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Abstract

A systematic literature review (SLR) provides a rigorous, replicable method for
synthesizing the existing body of evidence on a clearly defined research question. As
publication volumes in finance and data science continue to grow rapidly (Bornmann
and Mutz, 2015), narrative reviews increasingly fall short in providing unbiased cover-
age of the literature. This document argues that SLR methodology, while well codified
in health sciences and software engineering, requires domain-specific adaptation when
applied to machine learning research in finance, and that computational review pipelines
are the mechanism through which such adaptation becomes reproducible. It covers the
definitional foundations and review typology of SLRs, details the three-phase process of
planning, conducting, and reporting, and traces the adoption of systematic reviewing
in finance and data science. The document expands on current challenges, including
the role of large language models in evidence synthesis, and discusses how computa-
tional review pipelines can operationalize these principles through API-based search,
automated snowballing, and structured filtering.

1 Introduction
The volume of academic literature in finance and data science has grown substantially over
the past two decades. Bornmann and Mutz (2015) estimate that global scientific output
has grown at approximately 8–9% per year since the mid-twentieth century. Applied fields
such as machine learning have plausibly exhibited even faster rates, given the proliferation
of conference venues and preprint servers since the 2010s. Financial economics has seen a
parallel expansion in published articles, working papers, and conference proceedings, driven
by open-access outlets, preprint servers such as SSRN, and the rapid development of ML
applications in quantitative finance. Researchers now face the challenge of navigating this
expanding evidence base to identify what is known, what remains contested, and where
critical knowledge gaps exist.

Traditional narrative reviews, while valuable for expert commentary and hypothesis gen-
eration, are vulnerable to selection bias, lack reproducibility, and struggle with the volume
of new publications (Snyder, 2019). The systematic literature review offers a principled al-
ternative: a methodology designed to provide transparent, reproducible evidence synthesis
through explicit search protocols, predefined eligibility criteria, and standardized reporting
(Gough et al., 2017; Higgins et al., 2019).
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The SLR originated in evidence-based medicine, where organizations such as the Cochrane
Collaboration (founded 1993) and the Campbell Collaboration (Davies, 2000) operational-
ized systematic reviewing as a global methodology for synthesizing clinical and social-science
evidence. Tranfield et al. (2003) subsequently adapted these principles for management re-
search, and the methodology has since diffused into information systems (vom Brocke et al.,
2009), software engineering (Kitchenham, 2004), and finance (Linnenluecke et al., 2020).

Yet the transfer of SLR methodology across disciplines is not frictionless. Finance and ML
research present domain-specific challenges (working-paper cultures, conference-dominant
dissemination, proprietary databases) that require methodological adaptation beyond what
generic SLR guidance provides. This document argues that computational review pipelines
are the mechanism through which such adaptation becomes reproducible. It examines how the
principles of systematic reviewing interact with the practical realities of evidence synthesis
in a fast-moving, computationally intensive field.

Section 2 establishes definitional foundations and a taxonomy of review types. Section 3
details the three-phase SLR process, including quality assessment frameworks. Section 4
examines the adoption of SLRs in finance and data science, with particular attention to
domain-specific challenges. Section 5 discusses criticisms, computational approaches, LLMs
in systematic reviewing, and presents a worked pipeline example with an illustrative PRISMA
flow diagram.

2 Foundations: Definition, Principles, and Review Ty-
pology

2.1 Defining a Systematic Literature Review

A systematic literature review is a form of secondary research that uses a clearly defined,
replicable methodology to identify, select, critically appraise, and synthesize all relevant
primary studies addressing a specific research question (Fink, 2019). The Cochrane Hand-
book defines a systematic review as one that “attempts to collate all empirical evidence that
fits pre-specified eligibility criteria in order to answer a specific research question” (Higgins
et al., 2019). The defining characteristics, as articulated across the methodological literature,
include five core principles (Tranfield et al., 2003; Cooper, 2017; Gough et al., 2017):

1. Transparency: every step of the review process is documented, enabling scrutiny by
other researchers.

2. Reproducibility: another researcher following the same protocol should be able to
replicate the search, screening, and synthesis process.

