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Abstract

The integration of green finance and digital technology exhibits considerable methodologi-
cal diversity; however, existing scholarship lacks a systematic account of how empirical
evidence is generated in this field. This scoping (PRISMA-ScR) review develops a liter-
ature classification framework centered on methodological approaches and applies it to
423 English-language articles on the green finance–digital technology nexus from the Web
of Science Core Collection (2018 to April 2026). Research practices are organized along
a two-dimensional framework spanning the epistemological objectives (explanatory vs.
predictive) and the technical toolkit (traditional econometrics vs. machine learning), with
causal machine learning integrating both paradigms. Each study is assigned a primary
methodological label via a lexicon-based multi-label classification engine employing a
2 × 2 weight matrix. Weight sensitivity analysis confirms that classification outcomes are
robust to parameter perturbation. Inter-coder reliability was near-perfect (Cohen’s κ = 0.93);
algorithm–gold standard agreement was substantial (κ = 0.76, F1 = 0.79). The classification
reveals that traditional econometrics remains the most prevalent method (26.95%), followed
by predictive machine learning (17.26%) and technology application (16.31%), while causal
machine learning (9.69%) remains underutilized and behavioral research is virtually absent
(0.95%). Over a quarter of studies (26.24%) employ multiple methodologies. These findings
provide a methodological map for researchers and policymakers navigating the green
finance–digital technology landscape.

Keywords: green finance; digital technology; methodology; machine learning; causal
inference; econometrics; multi-label classification; lexicon-based classification

1. Introduction
As the global community accelerates toward carbon neutrality, financing the low-

carbon transition has become one of the most pressing economic challenges of this
decade [1]. Green finance, including instruments such as green credit, green bonds, and
transition financing, has become established as a core policy tool for directing capital
flows toward environmental objectives [2]. At the same time, the rapid diffusion of digital
technologies has transformed the pricing, monitoring, and disclosure of environmen-
tal risks: AI-driven ESG analytics have enhanced transparency and enabled real-time
monitoring of environmental performance [3], while digital platforms have reduced trans-
action costs, optimized information disclosure mechanisms, and facilitated green capital
flows [4]. The deep integration of green finance and digital technology has given rise to a
rapidly expanding body of empirical research supported by an increasingly diverse array
of methodological tools, spanning traditional econometrics, machine learning, and causal
machine learning [5].
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This methodological diversification raises a critical concern: different analytical strate-
gies may produce fundamentally different research findings and policy implications.
Blakely et al. [5] theoretically demonstrate the close linkage between methodological choice
and resource allocation outcomes; Gur Ali [6] empirically confirms this effect. This concern
is further grounded in the broader methodological literature: Athey and Imbens [7] system-
atically catalog the expanding toolkit of machine learning methods that economists should
know about, while Angrist and Pischke [8] argue that research design, not methodologi-
cal sophistication alone, is the foundation of credible empirical evidence. To understand
which methodological tools researchers in this field actually employ, their relative promi-
nence, and the overall configuration of methodological choices is therefore of fundamental
importance for assessing the reliability of the field’s knowledge base.

In recent years, several scholars have reviewed the green finance–digital technology
nexus from diverse perspectives, making important contributions to the understanding
of this rapidly advancing research frontier (Table 1). Kwong et al. [9] were the first to
systematically examine the synergistic relationship between green finance and financial
technology, clarifying the theoretical interaction mechanisms and identifying structural
barriers to deeper integration. Rojas-Valdez and Fajardo-Piñan [10] provided a panoramic
mapping of Industry 4.0 and green finance research by industry and operational domain,
revealing the enabling pathways of digital technologies in clean production and the role of
financial innovation in inclusive development. Saeedi and Ashraf [11] constructed an ana-
lytical framework for analyzing barriers to green finance practice, organized around core
challenges of risk management, product innovation, and compliance complexity. Geetha
and Biju [12] systematically delineated the conceptual boundaries of Green FinTech, provid-
ing a clear terminological foundation for this subfield. Debrah et al. [13] employed a mixed
bibliometric–qualitative approach to comprehensively identify knowledge gaps and future
directions in green finance research. Teixeira [14] outlined the technology-driven pathways
of green digital finance across key technological dimensions including blockchain, artificial
intelligence, big data, and digital platforms. These works have deepened scholarly under-
standing of the field from the perspectives of topic identification, conceptual delineation,
and trend assessment, forming an important intellectual foundation for this study.

Table 1. Comparison of Existing Reviews on the Green Finance–Digital Technology Nexus: Method-
ological Coverage.

Study Research Focus Review Method Key Contribution Methodological
Dimension

Kwong et al. [9]
(2023)

Synergy between green
finance and financial
technology

Bibliometric analysis

Identified theoretical
interaction mechanisms and
structural barriers to
integration

Not covered

Rojas-Valdez &
Fajardo-Pinan [10]
(2026)

Intersection of Industry
4.0 and green finance

Cluster analysis and
literature review

Panoramic mapping of digital
technology applications in
clean production by industry
and operational domain

Not covered

Saeedi & Ashraf [11]
(2024)

Role of technology in
promoting green
finance

Systematic literature
review

Constructed a framework for
technology-enabled green
finance development

Not covered

Geetha & Biju [12]
(2024)

Green FinTech
reshaping the financial
sphere

PRISMA systematic
review

Proposed a Green FinTech
conceptual framework and
research agenda

Not covered

Debrah et al. [13]
(2023)

Knowledge gaps and
directions in green
finance research

Mixed bibliometric-
qualitative review

Identified six research hotspots
and future directions Not covered
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As Table 1 demonstrates, existing reviews share a common feature: they adopt a topic-
oriented organizing logic; that is, they organize the literature around “what is studied”
(core themes, technological dimensions, or practical challenges). This approach is efficient
and intuitive for quickly locating research progress on specific topics, and the aforemen-
tioned reviews have all produced high-quality knowledge syntheses within their respective
focus areas. At the same time, it is evident that existing reviews have not incorporated
methodology itself, that is, “how research is conducted,” as an analytical dimension within
their frameworks. In other words, these reviews have effectively answered “what questions
has the field studied” but have not yet provided a systematic answer to “what methods has
the field employed to study these questions.”

When methodology remains a blind spot, a series of critical questions become unan-
swerable. What does the field’s methodological toolkit actually look like—is it dominated
by a narrow set of conventional techniques, or has it diversified in step with the growing
complexity of green finance problems? Can this toolkit be mapped at a scale large enough to
reveal systematic patterns rather than anecdotal impressions? And what does the resulting
methodological landscape imply for the credibility of causal claims, the rigor of evidence
standards, and the overall quality of knowledge production? These questions point to
a direction that lies beyond the scope of existing reviews yet is essential for the healthy
development of the field.

Reviews that adopt methodology as the primary classification dimension are generally
scarce in the financial economics literature, although several scholars have made important
contributions in this direction. Hoang and Wiegratz [15], in reviewing machine learn-
ing applications in finance, proposed a function-based “three-prototype taxonomy” that
distinguishes machine learning applications by three functional roles: constructing new
measurement indicators, reducing prediction error, and extending the standard economet-
ric toolkit, one of the few examples of methodology-function-oriented classification, whose
innovation lies in moving beyond the conventional algorithm-type-based taxonomy to a
classification grounded in the epistemic needs of economists. Mullainathan and Spiess [16]
provided an influential methodological account of the complementary relationship between
machine learning and traditional methods from an applied econometrics perspective, offer-
ing a bridge between the two paradigms. Bahammou et al. [17] constructed a four-layer
methodological classification framework for financial prediction, integrating data prepro-
cessing, model selection, optimization strategies, and evaluation metrics into a unified
system. D’Amico et al. [18] proposed a multi-dimensional modal fusion taxonomy that
demonstrates strong organizational capacity in multi-modal analysis scenarios. These
works provide valuable references for this study; they demonstrate the feasibility and value
of methodological classification within their respective method families or application con-
texts, but they also suggest that migrating such frameworks to a comprehensive mapping
of the methodological landscape in the green finance–digital technology domain requires
additional design considerations.

This study aims to provide a literature analytical framework complementary to exist-
ing reviews from a methodological perspective. Specifically, this paper poses the following
research questions: (1) What is the distributional pattern of methodological categories—
traditional econometrics, predictive machine learning, causal machine learning, financial
econometrics, operations research/game theory, interpretability methods, behavioral re-
search, and technology application—across the green finance–digital technology nexus?
(2) Can a lexicon-based multi-label automated classification scheme reliably annotate the
methodological approaches of the literature in this field? (3) What implications does this
methodological landscape hold for researchers’ method selection practices, policymakers’
evidence-use standards, and the overall quality of knowledge production in the field?
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To address these questions, this study designs a literature classification framework
centered on methodology, situating methodological practices within a two-dimensional
framework spanning traditional econometrics to causal machine learning, and constructs a
lexicon-based multi-label automated classification system. A gold standard is established
through dual independent coding and adjudication; classification reliability is validated
through algorithm–gold standard agreement testing and confusion matrix analysis; pa-
rameter robustness is assessed through weight sensitivity analysis; and the scoping review
(PRISMA-ScR [19]) is completed for 423 articles from the Web of Science Core Collection.

