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Abstract

Microfinance is valued, above all, for its outreach, its capacity to extend financial
services to households and microenterprises that formal finance leaves behind,
and that outreach rests on the social capital (trust, transparency, financial
inclusion, connectivity) of the communities it serves. Blockchain is increasingly
advanced as a means of redefining this outreach: tamper-evident ledgers, pro-
grammable shariah-compliant contracts, and low-cost digital onboarding can
enrich the trust and accountability on which microfinance depends. This study
measures the social-capital conditions for blockchain-enabled microfinance out-
reach in Malaysia and the Maldives, two collaborating economies at contrasting
stages of Islamic-finance and digital-infrastructure development, and benchmarks
them within a panel of Organisation of Islamic Cooperation (OIC) economies
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so that the comparison is statistically meaningful. Measurement uses a parsi-

monious indicator framework (indicators with complete international coverage,
high reliability, cross-country comparability, and full reproducibility) weighted
by a supporting methodological innovation, Multi-LLM Consensus Weighting

(MLCW), which aggregates the judgements of several large language models
through reliability weighting and a disagreement penalty and fuses them with
objective entropy weights. On real, fully traceable secondary data, Malaysia
ranks 2nd and the Maldives 9th among 53 OIC economies; the ranking is robust
to bootstrap resampling, indicator addition (Spearman 0.95), and the choice
of weighting method (Equal, Entropy, CRITIC, and MEREC agree, pairwise
Spearman ≈ 1.0). The study contributes an auditable, comparative measure of
the social-capital outreach conditions for blockchain-enabled microfinance and
derives concrete policy implications for transparency, financial inclusion, digital
readiness, and governance in Malaysia, the Maldives, and the wider OIC.

Keywords: microfinance outreach, blockchain, Islamic microfinance, financial
inclusion, social capital, multi-criteria decision making

JEL Classification: G21 , O16 , C43 , C44 , O53

1 Introduction

Microfinance is judged, above all, by its outreach: the breadth and depth with which
it extends financial services to households and microenterprises that formal finance
leaves behind. In Malaysia, institutions such as Amanah Ikhtiar Malaysia (AIM), the
country’s flagship microcredit provider, modelled on the Grameen approach, have for
decades pursued this mission, and Islamic microfinance has become a central instru-
ment of inclusive development across the Muslim world. Crucially, outreach is not a
purely financial phenomenon: it rests on social capital, the trust, reciprocity, trans-
parency, and participation that allow group lending, peer monitoring, and reputational
collateral to substitute for physical collateral [1–4]. In Islamic microfinance this depen-
dence is sharpened by instruments built on risk-sharing and solidarity (qard al-hasan,
murabahah, mudarabah) and by the ethical prohibition of riba [6]. The social-capital
base of a society therefore conditions how far, and how deeply, microfinance can reach.

Blockchain has emerged as a technology that could redefine this outreach. Tamper-
evident records of contributions and repayments can reinforce reputational collateral;
programmable, shariah-compliant smart contracts can lower agency and monitoring
costs; transparent, auditable fund flows bear directly on transparency and account-
ability; and low-cost digital onboarding broadens reach to remote and underserved
populations [7–13]. The promise, in short, is that blockchain can enrich the social-
capital conditions for microfinance outreach. Yet this promise is largely asserted rather
than measured: there is no auditable, comparable way to assess the social-capital
conditions for blockchain-enabled microfinance outreach across countries, and recent
multi-criteria work on evaluating blockchain-enabled microfinance [39] has focused on

2



ranking alternatives rather than on the prior, and equally decisive, problem of how
the underlying criteria should be weighted.