3. Comprehensiveness: the review aims to identify all relevant studies, not merely a
convenient subset.

4. Explicit methodology: inclusion and exclusion criteria, search strategies, and syn-
thesis methods are specified a priori.
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5. Minimization of bias: systematic procedures reduce the risk of subjective study
selection and interpretation.

It is important to distinguish between a systematic review and a meta-analysis. A system-
atic review is the overarching methodology: the structured process for identifying and syn-
thesizing evidence. A meta-analysis is one possible quantitative synthesis technique within a
systematic review, using statistical methods to combine results of individual studies (Boren-
stein et al., 2009; Cooper et al., 2019). Not all systematic reviews include a meta-analysis;
many employ narrative or thematic synthesis instead.

2.2 Systematic vs. Narrative Reviews

The distinction between systematic and narrative reviews is best understood as a spectrum
rather than a strict dichotomy. Table 1 summarizes the key differences across seven criteria
(Snyder, 2019).

Table 1: Comparison of narrative and systematic literature reviews.
Dimension Narrative Review Systematic Review

Protocol Typically absent Defined a priori
Search strategy Selective, implicit Comprehensive, explicit
Study selection At reviewer’s discretion Predefined criteria
Quality appraisal Rarely conducted Standardized assessment
Bias risk High (selection bias) Minimized by protocol
Reproducibility Low High
Synthesis method Qualitative commentary Structured (narrative/quant.)

Narrative reviews remain valuable for providing broad overviews, offering expert interpre-
tation, and generating hypotheses. Semi-systematic and scoping reviews occupy intermediate
positions, combining systematic search with more flexible synthesis. The choice depends on
the research question, the maturity of the evidence base, and the intended contribution
(Petticrew and Roberts, 2006; Paul and Rialp Criado, 2020).

2.3 Review Type Taxonomy

Systematic reviews represent one of several structured review methodologies. Table 2 presents
an overview of the main review types and the contexts in which each is most appropriate
(Snyder, 2019; Petticrew and Roberts, 2006; Paul and Rialp Criado, 2020).

The choice of review type depends on the research question, field maturity, and the nature
of the available evidence. Hybrid approaches are increasingly common: for example, com-
bining a systematic review with bibliometric analysis to both map the intellectual structure
of a field and synthesize its substantive findings (Linnenluecke et al., 2020; Donthu et al.,
2021).
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Table 2: Taxonomy of structured review types.
Review Type Purpose Approach When to Use

Systematic re-
view

Synthesize all evi-
dence on a focused
question

Protocol-driven
search, screening,
and synthesis

Well-defined re-
search question;
evidence synthesis
needed

Scoping review Map the breadth of a
research area

Systematic search;
charting rather
than synthesis

Emerging field; iden-
tify gaps and key
concepts

Semi-systematic
review

Thematic analysis of
a broad topic

Systematic search;
qualitative, the-
matic synthesis

Broad, multidisci-
plinary topics

Meta-analysis Quantitative synthe-
sis of effect sizes

Statistical pooling
of results from
comparable studies

Sufficient homoge-
neous quantitative
studies exist

Bibliometric re-
view

Map intellectual
structure of a field

Citation analysis,
co-authorship, key-
word co-occurrence

Large literatures;
identify clusters and
trends

3 The SLR Process
The systematic literature review process comprises three main phases: planning, conduct-
ing, and reporting (Tranfield et al., 2003; Kitchenham, 2004). Each phase involves distinct
activities, decision points, and documentation requirements.

3.1 Planning Phase

The planning phase establishes the scope, objectives, and methodological blueprint for the
review.

