire workflow. For transparency and reproducibility, it is vital to detail in the methodology
section which Al tools were employed. Adopting the Preferred Reporting ltems for Systematic Reviews and Meta-
Analyses (PRISMA-AI) reporting guidelines is beneficial as it offers a framework for incorporating Al into the
systematic review process.
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