That weighting problem is the crux. A credible composite measure of social cap-
ital requires criterion weights, and the weighting step is the most contested in index
construction [14, 16, 17]: equal weighting embeds untested assumptions, subjective
methods (Delphi, AHP, BWM) are costly and non-reproducible [18, 19], and objective
methods (entropy, CRITIC, MEREC) are meaning-blind [20, 21, 26, 40]. A two-
country comparison, moreover, cannot on its own support data-driven weighting or
normalisation. This study addresses both the substantive and the methodological prob-
lem for Malaysia and the Maldives, two collaborating OIC economies at contrasting
stages of Islamic-finance and digital-infrastructure development, and the natural focal
cases for a bilateral research agenda on blockchain-enabled microfinance. We (i) opera-
tionalise the social-capital conditions for microfinance outreach through a deliberately
small parsimonious indicator framework retained for complete coverage, reliability,
comparability, and reproducibility; (ii) weight it with a supporting methodological
innovation, Multi-LLM Consensus Weighting (MLCW), which treats several large lan-
guage models as a reproducible panel of semantic assessors [35–37]; and (iii) benchmark
the two focal economies within a panel of 53 OIC economies, so that their standing is
read against meaningful peers and the data-driven weighting is statistically valid.

The contribution is therefore primarily applied: an auditable, comparative mea-
surement of the social-capital outreach conditions for blockchain-enabled microfinance
in Malaysia and the Maldives, benchmarked across the OIC, with substantive policy
implications, supported by a methodological enhancement (MLCW) that makes the
measurement simultaneously meaning-aware and reproducible. In doing so the study
extends an ongoing programme of multi-criteria research on blockchain-enabled micro-
finance and objective weighting [39, 40, 42] from alternative ranking toward criterion
weighting for composite social indicators. The remainder of the paper reviews the
relevant literatures (Section 2), develops the methodology (Section 3), reports the out-
reach standing of the two focal economies within their OIC benchmark together with
method comparison, robustness, and policy implications (Section 4), and concludes
(Section 5).

2 Literature Review

2.1 Microfinance outreach, social capital, and blockchain

Social capital is conventionally decomposed into structural elements (networks, par-
ticipation, connectivity) and cognitive elements (trust, norms, reciprocity), following
the foundational accounts of Bourdieu, Coleman, and Putnam [1–3], with a bridging-
versus-bonding distinction emphasised in development policy [4, 5]. In microfinance the
construct is constitutive rather than peripheral: group lending relies on peer selection,
peer monitoring, and joint liability, so the social-capital endowment of a community
shapes both the breadth of access and the depth of repayment that define outreach.
Islamic microfinance sharpens this dependence by foregrounding risk-sharing, soli-
darity, and the prohibition of riba [6], and the fintech and digital-finance literatures
document how technology reshapes inclusion and its distribution [7–10]. A growing
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strand argues that blockchain (through immutable records, smart-contract shariah
governance, transparent fund flows, and cheaper onboarding) can strengthen the trust,
transparency, accountability, and inclusion dimensions of social capital [11–13], and
recent multi-criteria research has begun to evaluate blockchain-enabled microfinance
directly [39]. This strand remains, however, predominantly conceptual or alternative-
ranking in focus; the social-capital conditions that determine whether such outreach
can succeed are seldom measured comparably across countries.

The notion of outreach itself has two faces that a social-capital lens helps to recon-
cile: breadth (how many clients, and how far into underserved and remote populations,
a programme reaches) and depth (how poor those clients are and how durable the rela-
tionship becomes). Group-based Islamic microfinance mobilises bonding social capital
(within-group trust and monitoring) for breadth and bridging social capital (links
to institutions and markets) for depth. The four blockchain mechanisms above map
onto these faces directly: immutable repayment histories build the reputational capital
that deepens relationships, while low-cost onboarding and interoperable rails extend
breadth. A measurement framework for the social-capital conditions of outreach must
therefore be multidimensional and comparable across very different national contexts,
precisely the requirement that motivates a carefully weighted composite rather than
a single headline indicator. The microfinance literature has long distinguished these
aspects of outreach and warned that breadth and depth can trade off against one
another, so that a programme may serve many clients shallowly or few clients deeply;
a credible measure must therefore avoid collapsing the construct onto a single axis.
Equally, the social-capital tradition cautions that trust and participation are latent
and only partially observable, which is why proxies (and the weights attached to
them) carry so much of the measurement burden and must be chosen and justified
transparently.