Research question formulation. A well-defined research question is the foundation
of any SLR. In evidence-based medicine, the PICO framework (Population–Intervention–
Comparison–Outcome) provides a standard structure for formulating answerable questions
(Richardson et al., 1995). For business and management research, Denyer and Tranfield
(2009) developed the CIMO framework (Context–Intervention–Mechanism–Outcome), which
accommodates the more complex causal structures typical of organizational research. The
choice of framework depends on the discipline: PICO suits intervention-focused questions,
while CIMO better serves questions about mechanisms and contextual factors (Fisch and
Block, 2018). The research question determines the scope of the search, the inclusion and
exclusion criteria, and the synthesis strategy.

Protocol development. A review protocol specifies the objectives, search strategy, eli-
gibility criteria, data extraction procedures, and synthesis methods before the review begins.
Registering the protocol on platforms such as PROSPERO, an international prospective
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register of systematic reviews (Booth et al., 2012), or the Open Science Framework (OSF)
enhances transparency and reduces the risk of post hoc modifications.

Inclusion and exclusion criteria. The protocol must define clear criteria for study
eligibility. Common dimensions include publication date range, language, publication type
(peer-reviewed articles, working papers, conference proceedings), geographic scope, and sub-
stantive relevance to the research question.

3.2 Conducting Phase

The conducting phase implements the protocol through systematic search, screening, data
extraction, and quality appraisal.

Search strategy. The search strategy must balance comprehensiveness with precision.
Key elements include database selection, search string design using Boolean operators and
field-specific terms, and a strategy for grey literature. Database selection requires careful
consideration of coverage: Scopus and Web of Science provide broad multidisciplinary in-
dexing, while SSRN and NBER cover working papers in economics and finance; OpenAlex
offers open metadata for over 250 million works. For ML-in-finance research, conference
proceedings (NeurIPS, ICML) and preprint servers (ArXiv) represent primary dissemination
channels and must be explicitly included.

Grey literature (working papers, technical reports, and conference proceedings) is not
a peripheral concern in ML and finance research but a dominant form of dissemination.
Garousi et al. (2019) provide guidelines for systematically including grey literature, arguing
that excluding it risks missing substantial portions of the evidence base, particularly in fields
where peer-reviewed publication lags behind practice.

Forward and backward snowballing, the practice of examining reference lists of included
studies and identifying papers that cite them, is a widely recommended complement to
database searches. Wohlin (2014) formalized snowballing procedures for systematic litera-
ture studies, demonstrating that snowballing can identify relevant studies missed by database
searches alone. vom Brocke et al. (2009) emphasize that the search process must be docu-
mented in sufficient detail to allow replication.

Screening. Screening typically proceeds in two stages: title and abstract screening,
followed by full-text review. At each stage, studies are assessed against predefined eligibility
criteria. When multiple reviewers are involved, inter-rater reliability should be assessed
(Templier and Paré, 2015). Tools such as Covidence, Rayyan, and ASReview (van de Schoot
et al., 2021) can support the screening process by managing records, tracking decisions, and,
in the case of ASReview, prioritizing records using active learning.

Data extraction. Standardized data extraction forms ensure consistent information
collection across included studies. vom Brocke et al. (2009) recommend concept matrices to
organize extracted data along key thematic dimensions.

Quality appraisal. Study-level quality assessment evaluates the methodological rigour
of each included study. While standardized quality appraisal tools are well established in
medical research, their adaptation for empirical finance remains limited (Cooper, 2017).
Relevant quality dimensions include research design, sample characteristics, data quality,
analytical methods, and reporting completeness.
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3.3 Reporting and Synthesis

The reporting phase communicates findings in a structured manner.
The PRISMA framework. The Preferred Reporting Items for Systematic Reviews

and Meta-Analyses (PRISMA) framework provides the standard for reporting systematic
reviews. Originally published by Moher et al. (2009), the PRISMA statement includes a
checklist of items that should be reported and a flow diagram documenting the study se-
lection process. The updated PRISMA 2020 statement (Page et al., 2021) expanded the
checklist and introduced a revised flow diagram reflecting contemporary search and screen-
ing practices. PRISMA-S (Rethlefsen et al., 2021) extends the framework specifically for
reporting literature searches, addressing the transparency gap in how search strategies are
documented. PRISMA adoption has been increasing across finance and management jour-
nals, reflecting broader demand for reproducible review methodologies (Linnenluecke et al.,
2020).