2. Conceptual Framework
2.1. Methodology

The integration of green finance and digital technology has long been characterized
by a clear methodological distinction: explanatory modeling aims to test theoretically
motivated causal hypotheses, while predictive modeling strives to maximize out-of-sample
prediction accuracy. Traditional econometrics and financial econometrics belong to the
explanatory domain, centered on unbiased estimation and hypothesis testing. The dis-
tinction between the two is not merely an operational division based on terminology
assignment but rests on methodological paradigm foundations: traditional econometrics
takes causal inference as its core objective, with a toolkit including instrumental variables,
difference-in-differences, and panel fixed effects as quasi-experimental methods; finan-
cial econometrics has developed a specialized methodological system oriented toward
the structural properties of financial data: Generalized Autoregressive Conditional Het-
eroskedasticity (GARCH)-family volatility models, asset pricing factor tests, high-frequency
data analysis, and risk measurement including Value at Risk (VaR) and Expected Short-
fall (ES), constituting a coherent specialized paradigm in terms of modeling assumptions
(e.g., time-varying volatility, no-arbitrage conditions) and inferential targets (risk premium
estimation, volatility forecasting) [16]. In contrast, machine learning originates from the
predictive domain, emphasizing predictive accuracy and generalization capability, often at
the expense of interpretability [7,16].

In recent years, the rise of causal machine learning and interpretability methods
has complicated this binary distinction. Causal machine learning employs flexible com-
putational tools to estimate treatment effects, while interpretability methods aim to en-
hance the transparency of predictive models [20,21]. We argue that the methodological
approaches in this field can no longer be viewed as belonging to two fundamentally op-
posed camps; rather, they can be situated within a two-dimensional framework defined by
two orthogonal axes (Figure 1): the epistemological objectives (explanatory vs. predictive)
and the technical toolkit (traditional econometrics vs. machine learning). Based on this
two-dimensional framework, we define eight methodological categories (Table 2). Under
this two-dimensional framework, B1, B2, and B4 each occupy a distinct position. B1 repre-
sents explanatory × traditional econometrics, while B2 represents predictive × machine
learning. B4 (Causal ML) bridges the explanatory and predictive poles of the first axis
while remaining anchored to machine learning on the second axis, thereby integrating
both epistemological objectives within a single technical toolkit [22]. B5 is situated in the
explanatory domain, resting on the specialized paradigm of financial data structures, while
B6 occupies a normative/optimization position, resting on the specialized paradigm of
optimization–equilibrium analysis. B3 (interpretability methods) and B7 (behavioral re-
search) do not occupy a position within this two-dimensional plane; rather, they constitute
two independent cross-cutting dimensions that can be overlaid on any position within
the plane, including B1, B2, B4, B5, or B6. B3 functions as a second-order diagnostic tool
pertaining to the model itself, applicable regardless of the underlying method’s position on
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the two axes; B7, by contrast, is grounded in an entirely different epistemological paradigm
external to the explanatory–predictive and econometrics–machine learning distinctions. C
(Technical/Engineering Applications) likewise falls outside the two-dimensional plane, but
for a different reason than B3 and B7: rather than being a cross-cutting dimension overlaid
on the plane, C is excluded from the explanatory–predictive axis altogether, since its pri-
mary contribution is the technical artifact itself (e.g., a system, platform, or engineering
pipeline) rather than an explanatory or predictive claim about an economic phenomenon.

Figure 1. Two-Dimensional Methodological Framework.

Table 2. Methodological Taxonomy and Its Position in the Two-Dimensional Framework.

Code Category Position in the Two-Dimensional
Framework

B1 Traditional Econometrics Explanatory (Anchor)
B2 Predictive ML Predictive
B3 Interpretability Methods Explanatory–Predictive Bridge
B4 Causal ML Explanatory–Predictive Bridge
B5 Financial Econometrics Explanatory (dual-purpose)
B6 Operations & Game-Theoretic Modeling Normative/Optimization
B7 Behavioral Approaches Cross-cutting
C Technical/Engineering Application Predictive/Applied

Note: Abbreviations used in this table are defined in the Abbreviations section at the end of this article.

Conceptualizing methodological practices within a two-dimensional framework does
not imply that the boundaries between methodological approaches are sharply delineated.
Indeed, multiple positions within this cross-structure exhibit inherent ambiguity: for in-
stance, GARCH-family models in financial econometrics serve a dual function, explanatory
(parameter estimation and hypothesis testing) and predictive (volatility forecasting), and
Double/Debiased ML straddles predictive modeling (flexible first-stage estimation) and
causal inference (second-stage debiasing) at the epistemological level, with its positioning
dependent on the researcher’s interpretation of its intended use rather than the method’s
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technical characteristics per se. This inherent ambiguity implies that any empirical classifi-
cation based on the two-dimensional framework must confront a fundamental method-
ological tension: the framework acknowledges that boundaries are gradual, while an
operable classification system must convert gradual boundaries into discrete breakpoints to
ensure inter-coder reliability. This study addresses this tension through two design choices.
First, discrete categories are positioned according to the epistemological distinguishability
of methodological functions, with breakpoints corresponding to locations of significant
functional difference (Table 3). Second, the multi-label framework allows a single study
to carry multiple category labels. These design choices endow the classification system
with the operational clarity required by discrete categories while maximizing fidelity to the
methodological landscape, though this fidelity is limited, as discussed in Section 5.4.

Table 3. Operational Definitions of the Methodological Taxonomy.

Code (Category) Inclusion Criteria (with Representative Methods) Boundary Rules

B1 (Traditional
Econometrics)

Classical regression-based inference focuses on
unbiased coefficient estimation and hypothesis
testing (OLS, fixed/random-effects panels, IV,

standard time series analysis).

Quasi-experimental designs are included here only
if they use conventional parametric estimation;

ML-based effect identification → B4.

B2 (Predictive ML)
Out-of-sample predictive performance is the

principal focus (e.g., tree ensembles, SVM, neural
networks, clustering).

It differs from B4 in that it lacks a causal estimand
and from B3 by not prioritizing interpretation as

the central objective.

B3 (Interpretability
Methods)

Explanation/transparency of predictive models as
the central aim (SHAP, LIME, feature importance,

partial dependence).

Applies only when model interpretation is the
primary goal; if interpretability serves as a

supplementary diagnostic, → B2.

B4 (Causal ML)

ML estimators are explicitly designed for predictive
causal identification—treatment, heterogeneous, or
counterfactual effects (double/debiased ML, causal

forests, TMLE, ML-augmented designs).

Defined by an explicit causal estimand; however,
when identical algorithms are used solely for

accuracy → B2.

B5 (Financial
Econometrics)

Techniques specifically tailored for financial-data
properties (GARCH-family volatility,

cointegration/ECM, event studies,
spillover/connectedness).

Distinguished from B1 by methods designed for
volatility clustering, co-movement, and contagion,
rather than general-purpose regression techniques.

B6 (Operations &
Game-theoretic

Modeling)

Formal modeling of optimal or strategic behavior
(game theory, optimization/mathematical

programming, evolutionary games, mechanism
design, simulation).

Defined by a normative or equilibrium orientation,
deriving optimal decisions from assumed

structures rather than estimating them from
observed data.

B7(Behavioral
Approaches)

Designs that elicit and measure decision-making
(lab/field experiments, survey-based behavioral
measurement, behavioral-economics constructs).

Reserved for studies where the behavioral
mechanism is the explicit object of measurement;
behavioral interpretation of regressions stays in

B1/B5.

C (Techni-
cal/Engineering

Application)

Design or deployment of a technical artifact or
system as the primary contribution
(blockchain/DLT, IoT monitoring,

platform/algorithm design, applied engineering).

Classified here when the primary technical system
is the core contribution; if the central result is a

predictive model built on its data → B2.

Unclassified

Studies not confidently assignable: (i) purely
conceptual/policy papers lacking an identifiable

method; (ii) insufficient methodological reporting;
(iii) multiple methods without a dominant

contribution.

Retained as a distinct residual category rather than
being forced into substantive categories, thereby

preserving classification integrity and
reproducibility.

Note: Abbreviations used in this table are defined in the Abbreviations section at the end of this article.

2.2. Theoretical Foundations of Automatic Classification Design

To ensure sufficient transparency and reproducibility, this study designs a literature
automated classification system based on methodological key-term lexicon matching. The

https://doi.org/10.3390/su18168053

https://doi.org/10.3390/su18168053


Sustainability 2026, 18, 8053 7 of 28

system’s design is grounded in the differential classification utility of bibliographic meta-
data fields.