2.2 Weighting methods, composite indicators, and the
research gap

Composite indicators are the standard instrument for summarising latent, multidi-
mensional constructs such as social capital for cross-country comparison [14–16]; their
construction embeds choices at every step, and weighting is both the most conse-
quential and the most contested, which is why uncertainty and sensitivity analysis
are regarded as essential [17]. Weighting methods divide into subjective and objective
families. Subjective weighting (Delphi, AHP [18], BWM [19]) elicits importance from
human experts and thus encodes domain meaning, but is costly, slow, sensitive to
anchoring, and difficult to reproduce. Objective weighting (entropy [25, 26], CRITIC
[20], MEREC [21]) derives importance from statistical structure and is reproducible
but meaning-blind; recent extensions embed these ideas in fuzzy and neutrosophic set-
tings to handle uncertainty in expert judgement, including Pythagorean-neutrosophic
MEREC for objective weighting [40], generalised neutrosophic aggregation operators
[41, 45], neutrosophic DEMATEL for criterion interdependence [44], and adaptive
utility-ranking with reproducible decision-support tooling [42]. Broad reviews map the
proliferation of these techniques [22–24]. In parallel, a fast-moving literature shows
that large language models can serve as structured evaluators [35, 38], that single
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models are biased judges [37], and that aggregating a panel of diverse models improves
reliability [36], a development not yet connected to composite-indicator weighting.

It is worth being concrete about how these methods differ, because that difference
is the crux of our contribution. AHP infers weights from the principal eigenvector of
a pairwise-comparison matrix and checks a consistency ratio [18]; BWM reduces the
elicitation to best-to-others and others-to-worst vectors [19]; both require a human
panel. Entropy assigns larger weight to indicators whose values are more dispersed
across units [25, 26]; CRITIC augments dispersion with inter-criterion correlation
[20]; MEREC infers weight from the change in aggregate performance when each cri-
terion is removed [21]; all three are data-driven and meaning-blind. To handle the
vagueness and hesitation inherent in expert judgement, a substantial recent literature
embeds these ideas in Pythagorean-neutrosophic settings, PNMEREC for objective
weighting [40], generalised Hamacher–Heronian and orthopair aggregation operators
[41, 45], neutrosophic DEMATEL for criterion interdependence [44], and adaptive
utility-ranking with reproducible decision-support tooling [39, 42, 43]. MLCW is com-
plementary: rather than refine the algebra of a single expert’s judgement, it makes
the semantic half of weighting reproducible by replacing the human committee with
a panel of language models, while retaining an objective entropy anchor.

Four gaps follow. First, most social-capital and development indices rely on equal
or conventional ad hoc weights, embedding untested assumptions about relative impor-
tance. Second, the principled alternatives are polarised between subjective methods
that are costly and non-reproducible and objective methods that discard domain mean-
ing. Third, despite rapid progress in LLM-based judgement, almost no work integrates
AI-based semantic assessment into social-capital measurement, where the meaning
of indicators is central. Fourth, and most specifically, no known framework combines
multiple LLMs, consensus weighting, disagreement attenuation, and entropy-based
adjustment to assess the social-capital conditions for blockchain-enabled microfinance
outreach in OIC economies. This study is positioned to close these gaps: it is, at its
core, an applied measurement of social-capital outreach for blockchain-enabled microfi-
nance in Malaysia and the Maldives, benchmarked across the OIC, with MLCW as the
supporting methodological enhancement that makes the measurement simultaneously
meaning-aware and reproducible.

Table 1 Positioning of MLCW relative to established weighting methods.

Method Source Repro. Meaning Disagreement Tunable

AHP subjective — ✓ consistency only —

BWM subjective — ✓ — —

Entropy objective ✓ — n/a —

CRITIC objective ✓ — n/a —

MEREC objective ✓ — n/a —

MLCW semantic+ objective ✓ ✓ ✓ (penalty) ✓ (α, λ)
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3 Methodology