Narrative synthesis. Narrative synthesis organizes and interprets findings themati-
cally, grouping studies by research question, methodology, or key findings. This approach is
appropriate when included studies are too heterogeneous for quantitative pooling, which is
common in finance and data science research.

Quantitative meta-analysis. When studies report comparable quantitative outcomes,
meta-analysis provides statistical techniques for combining effect sizes, assessing heterogene-
ity, and testing for publication bias (Borenstein et al., 2009).

Bibliometric analysis as a synthesis tool. Bibliometric techniques (co-citation anal-
ysis, bibliographic coupling, keyword co-occurrence) can serve as a synthesis method within
an SLR, revealing the intellectual structure and thematic clusters of the included literature
(Donthu et al., 2021). This use of bibliometrics as a within-review synthesis tool is distinct
from its role as a standalone complementary methodology (discussed in Section 4.3); the two
applications are not in tension but serve different analytical purposes.

3.4 Quality Assessment of Systematic Reviews

Beyond assessing individual studies within a review, researchers also need frameworks for
evaluating the quality of systematic reviews themselves. AMSTAR 2 (Shea et al., 2017)
provides a critical appraisal tool for systematic reviews, identifying 16 domains including
protocol registration, search comprehensiveness, and appropriateness of synthesis methods.
ROBIS (Whiting et al., 2016) assesses risk of bias across four domains: study eligibility,
identification and selection of studies, data collection and study appraisal, and synthesis
and findings. These tools were developed for health-sciences reviews; their adaptation to fi-
nance and ML, where intervention-outcome logic differs fundamentally from clinical research,
remains an open methodological question.
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4 SLRs in Finance and Data Science

4.1 Finance-Specific Methodological Challenges

The transfer of SLR methodology from health sciences to finance introduces challenges that
generic guidance does not address.

The working-paper problem. SSRN and NBER serve as primary dissemination chan-
nels in financial economics. Significant findings often circulate as working papers for years
before formal publication, with multiple revised versions appearing under the same title. A
systematic search that captures only published articles misses this working-paper discourse;
one that includes SSRN must contend with versioning: the same paper may appear as three
or four distinct records with different dates and content.

Conference-dominant fields. ML research is disseminated primarily through con-
ference proceedings (NeurIPS, ICML, AAAI) and ArXiv preprints rather than traditional
journal articles. Scopus and Web of Science index these sources incompletely, making API-
based search through OpenAlex or Semantic Scholar essential for adequate coverage.

Proprietary data and reproducibility. Much empirical finance research relies on pro-
prietary databases (WRDS, Bloomberg, Refinitiv) that are not indexed by any bibliographic
database and whose licensing terms restrict data sharing. This creates a reproducibility
challenge for both the primary studies under review and the review process itself: repli-
cating a search for “studies using CRSP data” requires knowing which studies used CRSP,
information that is rarely captured in metadata.

Rapid methodological evolution. The pace of methodological development in ML
means that a review initiated today may be partially outdated within months. This pres-
sure favours living review models (Section 5.5) and computational pipelines that can be
re-executed as new evidence accumulates.

4.2 Applied SLRs in ML and Finance

Several reviews have surveyed ML applications in finance using varying degrees of method-
ological structure. Henrique et al. (2019) reviewed ML techniques for financial market predic-
tion, mapping methods, data sources, and performance metrics. Sezer et al. (2020) reviewed
deep learning methods for financial time series forecasting, identifying trends and research
gaps spanning 2005–2019. Ozbayoglu et al. (2020) surveyed deep learning across algorith-
mic trading, portfolio management, and risk assessment. Nosratabadi et al. (2020) reviewed
advanced ML and deep learning methods across economics and data science. Goodell et al.
(2021) used bibliometric analysis to map the intellectual structure of AI and ML in finance.
These reviews illustrate the value of systematic methods in fields characterized by rapid
publication cycles and methodological diversity.