Sjögårde et al. [23] systematically evaluated algorithmic labeling methods across
different levels of classification hierarchies and found that extracting terms from titles and
keywords yielded higher labeling accuracy at the thematic level than methods incorporating
abstract text; the latter introduces noise from contextual mentions. This finding is supported
by Mateen et al. [24], who demonstrated that while adding abstracts to title-based screening
marginally improves precision, using title information alone achieves high screening
efficacy. Bramer et al. [25] further noted that restricting search to title and abstract fields
in systematic reviews may miss 22–33% of relevant articles, underscoring the trade-off
between precision and recall across fields. At the term level, Spärck Jones [26] established
the foundational principle of term specificity (IDF): terms appearing in fewer documents
carry greater discriminative power and should receive higher weights; Chen and Xiao [27]
confirmed that TF-IDF-based keyword selection significantly outperforms pure frequency
selection in bibliometric domain analysis; Sjögårde et al. [23] extended this theory by
demonstrating that the term frequency–specificity (TFS) ratio outperforms either term
frequency or specificity alone. Collectively, these studies provide empirical justification
for differentiating high-specificity “core” terms (e.g., “causal forest,” “XGBoost”) from
low-specificity “generic” terms (e.g., “machine learning,” “endogeneity”) in automated
classification, and for applying differentiated weights that reflect the higher signal-to-noise
ratio of titles and keywords relative to abstracts.

In designing the automated classification system, each study’s core method is iden-
tified through a multi-label classification framework, assigning one primary label; when
multiple substantive methods are present, the study may receive secondary labels. The
primary label is determined by term evidence weights and the priority bonus mechanism.
Term evidence weights are generated by a 2 × 2 weight matrix that differentiates weights
along two dimensions: the term specificity dimension (core vs. generic terms) and the
field-level dimension (title/keywords vs. abstract). Studies for which no methodology is
identified are retained as an explicit residual category.

The rationale for employing a predefined 2 × 2 weight matrix rather than TF-IDF-
or TFS-based dynamic weight computation is as follows. First, the term lexicon used
in this classification system is a small, expert-curated lexicon (approximately 8–94 terms
per category; see Supplementary Table S1). The statistical validity of TF-IDF and TFS
depends on frequency distribution characteristics across a large number of terms in a
large corpus; in a small curated lexicon, the selection of most terms reflects deliberate
dictionary construction strategy rather than natural term distribution, causing IDF values
to be systematically inflated and lacking in discriminative power. Second, for small, domain-
specific lexicons, expert binary classification of terms (e.g., classifying “causal forest” as core
and “machine learning” as generic) is more precise than IDF-based statistical estimation;
IDF is an indirect statistical proxy for specificity, while expert classification is more direct
and accurate when vocabulary size is limited. Third, the predefined weight matrix ensures
complete reproducibility of classification results: any researcher using the same lexicon
and weight parameters will obtain identical output, while TF-IDF/TFS weights depend
on corpus-specific frequency statistics that change with corpus size, temporal scope, or
search strategy, hindering cross-study comparability and iterative improvement. Therefore,
this study’s weighting scheme draws on the design principles of the information retrieval
literature (the differentiated treatment of term specificity and field signal-to-noise ratio)
without directly adopting its algorithms.

A related boundary issue concerns methodological approaches that are prominent
in the broader green finance literature but do not receive independent categories in this
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taxonomy: carbon accounting and life cycle assessment (LCA), ESG rating methodology,
climate scenario analysis (NGFS/IPCC scenarios), and green bond impact reporting. These
approaches are absorbed into B5 (financial econometrics) when they involve quantita-
tive modeling of financial data, or into C (technology application) when they emphasize
technical implementation. This design choice reflects the framework’s focus on the epis-
temological and technical dimensions of methodology rather than on domain-specific
procedural standards. While LCA and ESG rating methods have distinct procedural tra-
ditions, their analytical logic (quantitative data processing for evaluation or assessment)
aligns with the broader methodological categories defined here. This is consistent with the
boundary-handling principle discussed above: rather than creating additional categories
for every domain-specific procedure, the framework treats such procedures as instances
of the underlying epistemological and technical dimensions already captured by B1–C.
Future research could extend the classification to include domain-specific methodological
subcategories where finer-grained regulatory or disciplinary distinctions are needed.

We note that this boundary decision concerns studies whose core methodological
contribution is the construction, validation, or comparison of these domain-specific proce-
dures (e.g., proposing a new ESG rating construction method or LCA protocol), rather than
the downstream measurement-error implications of using existing ESG ratings or Scope 3
estimates as explanatory variables in studies classified elsewhere in this taxonomy. The
latter is addressed separately in Section 5.4 as a data-quality constraint that cuts across,
rather than falls within, this classification framework.

3. Materials and Methods
This scoping review follows the PRISMA Extension for Scoping Reviews (PRISMA-

ScR) guideline [19,28]. The complete PRISMA-ScR checklist is provided in the Supplemen-
tary Materials (Table S2). A review protocol containing the detailed search strategy and
classification scheme has been publicly archived on the Mendeley Data platform (Elsevier,
Amsterdam, The Netherlands; DOI: 10.17632/rbdph2w7bz.1). As the PROSPERO database
does not accept scoping reviews, no formal prospective registration was conducted. All
custom code and extended analysis results are archived on the Mendeley Data platform
(DOI:10.17632/nt4vsvc3z.1).

3.1. Corpus Construction

The literature data for this study are sourced from the Web of Science (WoS) Core
Collection (Clarivate Analytics, Philadelphia, PA, USA), a database widely used in biblio-
metric and methodological analyses of sustainability research owing to its carefully curated
coverage and structured metadata. A single search query was specifically designed to
precisely capture the intersection of digital technology and green finance.

Search query: TS = ((“big data” OR “artificial intelligence” OR “AI” OR “machine
learning” OR “blockchain”) AND (“green finance” OR “green credit” OR “green bond*”
OR “carbon finance” OR “carbon trading”)).

The search was limited to English-language articles, reviews, and early-access publi-
cations from 2018 through 30 April 2026. Data retrieval was completed on 30 April 2026.
Following duplicate screening (which identified no duplicate records), the final dataset
comprised n = 423 records (Figure 2). For each record, we extracted the title, abstract,
author keywords, Keywords Plus field, and all other bibliographic metadata.
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Figure 2. PRISMA 2020 literature screening flow diagram. Note: * indicates a truncation wildcard
used in the Web of Science search query (e.g., ‘green bond*’ matches ‘green bond’ and ‘green bonds’).

Across the three stages of the PRISMA workflow (identification, screening, and inclu-
sion), the literature sample remained at n = 423. Since this study utilized only the WoS Core
Collection as a single database, there were no cross-database duplicates in the retrieval re-
sults. The indexing mechanism of the WoS Core Collection itself has already de-duplicated
duplicate records within the database; therefore, the number of records after deduplication
remained 423. This study’s search strategy employed highly restrictive Boolean logic,
requiring the literature to focus on the intersection of two themes: “green finance” and
“digital technology.” Additionally, with relatively broad inclusion criteria and an “Un-
classified” category within the classification framework to accommodate the marginal
interdisciplinary literature, the exclusion of potentially relevant articles with ambiguous
thematic affiliation was avoided. After independent dual screening with arbitration, all 423
articles were retained.

3.2. Literature Classification and Coding
3.2.1. Lexicon-Based Multi-Label Classification with a 2 × 2 Weight Matrix

We employ a lexicon-based multi-label classification scheme to identify the core
methodological approach of each article in the corpus. The classification framework
determines the primary and secondary methodological categories for each article based
on the cumulative weight of methodological terms matched from the article’s metadata
against the term lexicon. Each article is counted under its primary methodological category
in the distributional analysis. All custom scripts for automated classification, sensitivity
analysis, automated sampling, and reliability analysis were written in Python 3.13 (Python
Software Foundation, Wilmington, DE, USA).
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(1) Match Text Construction and Term Matching

To construct the match text for each article, we extract two text fields from the WoS
Core Collection metadata: (1) Title + Keywords, comprising the combination of title (TI),
author keywords (DE), and Keywords Plus (ID); and (2) Abstract (AB). Both text fields are
converted to lowercase, with one exception: to distinguish ‘DID’ (Difference-in-Differences)
from the English verb ‘did’, the uppercase form of ‘DID’ is preserved.

Term matching employs a word-boundary matching mechanism, requiring that text
tokens match lexicon terms not only in spelling but also with non-alphanumeric characters
on both sides, to prevent substring false matches.

(2) Weight Matrix and Scoring Rules

Each matched term receives a weight according to a 2 × 2 weight matrix that crosses
term level (core vs. generic) with field type (title/keywords vs. abstract): W1 = 0.70 (core
term in title/keywords), W2 = 0.30 (core term in abstract), W3 = 0.15 (generic term in
title/keywords), W4 = 0.05 (generic term in abstract). This ordering ensures that specific
and prominently positioned terms dominate article classification, while terms merely
mentioned in abstract context exert only a minor influence. When the same term appears in
multiple fields, only its highest weight is retained (i.e., term deduplication). Methodological
categories with a total cumulative weight below MIN_LABEL_WEIGHT (default: 0.10) are
not recorded as method labels for the article. If all categories fall below this threshold, the
article is classified as “Unclassifiable” (Unc).

After computing each term’s weight, the term weights for the same methodological
category are summed to obtain the weight of each methodological category employed in
the article, and a priority bonus is then added to each category’s weight according to the
category’s priority. The category with the highest sum of term weight and priority bonus is
designated as the article’s primary methodology. When a category’s weight proportion is
≥15% among all categories in the same article, that category is automatically marked as a
secondary methodology.