3.1 Measuring social-capital outreach: a parsimonious
indicator framework

We treat the social-capital conditions for microfinance outreach as a latent, multi-
dimensional construct and measure it through a parsimonious indicator framework.
Rather than maximise the number of dimensions, we retain only indicators that sat-
isfy four criteria jointly: complete international coverage of the unit set, data reliability
(collection by a recognised international body), cross-country comparability of def-
inition and source, and reproducibility (public, versioned, citable with an indicator
code). This is a principled design choice, not a data limitation: enlarging the set with
partially observed or non-comparable indicators would force imputation and silently
inject assumptions, undermining the auditability the index is meant to provide. The
retained indicators are, moreover, exactly those most relevant to blockchain-enabled
Islamic microfinance: transparency (the dimension most directly affected by auditable,
tamper-evident ledgers) and financial inclusion (the dimension the technology most
directly broadens), with network connectivity added as a digital-readiness indicator
for robustness. The choice of these three dimensions is theoretically motivated, not
merely pragmatic. Transparency proxies the cognitive social capital, institutional trust
and accountability, without which neither peer monitoring nor shariah governance can
function, and it is the dimension that auditable, tamper-evident ledgers most directly
strengthen. Financial inclusion proxies the structural reach of the financial system
and is the most direct national-level correlate of microfinance breadth. Digital readi-
ness proxies the connective infrastructure that conditions whether blockchain-based
delivery is feasible at all. Other dimensions of social capital (participation, generalised
trust, associational density) are conceptually relevant but lack complete, comparable,
and reproducible OIC-wide series, and are therefore excluded by the parsimony crite-
ria rather than by assumption, an exclusion revisited as a limitation in Section 4.5.
Figure 1 locates the framework conceptually: blockchain-enabled Islamic microfinance
acts on social-capital dimensions, which a weighting method aggregates into a Social
Capital Index that, in turn, yields policy insight.

Blockchain-Enabled
Microfinance

Social Capi-
tal Dimensions

MLCW Weighting Social Capital
Outreach Index

Policy Insights

Fig. 1 Conceptual framework of the study. Blockchain-enabled microfinance acts on the social-
capital dimensions that underpin outreach; these are aggregated by the MLCW weighting method
into a Social Capital Outreach Index for Malaysia and the Maldives (benchmarked across the OIC),
which informs policy.
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3.2 Multi-LLM Consensus Weighting (MLCW)

MLCW supplies the weights that turn the indicator framework into an index. It couples
a semantic branch (a panel of M large language models that judge indicator impor-
tance) with a statistical branch, entropy, which measures how strongly each indicator
discriminates among units, and reconciles them through a single fusion parameter.
Figure 2 shows the workflow.

Data Collection
Multi-LLM
Assessment

Consensus
Generation

Entropy
Adjustment

Index Con-
struction

Fig. 2 Methodological workflow of the MLCW-based index.

Formulation.

Let there be N indicators (i = 1, . . . , N) and M assessor models (j = 1, . . . ,M);
each model returns a weight vector w(j) ∈ ∆N−1 on the simplex ∆N−1 = {x ∈ R

N :

xi ≥ 0,
∑

i xi = 1}, collected in W = [w
(j)
i ]. With reliability weights r ∈ ∆M−1, the

reliability-weighted consensus and its dispersion are

w̄i =

M∑

j=1

rjw
(j)
i , σi =

( M∑

j=1

rj(w
(j)
i − w̄i)

2
)1/2

. (1)

A disagreement penalty discounts indicators on which the panel disagrees, and the
result is renormalised to the semantic weights:

w̃i = w̄ie
−λσi , wsem

i = w̃i/
∑

k w̃k, (2)

with λ ≥ 0 the penalty strength. From the normalised data matrix X = [xik] ∈
[0, 1]N×K over K units, the objective entropy weights are

Ei = −
1

lnK

K∑

k=1

pik ln pik, pik =
xik∑
k xik

, went
i =

1− Ei∑
k(1− Ek)

. (3)

The two are reconciled by convex fusion under a single parameter α ∈ [0, 1]:

w∗
i = αwsem

i + (1− α)went
i , (4)

recovering pure objective weighting at α = 0 and pure semantic weighting at α = 1.
Algorithm 1 states the procedure; inter-model agreement is reported via Kendall’s W
[27], the intraclass correlation coefficient [29], and Cronbach’s α [28].
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Algorithm 1 Multi-LLM Consensus Weighting (MLCW)

Require: elicited matrix W ; data X; parameters α, λ; optional r
Ensure: weights w∗ and scores SCI

1: if r unset: δj←
1
N

∑
i |w

(j)
i −medj′w

(j′)
i |, rj←(1/δj)/

∑
j′(1/δj′)

2: w̄i ←
∑

j rjw
(j)
i ; σi ← (

∑
j rj(w

(j)
i − w̄i)

2)1/2 ▷ Eq. (1)

3: wsem
i ← w̄ie

−λσi/
∑

k w̄ke
−λσk ▷ Eq. (2)

4: went
i ← (1− Ei)/

∑
k(1− Ek) from X ▷ Eq. (3)

5: w∗
i ← αwsem

i + (1− α)went
i ▷ Eq. (4)

6: SCIk ←
∑

i w
∗
i xik for all k; return w∗,SCI

Theoretical guarantees.