4.3 Bibliometric Analysis as a Complementary Method

Bibliometric analysis uses quantitative methods to study patterns of scholarly communica-
tion: co-citation networks, bibliographic coupling, keyword co-occurrence, and co-authorship
analysis (Zupic and Čater, 2015; Donthu et al., 2021). Software tools such as VOSviewer (van
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Eck and Waltman, 2010) and Bibliometrix have made these analyses accessible to researchers
without training in scientometrics.

As noted in Section 3.3, bibliometric techniques can serve as a synthesis method within
an SLR. They can also function as a standalone methodology, providing a macro-level map of
a field’s intellectual structure that complements the micro-level synthesis of individual study
findings (Linnenluecke et al., 2020; Zupic and Čater, 2015). The distinction matters for
protocol design: a researcher must decide whether bibliometric analysis is part of the review’s
synthesis strategy (requiring integration into the SLR protocol) or a separate, complementary
analysis with its own objectives.

5 Challenges, Computational Approaches, and Future Di-
rections

5.1 Criticisms and Limitations

Despite their methodological advantages, SLRs have well-documented limitations. The most
commonly cited is resource intensity: a rigorous SLR can take months or years, requiring
substantial investment in search, screening, and synthesis. Kraus et al. (2020) note that
the quality of published SLRs varies considerably, and that the label “systematic” does not
guarantee rigour; some reviews claim systematic status while lacking a registered protocol,
comprehensive search, or transparent screening process.

Publication bias, the tendency for studies with statistically significant results to be pub-
lished at higher rates, affects the evidence base on which any review draws. In empirical
finance, this concern is amplified by the “factor zoo” problem: hundreds of published anoma-
lies, many of which may reflect data mining rather than genuine economic phenomena (Har-
vey and Liu, 2021). A systematic review of factor-based strategies inherits the publication
bias embedded in the underlying literature.

In fast-moving fields, a systematic review may be partially outdated by the time it is
published, given typical completion and peer-review timelines. This temporal limitation has
motivated interest in living systematic reviews (Section 5.5).

5.2 Computational Tools for Evidence Synthesis

Computational tools address the scalability challenges of systematic reviewing, but their
maturity varies.

Active learning. ASReview (van de Schoot et al., 2021) uses active learning to prior-
itize records during screening. The key metric is Work Saved over Sampling at 95% recall
(WSS@95): the proportion of records a reviewer can skip while still identifying 95% of rele-
vant studies. Reported WSS@95 values vary by dataset and review context; the metric does
not guarantee that 95% of screening can be skipped; it measures the trade-off between recall
and screening effort at a specific recall threshold. Active learning performs best when the
relevant fraction of the corpus is small, which is typical of systematic reviews but requires
careful calibration of the stopping criterion.
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API-based search infrastructure. OpenAlex and CrossRef provide programmatic ac-
cess to bibliographic metadata and citation networks. These APIs enable automated search
and snowballing, replacing manual database queries with reproducible, version-controlled re-
trieval. For finance-specific searches, OpenAlex’s concept and topic hierarchies allow filtering
by field of study, though coverage of working papers and conference proceedings remains in-
complete.

Screening and management tools. Beyond ASReview, tools such as Covidence
and Rayyan provide collaborative screening interfaces, conflict resolution workflows, and
PRISMA-compliant reporting. The choice of tool depends on team size, budget, and whether
active learning is desired.

5.3 Large Language Models in Systematic Reviewing

Large language models are being explored for multiple stages of the SLR process, includ-
ing search query formulation, abstract screening, data extraction, and narrative synthesis
(Khraisha et al., 2024). The evidence to date warrants caution rather than enthusiasm.