(3) Priority Bonus Mechanism

The priority bonus is a small additive value applied only during the ranking stage,
designed to resolve ties when the cumulative term weights of different methodological
categories are equal. The priority ordering follows the principle that more specific categories
should take precedence over generic ones, reflecting the term specificity principle (IDF) in
information retrieval [25].

We evaluated this ex ante using three independent criteria: (a) rarity in general-
purpose corpora (few non-field papers use these terms), (b) unambiguous denotation
(each term maps to a single technique), and (c) absence from adjacent methodological
fields. This ex ante assessment, conducted before running the classification engine on
the corpus, ensures that the bonus structure is not an artifact of observed classification
results. Causal machine learning (B4) receives the highest bonus (0.40) because its lexicon
terms (e.g., “causal forest,” “double machine learning”) exhibit the highest methodological
specificity. The remaining categories receive progressively lower weight adjustments
(B1 + 0.05, B2 + 0.02, B6 + 0.015, B3 + 0.01, B5 + 0.005, C + 0.00), reflecting the overlap of
their terms with adjacent fields.

The priority bonus affects only the ranking of methodological categories within the
same article (i.e., it determines which category is designated as the primary methodology)
but does not alter the cumulative term weight of each category or its percentage of the total
term weight across all categories.

The term lexicon, weight matrix, priority bonus values, and decision rules are docu-
mented in Supplementary Table S1.
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(4) Co-occurrence Constraint Mechanism

By default, matched generic terms (low-specificity terms) are assigned weight only
when at least one core term of the same methodological category is also matched. This
co-occurrence constraint prevents review articles that mention broad terms like “machine
learning” from being classified as employing B2 methodology. Exceptions exist: generic
terms in B1 (traditional econometrics) such as “endogeneity” and “panel data,” and in C
(“blockchain”) possess sufficient methodological specificity to be weighted independently
upon matching. For C, the generic term “blockchain” can trigger classification indepen-
dently, while other C classifications require specific construction or application terms (e.g.,
“smart contract,” “digital twin,” “fraud detection”).

3.2.2. Regarding B7

Behavioral research (B7) belongs to a different epistemological paradigm from econo-
metrics and machine learning [29]. Given the fundamental differences between paradigms,
the automated classification system is designed such that: if specific, high-specificity be-
havioral terms (e.g., “theory of planned behavior,” “perceived behavioral control,” “intent
to invest,” “PLS-SEM,” etc.; see Supplementary Table S1) appear in the abstract, the article
is labeled as employing B7 as its sole methodology. This rule is based on two considera-
tions: first, when an article’s abstract uses behavioral terms as its methodological identifier,
its research design framework most likely belongs to the behavioral paradigm. Even
when econometric tools are simultaneously employed, they typically serve as auxiliary
processing of behavioral data rather than independent inference; second, the B7 trigger
threshold requires high-specificity terms rather than generic expressions such as “sur-
vey” or “questionnaire,” so articles centered on econometric methods with only ancillary
questionnaire-based data collection will not trigger this rule. The cost of this rule is that for
articles employing B7 methodology, other methodologies are no longer recorded. However,
given B7’s extremely low prevalence (see Sections 4.1 and 4.3) and its high-specificity
trigger conditions, this trade-off has negligible impact on overall classification diversity.

3.3. Weight Sensitivity Analysis

To verify that the classification results are not artifacts of specific weight parameter
choices, we conducted a systematic sensitivity analysis comprising three dimensions.
First, a one-factor-at-a-time (OFAT) grid scan varied each of the four weights (W1 to W4)
individually across 4 to 5 values (including the baseline), generating 19 configurations. For
each configuration, three stability metrics were computed: the proportion of articles with
changed primary category (Prim_Changed), changed complete label set (Labels_Changed),
and switched primary category among multi-label articles (PrimFlip_MultiLabel). This
analysis focuses on the four weight-matrix parameters (W1 to W4) and the label-weight
threshold (MinW), and the priority reward value was not included in the OFAT scan range.
However, the numerical design of the priority bonus values ensures a certain degree of
robustness: since the sum of term weights is always an integer multiple of 0.05, while the
bonus values for B2 (+0.02), B6 (+0.015) and B5 (+0.005) are not integer multiples of 0.05,
these three types of bonuses mathematically cannot exactly compensate the original weight
differences to zero—i.e., they cannot create new ties between originally unequal weights.
Only between B4 (+0.40) and B1 (+0.05) does there theoretically exist a possibility that the
bonus value difference (0.35) exactly equals the weight difference. However, this scenario
requires both categories to have strong evidence and the weight difference to be exactly
0.35, which is extremely rare in practice.

We acknowledge this as a limitation of the current sensitivity analysis design.
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Second, six configurations were designed specifically to test the impact of the
“W2 > W3” ordering assumption on classification results. A dimensional conflict exists
between W2 and W3: the term precision dimension requires W2 to be higher, while the field
position dimension requires W3 to be higher. The six configurations span three comparison
strategies: order reversal, equal-weight settings, and extreme ratios. Additionally, for
the baseline and reversed configurations, an article-by-article comparative analysis was
conducted to identify all studies whose primary classification or label set changed when
the W2/W3 ordering was reversed.

Third, eight comprehensive multi-parameter scenarios (including the baseline configu-
ration) were constructed to simultaneously perturb multiple weight parameters, simulating
different classification strategy orientations, including core-term high-weight dominance,
core-term low-weight, title/keyword dominance, abstract dominance, four-weight equality,
W2/W3 reversal, and an elevated minimum label weight threshold (MinW = 0.20).

All evaluation metrics are computed by internally comparing each perturbed configu-
ration against the baseline configuration, requiring no external reference standard.

The specific steps of sensitivity analysis are provided in the Supplementary Material
(README_Methodology_Classification_and_Sensitivity_Analysis(Multilabel).txt).

3.4. Reliability and Algorithm Validation

Automated literature classification is performed by a lexicon-matching engine based
on the classification parameters listed in Supplementary Table S1 (key-term lexicon, 2 × 2
weight matrix, priority bonuses, and decision rules). To assess reliability, two researchers
independently coded a random sample of 85 studies (approximately 20% of the 423-article
sample set); coding disagreements were resolved through third-party adjudication to
form the gold standard [29]. Two comparisons were then evaluated: (1) Coder A vs.
Coder B (inter-coder reliability); (2) automated algorithm vs. gold standard (algorithm
validity). For each comparison, we computed raw agreement, Cohen’s κ with 95% bootstrap
confidence intervals (B = 5000 percentile resamples), per-category precision/recall/F1, and
the complete confusion matrix.

The classification parameters (lexicon, weight matrix, priority bonuses, and decision
rules) were finalized prior to the reliability assessment. The 85-article gold standard was
drawn independently from the same 423-article corpus after parameter fixation, and no
iterative parameter adjustment was performed based on gold standard results. This design
ensures that the reliability metrics reflect genuine out-of-sample agreement rather than
in-sample fit.

4. Results
4.1. Methodological Distribution of the Research Field

The 423 articles in the corpus are automatically classified by primary research method
as summarized in Table 4.

The automated classification results indicate that traditional econometrics remains the
most widely employed primary method, accounting for 26.95% of the entire dataset. Pre-
dictive machine learning (B2, 17.26%) is the second-largest independent category, reflecting
the growing adoption of data-driven approaches. Causal machine learning accounts for
9.69%, indicating that this conceptual frontier has been preliminarily established but still
has significant room for application growth.

Interpretability methods (B3) cover 20 studies in the corpus (4.73%), of which 6 have
B3 as the primary label (1.42%) and 14 as a secondary label. Among studies with B3 as a
secondary label, the primary labels predominantly belong to B2 (10 articles), B6 (2 articles),
B1 (1 article), or B5 (1 article), indicating that interpretability analysis in most cases appears
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as an auxiliary dimension of predictive modeling. Upon manual review, the 6 articles
with B3 as the primary label all employ interpretability techniques as ancillary compo-
nents attached to established predictive or causal models, serving as model validation or
results presentation, rather than constituting the core contribution of the interpretability
method itself.

Table 4. Distribution of Methodological Approaches (n = 423).

Rank Code Category n Share (%)

1 B1 Traditional Econometrics 114 26.95
2 B2 Predictive ML 73 17.26
3 C Technical Application 69 16.31
4 B4 Causal ML 41 9.69
5 B6 Operations & Game-theoretic Modeling 35 8.27
6 B5 Financial Econometrics 33 7.80
7 B3 Interpretability 6 1.42
8 B7 Behavioral Approaches 4 0.95
9 Unc Unclassified 48 11.35

Total: 423 100.00
Note: The classification distribution in Table 4 is based on automated assignment of the 423 articles. An 85-article
gold standard (dual-coder manual coding) achieved an 80.0% agreement rate with the automated classification
algorithm (κ = 0.76, 95% CI [0.65, 0.85]; see Section 4.3). Readers should therefore interpret the percentages above
as estimates with an approximate 20.0% misclassification margin at the category level, rather than as exact values.
Abbreviations used in this table are defined in the Abbreviations section at the end of this article.