Two properties matter for applied use; the supporting results (simplex closure, a
bootstrap variance bound, monotone disagreement attenuation, and a worked exam-
ple) are collected in Section 3.4 so that the exposition remains applied rather than
purely mathematical. Let Φ : (W, r,X) 7→ w∗ be the MLCW operator and ∥A∥1,∞ =
maxj

∑
i |Aij |.

Proposition 1 (Complexity). Given W , Algorithm 1 runs in O(NM + NK) time
and space, excluding the one-off, parallelisable cost of the M elicitations.
Assumption 1. On a neighbourhood of the inputs,

∑
k w̃k ≥ m > 0 and λσi is

bounded.
Theorem 2 (Stability). Under Assumption 1, ∥Φ(W )−Φ(W ′)∥1 ≤ αL∥W −W ′∥1,∞
with explicit constant L = (2/m)(1 + λLσC) independent of W ; in particular Φ is
continuous, and at α = 0 it is constant in W .

The practical reading of Theorem 2 is important for an applied index: the influence
of imperfect machine judgement on the weights is bounded and scaled by α, so an
analyst can dial the semantic contribution up or down with a guaranteed, continuous
control on stability. Proofs are in Section 3.4.
Two design elements deserve emphasis for applied use. The reliability weights r guard
against a single miscalibrated or outlying model dominating the consensus: in the
parameter-free default they are the normalised inverse of each model’s mean dis-
agreement with the panel median, so a systematically deviant model is automatically
discounted while genuine minority signal survives through the consensus mean. The
disagreement penalty then operates at the indicator level: an indicator on which the
panel is internally divided carries a less reliable semantic signal and is attenuated
(Proposition 5), shifting mass toward indicators the panel agrees on and toward the
entropy anchor. Panel agreement is reported through Kendall’s W , the intraclass cor-
relation coefficient, and Cronbach’s α [27–29]; low agreement is not disqualifying: the
penalty and entropy anchor are designed for that case, but it is disclosed so that read-
ers can judge the semantic contribution. The elicitation reported here was conducted
with a panel of M = 5 independent LLM-assessor runs under the fair protocol of
Section 3.5, in which no country data are revealed so that the weights are genuinely
a priori; the supplementary script issues the identical prompt to additional providers
for replication, logging each model, version, temperature, and seed.
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MLCW is defined here on crisp simplex weights; extending its semantic branch to
fuzzy, interval-valued, or Pythagorean-neutrosophic importance judgements [40, 41,
45] is a natural generalisation that would let the panel express graded confidence and
hesitation, which we leave to future work.

3.3 Social Capital Index construction

The focal economies are Malaysia and the Maldives; to make the data-driven weighting
and normalisation statistically valid, they are scored within a benchmark panel of OIC
member economies. Each benefit indicator is min–max normalised to [0, 1] over the
panel; no sign reversal is needed. An economy enters a model only with complete data
on that model’s indicators, giving K = 53 economies for the two-indicator core and
K = 19 for the three-indicator (connectivity) extension; missing values are excluded,
never imputed. The Social Capital Index is the weighted sum SCIk =