Lieberum et al. (2025) conducted a scoping review of LLM use in systematic reviews,
concluding that current tools are “not yet ready for use” as a replacement for human re-
viewers, though they may serve as a useful complement. Gartlehner et al. (2025) evaluated
AI-assisted data extraction using a large language model within systematic reviews, finding
that AI reduced extraction time and achieved comparable or slightly higher accuracy than
human-only extraction, though concordance between methods was moderate and human
verification remained essential. Scherbakov et al. (2025) reviewed the emergence of LLMs as
tools in literature reviews, identifying substantial variability in accuracy depending on task
complexity and prompt design.

The central risk is hallucination: LLMs can generate plausible but fabricated references,
misattribute findings, and produce confident but incorrect summaries of study results. For
data extraction, where accuracy is paramount, current LLMs introduce error rates that are
unacceptable without human verification. For screening, where the cost of a false negative is
a missed relevant study, LLMs may serve as a complement to human reviewers but cannot
yet replace them. The field would benefit from standardized benchmarks and reporting
standards for AI-assisted reviewing, analogous to PRISMA for traditional reviews.

5.4 Reproducible Review Pipelines

The methodological principles discussed above (transparent search, systematic screening,
structured reporting) can be operationalized through computational review pipelines. This
section describes a typical pipeline architecture built on the OpenAlex API, illustrating how
each SLR stage maps to a concrete computational step.

Several design choices in such pipelines respond directly to the finance-specific challenges
identified in Section 4.1. API-based snowballing addresses the coverage gaps that arise in
conference-dominant fields, where traditional database indexing is incomplete. Provenance
tracking mitigates the working-paper versioning problem by recording which search path or
snowball step led to each record’s inclusion. Configurable quality filters with year-dependent
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citation thresholds accommodate the rapid methodological evolution of ML research, where
recent work has had less time to accumulate citations.

Pipeline overview. A computational review pipeline is typically implemented in Python,
version-controlled in Git, and configured via a YAML file that specifies search queries,
database parameters, filtering criteria, and journal tier definitions. The pipeline executes
the following stages:

1. Database search: Keyword queries, constructed from Boolean combinations of domain-
specific terms, are executed against the OpenAlex API. The resulting records form the
initial candidate set.

2. API-based snowballing: Using the OpenAlex API, the pipeline performs forward
and backward snowballing to a configurable depth, discovering all works that cite or
are cited by the expanding corpus.

3. Field-of-study filtering: Each candidate record is checked against field-of-study
classifications (hierarchical subject tags assigned to indexed works) and relevance key-
words. Records classified outside the target disciplines are excluded.

4. Relevance filtering: Remaining records are screened against domain-specific key-
words to ensure topical relevance.

5. Quality filtering: Records must satisfy language, DOI availability, abstract presence,
journal tier (a ranking of publication venues by quality, where untiered venues are ex-
cluded), and citation threshold (a minimum citation count for inclusion) requirements.
Citation thresholds can be made year-dependent to account for the fact that recent
papers have had less time to accumulate citations.

6. Export with provenance: The final corpus is exported as BibTeX, with full prove-
nance tracking (which search query or snowball path led to each inclusion, and at what
depth).

Illustrative PRISMA flow. Figure 1 presents an illustrative PRISMA-style flow dia-
gram for an OpenAlex-based review pipeline. The numbers are representative of a typical
run in an applied finance domain; actual volumes will vary depending on topic breadth and
query specificity.

Methodological lessons. Three observations from building pipelines of this kind are
relevant to the broader discussion of SLR methodology.

First, the field-of-study filter is the most consequential methodological choice. Filtering by
OpenAlex field-of-study classifications can remove the majority of candidate records before
any content-based screening occurs. This is efficient but fragile: an interdisciplinary paper
published in a statistics or computer science journal might be classified outside the target field
and would be excluded. The choice of field-of-study filter encodes a disciplinary boundary
that shapes the final corpus.