Operations research/game theory (B6, 8.27%) slightly exceeds financial econometrics
(B5, 7.80%), indicating that mathematical optimization and game-theoretic analysis have
some application in this field, while financial econometrics appears relatively underutilized
given the finance-oriented nature of the domain. Behavioral analysis (B7, 0.95%, n = 4) is
exceedingly rare. Technology application (C) accounts for 16.31%.

Articles that could not be assigned any methodological label (Unclassified) account
for 11.35%. To assess the potential impact of these articles on the methodological dis-
tribution, we conducted a structural-quantitative analysis of all 48 unclassified studies.
In terms of publication type, approximately 54% (n ≈ 26) are reviews, policy analyses,
or perspective pieces whose methodological contribution consists primarily of thematic
synthesis rather than empirical analysis; excluding such articles introduces no bias into
the empirical methodological distribution. The remaining approximately 46% (n ≈ 22)
contain no methodological terms from the lexicon, using only extremely generic expres-
sions such as “analysis,” “approach,” and “data” to describe their methods, a characteristic
reflecting a severe simplification of methodological description. This composition indicates
that unclassified articles are not randomly missing along the methodological dimension
but are systematically concentrated in two types: non-empirical reviews and policy dis-
cussions, and articles whose methodological descriptions are insufficiently specific for
term-evidence-based identification. This finding is revisited in the discussion of method-
ological transparency in the field (Section 5.4).

In addition to the aforementioned primary findings, it was also observed: among
the 423 studies, 111 (26.24%) were annotated with at least one secondary methodologi-
cal label in the Secondary_Methods field, indicating that the simultaneous adoption of
multiple methodologies is a non-trivial phenomenon. The most common methodological
co-occurrence patterns include: B4 + B1 (causal machine learning combined with traditional
econometrics, 28 papers), B6 + C (operations research/game theory combined with tech-
nology application, 22 papers), and B2 + B3 (predictive machine learning combined with
interpretability methods, 15 papers). Among the 41 studies with B4 as the primary method,
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20 (48.8%) listed B1 as a secondary method, reflecting the field’s trend of integrating causal
inquiry with traditional econometric analysis.

Complete multi-label assignment results (including primary labels, secondary la-
bels, and weight proportions) are provided in the Supplementary Materials (litera-
ture_classification(Multilabel).xlsx).

4.2. Sensitivity Analysis Results

The sensitivity analysis confirms the robustness of the classification results to weight
parameter perturbation. In the OFAT grid scan, the maximum primary-category change
rate was 7.6% (at W3 = 0.05), with most changes attributable to C-class articles shift-
ing to Unclassified due to excessively low generic-term weights; excluding this extreme
setting, the maximum change rate was 4.7% (at W4 = 0.10 or 0.15), and most parame-
ter changes yielded change rates below 2.0%. The W2 and W3 ordering test showed a
maximum change rate of 5.4% (when W3 ≫ W2), indicating that the W2 > W3 ordering
assumption has some impact on results but remains overall robust. Among the eight
combined scenarios, the most extreme test was the elevated label threshold (MinW = 0.20),
producing a primary-category change rate of 10.6%; the four-weight equality scenario
(W1 = W2 = W3 = W4 = 0.25) yielded a change rate of 9.7%. Given the extreme nature
of these configurations, these values remain at acceptably low levels. Parameter impact
ranking shows W3 (range = 7.6%) as the most influential parameter, followed by W4
(1.2%), W2 (1.2%), and W1 (0.9%). Complete sensitivity analysis results are provided in the
Supplementary Materials (weight_sensitivity(Multilabel).xlsx).

4.3. Classification Reliability and Algorithm Validation

The reliability analysis (Table 5) demonstrates near-perfect inter-coder reliability: Co-
hen’s κ between Coder A and Coder B was 0.93 (95% CI [0.86, 0.99], agreement = 94.1%).
The automated algorithm vs. gold standard comparison yielded κ = 0.76 (95% CI [0.65, 0.85],
agreement = 80.0%, weighted F1 = 0.79), indicating substantial agreement [30]. Categor-
ical analysis indicates that the algorithm performs best in category B5 (precision = 1.00,
recall = 1.00) and also performs well in categories B4 (precision = 0.89, recall = 0.89) and B1
(precision = 0.88, recall = 0.85). Category-level detection issues and their root causes are
summarized in Table 6.

Table 5. Reliability Analysis Results.

Confusion Matrix Reliability Analysis—Summary

Comparison n Agreement % Cohen’s κ
κ 95% CI

(Lo)
κ 95% CI

(Hi)
κ

Interpretation
Accuracy

%
Weighted

F1

Coder A vs.
Coder B 85 94.1% 0.929 0.858 0.986 Almost Perfect 94.1% 0.940

Automatic script
vs. Gold 85 80.0% 0.759 0.654 0.855 Substantial 80.0% 0.792

Note: κ = Cohen’s kappa, a measure of inter-rater agreement (0.81–1.00: almost perfect; 0.61–0.80: substantial;
0.41–0.60: moderate; 0.21–0.40: fair; <0.20: poor).
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Table 6. Analysis of Category-Level Detection Issues in the Automated Classification.

Category Performance Issue Error Pattern Root Cause Supporting Evidence

B3 Precision = 0,
Recall = 0

No true positives in
the 85-article sample

Sample limitation, not algorithmic
deficiency: the random sample included no
article with B3 as the primary label. B3 is
assigned a low priority bonus (+0.01, below
B1’s + 0.05 and B2’s + 0.02) based on three
theoretical considerations—epistemological
second-order status, methodological
hierarchical dependency, and logical
non-independence—causing it to typically
occupy a subordinate position in weight
competition (Section 2.1).

Manual review of all 20
algorithm-assigned B3 articles
(6 primary + 14 secondary): 18
papers (90%) were confirmed to
employ post-hoc interpretability
methods (e.g., SHAP, LIME, and
feature importance analysis); the
remaining 2 adopted inherently
interpretable models (e.g., decision
trees, generalized additive models),
which also fall within the B3
category but achieve interpretability
through model transparency rather
than post-hoc explanation.

B7 Insufficient sample
(n = 2)

Category-level
metrics unreliable

Category rarity: only 4/423 articles (0.95%)
in the full corpus, yielding 2 articles in the
85-article adjudication sample—too few for
reliable metric computation.

Manual inspection confirms all B7
articles are studies with behavioral
methods as the primary design, with
no instances where the core method
is a different approach but was
forcibly overridden as B7.

B6 Recall = 0.57
(false negatives)

Genuine B6 papers
undetected

Horizontal term overlap: B6’s core and
generic terms exhibit cross-category
polysemy—“optimization” spans B6
(operations research), B5 (portfolio
optimization), and B2 (hyperparameter
optimization); “equilibrium” spans B6
(Nash equilibrium) and B1/B5 (market
equilibrium). Given B6’s low priority bonus
(+0.015, below B1’s + 0.05 and B2’s + 0.02),
genuine B6 papers are outcompeted in
weight ranking by homologous terms from
B5 or B1 (Section 3.2.1).

Game-theoretic papers using generic
terms in their title or abstract have
their weight diluted by homologous
terms from B5 or B1, resulting in
some genuine B6 papers going
undetected.

C Precision = 0.70
(false positives)

Non-methodological
articles assigned to C

Blurred vertical classification boundary: the
C lexicon contains only specific technology
terms (e.g., “smart contract,” “digital twin”)
and no generic term list (Section 3.2.1).
Technology-themed review or policy articles
contain these terms but their core
contribution is thematic synthesis rather
than methodological practice; the algorithm
detects the technology terms and assigns C,
while gold-standard coders judge them as
not belonging to any methodological
category.

Lack of methodologically
distinguishing features between
empirical technology-application
studies and technology-themed
review articles.

B2

Precision = 0.57
(lowest),
Recall = 1.00
(perfect)

Over-classification
(6 false positives)

ML terminology (e.g., “machine learning,”
“neural network,” “deep learning”) has
become ubiquitous across methodological
traditions in finance research: articles whose
core contribution is statistical inference (B1),
technology application (C), or mathematical
modeling (B6) frequently invoke these terms
as auxiliary tools or future research
directions. The B1–B2 boundary is the most
blurred interface in the classification system,
as both traditions share foundational
vocabulary (“regression,” “prediction,”
“model selection”) while differing in
epistemological orientation.

6 false positives from B1 (2), C (2), B6
(1), Unc (1); all genuine B2 articles
correctly identified.

Note: Abbreviations used in this table are defined in the Abbreviations section at the end of this article.

Complete category-level metrics and the full confusion matrix are provided in the
Supplementary Materials (reliability_analysis(Multilabel).xlsx).
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5. Discussion
5.1. Implications of the Methodological Landscape

We analyze this methodological landscape along four themes: the data environment
and methodological choice, the causal–predictive fusion paradigm, the structural absence
of behavioral finance, and evidence governance. These implications are based on the
frequency distribution of methodological labels, which reflects how often each approach
appears in the literature but does not directly assess the internal identification credibility
of individual studies (e.g., whether B1 studies report parallel trend tests or exclusion
restriction tests). The following implications should therefore be read as frequency-level
inferences rather than causal claims about evidence quality.

5.1.1. Data Environment and Methodological Choice

The digitalization of the financial sector has generated high-frequency, high-dimensional
data (including IoT and sensor data streams, ESG disclosure information, and text senti-
ment analysis results), whose characteristics fundamentally challenge the applicability of
traditional estimation methods. Sensor data exhibits high frequency and low signal-to-noise
ratio, violating the stable, low-dimensional error structures upon which standard inference
relies [16]; ESG disclosure information constitutes unstructured text that cannot be naturally
mapped to a fixed regression matrix as assumed by structural econometrics [31,32]. The rise
of machine learning methods (predictive ML at 17.26% plus causal ML at 9.69%, totaling
26.95%) should be understood as a technological imperative driven by changes in the data
environment.

5.1.2. The Causal–Predictive Fusion Paradigm

Green finance research simultaneously faces demands for causal evidence (policy
evaluation) and predictive accuracy (risk management). As the Network for Greening
the Financial System (NGFS) framework explicitly states, climate stress testing and sce-
nario analysis favor models capable of predicting system-wide behavior under unobserved
states, prioritizing out-of-sample generalization over individual structural coefficients [33].
In China, the climate risk stress testing conducted by the People’s Bank of China for
financial institutions vividly exemplifies this forward-looking, system-level regulatory ori-
entation [34]. By contrast, green bond certification and green credit eligibility determination
are confirmatory tasks whose decision rules require far greater transparency than predictive
accuracy [35]. Approximately 48.8% of causal ML primary studies include a traditional
econometrics secondary label; B4 + B1 and B2 + B3 are the most common co-occurrence
patterns; 26.24% of studies employ auxiliary methods, indicating that the field is adopting
a “predictive + causal” dual-track fusion approach in response to these dual demands.

5.1.3. Structural Absence of Behavioral Finance

The core issues of green finance (green premium formation mechanisms, investor
ESG preference heterogeneity, green credit demand elasticity, and carbon trading market
participant behavior), are fundamentally behavioral finance questions. Yet behavioral
research accounts for only 0.95% (n = 4), suggesting that behavioral experiments and survey
designs are infrequent in this field. In the broader green finance literature, these behavioral
questions are typically investigated through stated-preference surveys (e.g., eliciting in-
vestors’ willingness to pay for green assets) and laboratory experiments examining green
investment decisions under controlled conditions. These methods fall within the B7 (be-
havioral approaches) paradigm as defined in this framework, yet their near-absence in the
current corpus suggests that the digital technology dimension of green finance research has
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not yet integrated the behavioral paradigm that animates much of the broader sustainable
finance field [7,36].

5.1.4. Evidence Governance

Green finance regulation, faced with diverse regulatory tasks, requires different types
of empirical evidence: climate stress testing under NGFS scenarios demands forward-
looking predictive capability [33], EU Taxonomy alignment assessment requires confirma-
tory classification methods [37], TCFD-aligned disclosure evaluation requires standardized
reporting frameworks [38], and green bond certification requires confirmatory methods [35].
The “green finance–emission reduction nexus” identified through ML cannot serve directly
as causal evidence for policy intervention. The relatively low proportions of causal ML
(9.69%) and interpretability methods (4.73%) suggest that the current methodological
landscape may not be fully aligned with the diverse evidence demands of institutional
regulation [36,39,40].

5.2. Implications for Practice

For researchers, first, when selecting a methodology, one should begin by assess-
ing the characteristics of the data environment (structured/unstructured, dimensionality,
frequency), allowing data characteristics to drive method selection, rather than choos-
ing a method first and then fitting data to it. When confronting unstructured ESG text
or high-frequency sensor data, researchers should proactively employ methods capable
of handling high-dimensional nonlinearity rather than forcing the assumptions of tradi-
tional econometric frameworks. Predictive performance alone reflects only association
and cannot answer causal questions of policy relevance; researchers are advised to inte-
grate quasi-experimental or causal machine learning designs into predictive studies; for
example, combining high-dimensional learning models with double machine learning or
causal forests. This approach both leverages the flexibility afforded by massive digital
finance data [41,42] and enables precise estimation of heterogeneous treatment effects. We
recommend applying behavioral experimental designs (e.g., survey experiments, natural
experiments, field experiments) to green finance research to fill the behavioral foundation
gap in topics such as green premium formation mechanisms and investor ESG preference
heterogeneity. Greater attention to interpretability methods themselves may be warranted;
although this direction is currently dominated by dependent applications, it may still
represent a relatively underexplored avenue for future research. Researchers should also be
alert to how domain-specific measurement issues interact with method choice: for example,
B1 regression studies using ESG scores as explanatory variables face attenuation bias from
cross-provider rating divergence, while B2 predictive ML studies may inadvertently learn
rating-agency heuristics rather than underlying green performance (see Section 5.4 for
a fuller discussion of these data-quality constraints). Second, our analytical approach’s
inability to classify certain studies is itself an important finding. This partly reflects overly
abbreviated methodological descriptions that cannot be identified through titles, keywords,
and abstracts alone. As a constructive improvement, we recommend that researchers place
concise, standardized method descriptions in the title, keywords, or abstract rather than
only in the body text. Such concise reporting would make core research methods easily
retrievable and integrable in the literature. Transparent reporting is essential for ensur-
ing research reproducibility and for promoting knowledge accumulation in this rapidly
developing field [43].

For policymakers, first, the methodological source of research conclusions should
determine how they are applied. Predictive models provide evidence capable of identifying
patterns and supporting early warning and screening functions, but such evidence alone
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cannot prove the causal effects of green finance interventions. Conclusions intended to
justify policy adjustments should be based on research methods specifically designed for
causal identification (e.g., quasi-experimental methods or causal machine learning) rather
than relying solely on predictive accuracy [44,45]. Distinguishing between predictive and
causal evidence helps avoid attributing mere correlation to policy effectiveness. Second,
when algorithms inform consequential decisions (e.g., green credit scoring, climate risk
classification, or transition finance allocation), interpretability should be a regulatory
requirement rather than an optional add-on. Models deployed in such contexts should
reveal the key features influencing their outputs through interpretable design or post-hoc
explanation, thereby providing stakeholders with a basis for decision-making, enabling
regulators to check for bias, and ensuring that decisions are contestable [46]. Incorporating
interpretability into the green finance governance system can both enhance the efficiency of
data-driven decisions and satisfy the accountability mechanisms required for public-interest
decision-making. When designing green finance incentive policies, the actual behavioral
patterns of investors and enterprises (e.g., inertia, herding, myopia) should be considered
rather than relying solely on model-derived optimal policy pathways. When constructing
green finance data infrastructure (e.g., ESG databases, carbon trading data platforms), the
implications of data format and granularity for subsequent research methods should be
considered: structured, standardized data disclosure formats can lower the methodological
threshold for researchers.

5.3. A Case-Based Comparison of Identification Credibility

The technology application category (C) encompasses internally heterogeneous ap-
proaches whose regulatory implications differ substantially: blockchain smart contracts
(automating compliance and verification), IoT monitoring (real-time environmental data
collection), satellite remote sensing (verifying green project outcomes), and algorithmic
credit scoring (assessing green credit eligibility). While the current framework groups these
under a single category because they share the commonality of applying digital technology
without advancing a distinct methodological paradigm, their policy implications diverge.
For instance, the interpretability requirement for algorithmic credit scoring is far more
stringent than for satellite remote sensing, given the former’s direct impact on credit access.
Future research could subdivide C into monitoring technologies, transaction technologies,
and analytical technologies to better capture these differential regulatory implications.

This section illustrates how the automated classification system supports a second
analytical dimension: the examination of identification credibility, rather than validating
the classification system itself. The classification framework identifies the methodological
paradigm employed by a study, from which one can further ask: Do studies under different
paradigms exhibit systematic differences in evidence quality and robustness? To address
this question, this study draws on the concept of bias risk assessment from evidence-based
medicine and employs a four-dimensional robustness testing framework to conduct a
structured assessment of four representative studies selected through the classification
system, including placebo tests [P], alternative specification tests [A], subsample sensitivity
tests [S], and endogeneity/selection tests [E] (Table 7). The four selected studies are
drawn from the B1 (traditional econometrics) and B4 (causal machine learning) categories
to represent the robustness of research designs under both explanatory and predictive
paradigms. It should be clarified that components such as placebo tests and endogeneity
tests are integral parts of the specific studies’ identification strategies; this section assesses
the completeness of the “specific study samples filtered by the classification system” on
these identification strategies, not the validity of the classification system itself. The findings
are illustrative rather than inferential: based on only four studies, they serve as concrete
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examples of how studies selected by the classification system present patterns along the
evidence quality dimension, not as statistically generalizable conclusions about the field,
nor as validation of the classification system’s effectiveness.

Table 7. Structural assessment of identification credibility across representative B1 and B4 studies
(methodological efficacy probe).