Second, citation thresholds embed temporal bias. Year-dependent citation thresholds serve
as a quality proxy, but they systematically disadvantage recent work and work in niche
subfields. Pipelines can mitigate this by always including seminal papers and review/survey
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Identification
Records identified via OpenAlex API

keyword query + for-
ward/backward snowballing

(n ≈ 15,000)

Records after field-of-study filtering
(n ≈ 4,200)

Removed: outside target fields
(n ≈ 10,800)

Records after keyword
relevance screening

(n ≈ 350)

Removed: not topic-relevant
(n ≈ 3,850)

Records assessed for eligibility
(n ≈ 350)

Excluded by quality filters (n ≈
280):

Below citation threshold: 140
Untiered journal: 65
Missing abstract: 42
Missing DOI: 21
Non-English: 12

Studies included in final corpus
(n ≈ 70)

Figure 1: Illustrative PRISMA-style flow diagram for an OpenAlex-based review pipeline.
Numbers are representative of a typical run in an applied finance domain; actual volumes
will vary depending on topic breadth and query specificity.
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articles regardless of citation count, but the trade-off between precision and recall remains a
judgement call. Similarly, journal-tier filtering encodes prestige hierarchies that may exclude
valid work from newer, interdisciplinary, or open-access outlets that have not yet achieved
high rankings.

Third, provenance tracking transforms reproducibility from an aspiration to an imple-
mentation. Every included paper carries a complete provenance chain: which search query
or snowball step led to its discovery, through which direction (forward or backward), at what
depth, and when. This provenance log, stored as structured JSON, allows any researcher to
trace why a specific paper was included or excluded, achieving a level of transparency that
manual SLR documentation rarely achieves.

5.5 The Future of Evidence Synthesis

Living systematic reviews represent a shift from static, one-time reviews to continuously
updated evidence synthesis (Elliott et al., 2017). In a living review, the search is periodi-
cally re-executed, new studies are screened and incorporated, and the synthesis is updated.
Computational pipelines make living reviews practical: a pipeline that can be re-run with
updated date ranges and citation data produces an auditable delta between review versions.

The registered reports movement aligns with systematic reviewing: pre-registering a
review protocol for peer review before conducting the review itself eliminates the risk of post
hoc modifications and ensures that the review’s contribution is evaluated on methodological
grounds rather than the novelty of its findings.

The convergence of open science, computational infrastructure, and methodological rigour
points toward a future in which systematic reviews are not isolated publications but main-
tained research artefacts: version-controlled, continuously updated, and computationally
reproducible.

6 Conclusion
This document argued that SLR methodology, while well codified in health sciences and
software engineering, requires domain-specific adaptation for ML-in-finance research, and
that computational review pipelines provide the mechanism for making such adaptation
reproducible.

The evidence presented supports this thesis on several fronts. Finance-specific challenges
(working-paper cultures, conference-dominant dissemination, proprietary databases, rapid
methodological evolution) are not peripheral complications but fundamental features of the
evidence landscape that shape every stage of the review process, from search strategy to
quality assessment. Generic SLR guidance, rooted in the Cochrane tradition of clinical trial
synthesis, does not address these challenges.

As discussed in Section 5.4, the core SLR principles (transparency, comprehensiveness,
bias minimization) can be operationalized computationally: a version-controlled pipeline
with structured provenance logging achieves a level of reproducibility and auditability that
manual documentation cannot match. At the same time, seemingly technical decisions
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(which field-of-study filter to apply, what citation threshold to set) are in fact methodological
choices with substantial consequences for the final corpus.

LLMs and active learning tools are reshaping the practical landscape of evidence synthe-
sis, but the current evidence does not support their use as replacements for human judgement
in screening or data extraction. They are best understood as complements that reduce effort
while preserving the human reviewer’s role as the final arbiter of relevance and quality.

For researchers in finance and data science, the adoption of systematic reviewing is not
merely a methodological preference but a response to the scale and complexity of the evidence
base they confront. The discipline of a systematic approach, codified in a protocol, executed
through a reproducible pipeline, and reported against PRISMA standards, strengthens both
the credibility and the practical utility of their work.
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