Study [39] [40] [47] [48]

Category B1 B1 B4 B4

Research question

Impact of Carbon
Information

Disclosure Quality
on Green Bond
Financing Costs

Impact of Repeated
Green Bond Issuance
on Corporate Capital

Costs (Reputation
Effect)

Heterogeneous Causal
Effects of Green

Innovation on Tobin’s Q
and ROA

Causal Effects of Green
Finance Investment Intensity
on Entrepreneurship (NBR),

Employment (Em), and
Energy Transition/Just
Transition (ANE), and

Cross-City Heterogeneity

Core stimand ATE ATT CATE, HTE CATE, ATE

Identification
strategy

Fixed Effects Panel
Regression

(Two-way FE panel)

Difference-in-
Differences

Causal Forest (GRF,
Athey-Wager), Rubin

Framework +
Quasi-Natural Experiment

(2012 Green Credit
Guidelines)

Causal Forest (GRF), Selective
Observability Framework +

City/Year Fixed Effects

Key identifying
assumption Strict exogeneity Parallel trends

Unconfoundedness
(Conditional

Independence) + Overlap
(Figure 1 Propensity Score
η < e(x) < 1 − η, Common

Support Satisfied)

Unconfoundedness
(Conditional Independence) +
Overlap (Diagnostic Table 1
Confirms Common Support)

Confounding
treatment

Firm FE, Industry FE,
Low-dimensional

Covariates
(Leverage/Size, etc.)

Firm FE, Time FE,
Low-dimensional
Covariates (Bond

Characteristics,
Liquidity, etc.)

High-dimensional (15
covariates: Agency

Cost/Operating
Cost/State Owner-

ship/Leverage/Size,
Assets/Equity

Concentration, etc.)

Low-dimensional covariates
(~5: CRW, ATE, CDE/LCDE,

ANE) + City FE + Year FE
(Not high-dimensional)

Robustness

[P] ✗
✓ (Placebo/

Falsification Test) ✗ ✓ (Placebo/Falsification Test)

[A]
✓ (Alternative

Variable/Model
Specification)

✓ (Alternative
Variable/Model

Specification)

✓ (Alternative
Variable/Model

Specification)

✓ (Alternative
Variable/Model Specification)

[S]
✓

(Subsample/Outlier
Exclusion)

✓

(Subsample/Outlier
Exclusion)

✓ (Subsample/Outlier
Exclusion)

✓ (Subsample/Outlier
Exclusion)

[E] ✗

✓ Endogene-
ity/Selection Test:

IV)
✗ ✗

Heterogeneity No Yes Yes Yes

Score 2 5 2 4

Note: This four-study evaluation is illustrative, not inferential. With n = 4, Table 7 scores are worked examples, not
summary statistics. The purpose is to show that the taxonomy can support a second axis (identification credibility)
via the Cochrane checklist. This reinforces our central claim: credibility must be assessed study-by-study through
design, not inferred from a methodological label. A full-scale credibility assessment across the corpus is underway
as a separate study. Abbreviations used in this table are defined in the Abbreviations section at the end of
this article.

The evidence quality characteristics shown by the selected cases (Table 7) reveal the
following: First, the two B4 studies and two B1 studies display structural differences in
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handling heterogeneity: B4 causal forest analyses incorporate high-dimensional covari-
ates (e.g., one study includes fifteen firm-level characteristics and employs propensity
score overlap diagnostics), while B1 studies rely on low-dimensional covariates and strong
exogeneity or parallel trends assumptions. This case-level comparison suggests that,
among the selected studies, causal machine learning demonstrates superior capacity for
handling high-dimensional heterogeneity compared to traditional econometric methods,
an observation consistent with the existing consensus in the causal inference literature
regarding the advantages of high-dimensional controls [20,21]. Second, among the se-
lected cases, the completeness of identification strategies does not increase monotonically
with methodological novelty: the most comprehensive of the two B1 studies employed a
difference-in-differences design (covering all four components, score = 5); while the two
B4 studies, despite precisely capturing heterogeneity, neither implemented placebo tests
nor endogeneity/selection tests, exhibiting a consistent pattern in this sample of strong
diagnostic identification capability but weak self-falsification capability. These case ob-
servations further reinforce an important argument from the methodological literature: a
method’s capacity to address its core research challenge depends on whether it satisfies
the relevant identification assumptions [20,49], not on its methodological label; identifi-
cation credibility derives from the research design itself, not from technical novelty [45].
Accordingly, the method application distribution profile presented in this paper reflects
the frequency and structural distribution of methodological paradigms in the corpus; it
does not constitute a ranking of methodological quality, nor should it be used to infer that
one methodological category is inherently superior to another; the differences presented in
this section exist solely within the four-case sample, illustrating the analytical entry point
that the classification system provides for subsequent identification credibility analysis, not
serving as proof of the classification system’s own validity.

5.4. Limitations

This study has several limitations, which can be grouped into four broad categories.

(1) Subjectivity and discretization inherent in the classification system.

The classification framework rests on several researcher-determined design choices.
The priority bonus values and the weight matrix more broadly embed researcher judgment
about which method should be treated as primary; alternative weighting schemes are
examined in the sensitivity analysis (Section 4.2), and the weight matrix could benefit from
future supervised-learning calibration rather than purely judgment-based design. Convert-
ing a continuous methodological landscape into discrete categories also produces forced
boundary assignments for studies positioned at category breakpoints; this is an inherent
cost of discretization, and its practical magnitude is bounded by the sensitivity analysis,
where the maximum primary-category change rate across all perturbation scenarios was
10.6%. Relatedly, interpretability methods (B3) operate at a different epistemological level
from the other categories—addressing “why did the model produce this output” rather
than a substantive research question—yet are granted equal competitive standing to keep
studies with interpretability as their core contribution visible. Manual review found that all
six B3-primary articles in this corpus were in fact B1/B2 applications in which interpretabil-
ity served only as a validation step, indicating that frequency- and co-occurrence-based
matching cannot reliably separate “interpretability as validation” from “interpretability as
core contribution” for hierarchically dependent categories such as B3.

(2) Lexicon coverage and corpus scope.

Several limitations stem from the boundaries of the lexicon and the corpus. 11.35%
of studies (n = 48) could not be reliably classified: approximately 54% of these are non-
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empirical reviews or policy pieces whose exclusion introduces no bias into the empirical
distribution, while the remaining ~46% contain no lexicon-matched methodological terms
in their abstracts, which may lead to mild underestimation of certain categories. This
partly reflects the fact that classification relies solely on titles, keywords, and abstracts,
without full-text information, and that the term lexicon requires continuous iteration as
new methods emerge. The corpus is also restricted to the WoS Core Collection with a fixed
set of search terms (2018–April 2026), a choice that prioritizes precision and reproducibility
over exhaustive coverage; such omissions are expected to affect topic coverage more than
the relative distribution of methodological categories.

(3) Reliability validation design.

The reliability assessment has two design limitations. B3 and B7 are weak-reliability
categories: the 85-article simple random sample happened not to cover any article with
B3 as the primary label, and B7 had only 2 articles in the adjudication sample, making
category-level reliability metrics impossible to compute effectively—exposing a systematic
inadequacy of simple random sampling for rare categories such as B3 (6 articles) and B7
(4 articles); future research should adopt stratified sampling by methodological category
to ensure adequate coverage of rare categories. In addition, reliability was assessed on
primary labels only; inter-coder agreement and algorithm validity for secondary labels were
not separately evaluated. Because secondary labels are supplementary and do not drive the
main distributional findings, this does not affect the core conclusions, but future research
should extend reliability evaluation to the full multi-label assignment using metrics such
as subset accuracy or Hamming loss.

(4) Domain-specific data-quality challenges in green finance, external to the classification
framework.

Beyond the classification system itself, green finance research is subject to first-order
data-quality constraints independent of method choice. At the conceptual-definitional
level, no universally accepted definition of “green” exists—the EU Taxonomy, China’s
Green Bond Endorsed Projects Catalogue, and the Climate Bonds Standard apply divergent
eligibility criteria, limiting comparability across studies using different green-screening
frameworks [35,36]; and greenwashing detection, which requires textual analysis of dis-
closure divergence between claimed and actual environmental performance, still lacks a
validated lexicon for automated identification. At the measurement-error level, Scope 3
carbon emissions data—a key independent variable in many green finance studies—suffer
from estimation-based measurement error that may bias regression coefficients toward
attenuation, while ESG rating divergence across major providers (MSCI, Sustainalytics,
Refinitiv), with pairwise correlations as low as 0.38–0.71, introduces upstream measurement
error into any regression using ESG scores as explanatory variables [31]. These challenges
cannot be resolved by refining the classification system itself; they call for domain-specific
safeguards—multi-taxonomy robustness checks, greenwashing-aware textual controls, and
errors-in-variables corrections for Scope 3 and ESG measures—that lie outside the scope of
this study.

In conclusion, these limitations point to clear directions for future work: expanding the
lexicon to include full-text terms, testing additional weight configurations, incorporating
embedding- or LLM-assisted classification to reduce unclassified cases and refine boundary
decisions, adopting stratified sampling to improve reliability assessment for rare categories,
extending reliability evaluation to multi-label assignments, and developing domain-specific
measurement corrections for the data-quality challenges noted above—while preserving
the transparency and reproducibility that the current lexicon-based approach provides.
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6. Conclusions
6.1. Research Background and Questions

The intersection of green finance and digital technology has given rise to a rapidly
expanding body of empirical research, yet the methodological practices underpinning
this knowledge base have long lacked systematic assessment. Existing reviews have
adopted a topic-oriented organizing logic—synthesizing the literature around core themes,
technological dimensions, or practical challenges—without incorporating methodology
itself as an analytical dimension. Consequently, while the field can readily answer “what
has been studied,” it cannot yet answer “how research has been conducted” or whether the
methods employed are commensurate with the causal and explanatory claims being made.

This study addressed that gap by posing three research questions: What is the distribu-
tional pattern of methodological categories—traditional econometrics, predictive machine
learning, causal machine learning, financial econometrics, operations research/game the-
ory, interpretability methods, behavioral research, and technology application—across
the green finance–digital technology nexus? Can a lexicon-based multi-label automated
classification scheme reliably annotate the methodological approaches of the literature in
this field? What implications does this methodological landscape hold for researchers’
method selection practices, policymakers’ evidence-use standards, and the overall quality
of knowledge production in the field?

6.2. Research Methods

To address these gaps, this study designs a literature classification framework centered
on methodology, situating the methodological practices of the green finance–digital technol-
ogy domain within a two-dimensional framework defined by the epistemological objectives
(explanatory vs. predictive) and the technical toolkit (traditional econometrics vs. machine
learning), encompassing six methodological categories (B1–B6) plus two special categories:
technology application (C) and behavioral research (B7). On this basis, a lexicon-based
multi-label automated classification system is constructed, employing a 2 × 2 weight matrix
to quantify methodological evidence strength, with a priority bonus mechanism to resolve
ranking ties. Algorithmic validity is verified against a dual independent coding gold
standard (inter-coder κ = 0.93; algorithm vs. gold standard κ = 0.76, F1 = 0.79), and result
robustness is confirmed through weight sensitivity analysis (maximum OFAT change rate
7.6%; maximum combined extreme scenario 10.6%), culminating in a systematic scoping
review of 423 articles.

6.3. Key Findings

The automated classification results reveal: (1) Traditional econometrics dominates at
26.95%, indicating that the field still rests on classical regression analysis as its foundation.
(2) Predictive machine learning (17.26%) ranks second, reflecting the growing adoption of
data-driven approaches. (3) Causal machine learning accounts for 9.69%, indicating prelim-
inary establishment but with considerable room for application growth. (4) Interpretability
methods (B3) cover 20 studies (4.73%), of which 6 have B3 as the primary label, but upon
review all are ancillary components attached to predictive or causal models, indicating that
this field severely lacks methodological research with interpretability algorithms as the core
contribution. (5) Operations research/game theory (8.27%) slightly exceeds financial econo-
metrics (7.80%), constituting two mid-sized branches. (6) Technology application (16.31%)
has a relatively high share, reflecting that a considerable proportion of the literature in this
field contributes through technology application rather than methodological innovation,
with some articles using only extremely generic terms such as “analysis,” “approach,” and
“data” to describe their methods, whose methodological ambiguity affects reproducibility
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and evaluability to some extent. (7) Behavioral research (B7) accounts for only 0.95%,
revealing that micro-level behavioral mechanism research is virtually absent. (8) Over
one-quarter of studies (111 articles, 26.24%) employ at least one secondary methodological
approach, confirming that cross-methodological combination has become a non-negligible
practice pattern.

6.4. Theoretical Contributions

The contributions of this paper are as follows: First, it constructs the first methodology-
centered literature classification system for the green finance–digital technology domain,
proposing a two-dimensional framework, spanning the epistemological objectives and
the technical toolkit, that provides a conceptual foundation for mapping methodologi-
cal landscapes. Second, it designs and validates a lexicon-based multi-label automated
classification scheme featuring a configurable weight matrix, transparent priority mecha-
nism, and dual-validated reliability metrics, with reproducible, auditable, and extensible
characteristics. Third, through systematic methodological landscape mapping, it reveals
the data-environment-driven methodological transition, the rise of the causal–predictive
fusion paradigm, the structural absence of behavioral research, and the imbalance be-
tween methodological supply and institutional regulatory demands, providing a baseline
reference for tracking future methodological evolution.

6.5. Practical Implications

Based on the above findings, this paper offers recommendations at two levels: for
researchers and for policymakers.

For researchers: First, methodological selection should follow the data-characteristics-
driven principle: when facing unstructured ESG text or high-frequency sensor data, high-
dimensional nonlinear methods should be employed rather than traditional econometric
frameworks; second, quasi-experimental or causal machine learning designs should be
integrated into predictive research to balance flexibility with causal inference needs; third,
behavioral experimental designs should be introduced into green finance research to
fill the behavioral foundation gap; and fourth, transparent reporting practices should be
adopted, placing method descriptions in titles, keywords, or abstracts for easy identification
and integration.

For policymakers: First, the methodological source of research conclusions should
determine how they are applied, avoiding the conflation of correlation with policy effec-
tiveness; second, when algorithms inform consequential decisions such as green credit
scoring or climate risk classification, interpretability should be established as a regulatory
requirement; third, incentive policy design should incorporate actual behavioral patterns of
investors and enterprises; and fourth, data infrastructure construction should fully consider
the implications of data format and granularity for research methodology.

6.6. Limitations and Future Directions

This study has four main limitations. First, the classification system embeds researcher
judgment in its weight matrix rather than pure data-driven optimization, and discretization
forces boundary assignments (up to 10.6% category shift in sensitivity tests); interpretability
methods (B3) also sit at a different epistemological level yet compete equally with sub-
stantive categories, occasionally conflating validation use with core contribution. Second,
11.35% of studies remain unclassified due to lexicon gaps, and classification relies on titles,
keywords, and abstracts rather than full text, within a corpus restricted to WoS Core Col-
lection with fixed search terms. Third, random sampling failed to adequately cover rare
categories (B3, B7) for reliability testing, and validation covered primary labels only, not
multi-label assignments. Fourth, green finance research faces external data-quality chal-
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lenges independent of this framework, including inconsistent “green” definitions across
taxonomies, missing greenwashing-detection lexicons, and measurement error in Scope 3
emissions and divergent ESG ratings.

Future work should expand the lexicon, incorporate LLM-assisted classification, adopt
stratified sampling, extend reliability testing to multi-label assignments, and address
domain-specific measurement issues.

The sustainable development of green finance depends on high-quality empirical
evidence, not only requiring causal credibility of evidence but also demanding that the
methodological process generating such evidence be traceable and reproducible. The
methodological classification system constructed in this paper provides the field with a
framework tool for systematically organizing the literature, diagnosing the methodological
landscape, and guiding research practice. As it undergoes continuous iteration and deep
integration with human–machine collaborative intelligent annotation technologies, it can
evolve into infrastructure for research methodology governance.
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Abbreviations
The following abbreviations are used in this manuscript:

AB Abstract (WoS metadata field)
AI Artificial Intelligence
ANE Alternative and Nuclear Energy (energy-transition variable in study [38])
[A] Alternative Specification Test (robustness check type, Table 7)
ATE Average Treatment Effect
ATT Average Treatment Effect on the Treated
CATE Conditional Average Treatment Effect
CDE CO2 Emissions (environmental-pressure variable in study [38])
CI Confidence Interval
CRW Combustible Renewables and Waste (circular-economy variable in study [38])
DE Author Keywords (WoS metadata field)
DID Difference-in-Differences
DLT Distributed Ledger Technology
[E] Endogeneity/Selection Test (robustness check type, Table 7)
ECM Error Correction Model
Em Employment (outcome variable in study [38])
ES Expected Shortfall
ESG Environmental, Social, and Governance
EU European Union
FE Fixed Effects
GARCH Generalized Autoregressive Conditional Heteroskedasticity
GRF Generalized Random Forest
HTE Heterogeneous Treatment Effect
ID Keywords Plus (WoS metadata field)
IDF Inverse Document Frequency
IoT Internet of Things
IPCC Intergovernmental Panel on Climate Change
IV Instrumental Variable
LCA Life Cycle Assessment
LCDE Logged CO2 Emissions (carbon-efficiency proxy in study [38])
LIME Local Interpretable Model-agnostic Explanations
LLM Large Language Model
ML Machine Learning
NBR New Businesses Registered (entrepreneurship proxy variable in study [38])
NGFS Network for Greening the Financial System
OFAT One-Factor-At-A-Time
OLS Ordinary Least Squares
[P] Placebo/Falsification Test (robustness check type, Table 7)

PRISMA-ScR
Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension
for Scoping Reviews

ROA Return on Assets
[S] Subsample Sensitivity Test (robustness check type, Table 7)
SHAP SHapley Additive exPlanations
SVM Support Vector Machine
TCFD Task Force on Climate-related Financial Disclosures
TF-IDF Term Frequency-Inverse Document Frequency
TFS Term Frequency-Specificity
TI Title (WoS metadata field)
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TMLE Targeted Maximum Likelihood Estimation
Tobin’s Q Tobin’s Q Ratio
TS Topic Search
Unc Unclassified (residual category in the classification framework)
VaR Value at Risk
WoS Web of Science
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