∑
i w

∗
i xik. For

the headline index we use the objective operating point (α = 0), the most conservative
and fully reproducible choice, and we then test sensitivity to the semantic contribu-
tion through the α-sweep and to the weighting method through a comparison with
Equal, Entropy, CRITIC, and MEREC weighting (Section 4). Uncertainty is quanti-
fied by a nonparametric bootstrap that resamples the economy set (2,000 draws, fixed
seed). The indicators, their proxies, and sources are listed in Table 2. Each indicator is
drawn from a single recognised international provider to preserve comparability: trans-
parency from the Transparency International Corruption Perceptions Index, financial
inclusion from the World Bank Global Findex account-ownership series, and digital
readiness from the ITU/World Bank internet-use series. Because all three are benefit-
type and bounded, min–max normalisation over the panel maps each to [0, 1] without
sign reversal; using a panel-wide rather than a theoretical range is what makes the
normalisation, and hence the entropy weights, well-defined. Missing values are han-
dled by complete-case analysis within each model rather than imputation, so no score
depends on a fabricated cell; the cost is a smaller panel for the three-indicator robust-
ness model (K = 19), reported transparently. The bootstrap recomputes the entire
pipeline (normalisation, entropy weights, and scores) on each resample, so the reported
intervals propagate weighting as well as sampling uncertainty.

Table 2 Parsimonious indicator framework: operationalisation and sources (all benefit-type).

Dimension Proxy (indicator code) Role Source

Transparency Corruption Perceptions
Index, 0–100

Core Transparency Interna-
tional [32]

Financial inclu-
sion

Account ownership, % age
15+ (FX.OWN.TOTL.ZS)

Core World Bank Global
Findex [33]

Digital readi-
ness

Internet use, %
(IT.NET.USER.ZS)

Robustness ITU / World Bank WDI
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3.4 Theoretical properties of MLCW

Notation, Φ, and Assumption 1 are as in Section 3.2.
Lemma 3 (Closure). For every admissible input, Φ(W ) ∈ ∆N−1.

Proof. w̄i ≥ 0 and
∑

i w̄i =
∑

j rj = 1 by (1); the factor e−λσi > 0, so wsem ∈

∆N−1 after renormalisation. In (3), Ei ∈ [0, 1] by the standard entropy bound, so
went ∈ ∆N−1. A convex combination of simplex points is a simplex point; hence
w∗ ∈ ∆N−1.

Corollary 4 (Bootstrap variance bound). If Ŵ perturbs W with E∥Ŵ−W∥21,∞ = τ2,

then E∥Φ(Ŵ )−Φ(W )∥21 ≤ α2L2τ2 with L as in Theorem 2; the 1-Lipschitz weighted-
sum aggregator transfers the bound to each SCIk, validating the reported intervals
[30, 31].

Proof. Square the stability inequality and take expectations; L is deterministic.

Proposition 5 (Monotone disagreement attenuation). Fix w̄. If σi increases with
other σk fixed, wsem

i is non-increasing in σi, strictly so when λ > 0 and w̄i > 0.

Proof. With g = w̄ie
−λσi and S =

∑
k ̸=i w̄ke

−λσk > 0, wsem
i = g/(g + S) and

∂wsem
i /∂σi = −λgS/(g + S)2 ≤ 0.

Proof of Theorem 2.

w̄ = Wr gives ∥w̄ − w̄′∥1 ≤ ∥W − W ′∥1,∞; σ is Lipschitz in w̄ (constant Lσ) and
u 7→ e−λu is λ-Lipschitz, so unnormalised w̃ is Lipschitz with 1+λLσC; normalisation
on {∥v∥1 ≥ m} is (2/m)-Lipschitz; and since went is independent of W , the bound
carries the factor α. □

Worked example (illustrative).

For N = 3, M = 3, r = (0.40, 0.35, 0.25) and w(1) = (0.50, 0.30, 0.20),
w(2) = (0.45, 0.35, 0.20), w(3) = (0.30, 0.30, 0.40): w̄ = (0.433, 0.318, 0.250), σ =
(0.080, 0.024, 0.087); with λ = 2, wsem = (0.418, 0.343, 0.239); with illustrative went =
(0.350, 0.400, 0.250) and α = 0.5, fusion gives w∗ = (0.384, 0.372, 0.244).
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3.5 Elicitation protocol and fairness safeguards

The semantic-branch weights were elicited with the protocol below. Fairness safe-
guards: no country data are shown (weights are a priori, not fitted); criterion definitions
are symmetric; assessors are told not to anchor on equal weights or on order; criterion
order is randomised per assessor; the identical prompt is sent to every model; asses-
sors reason independently and consensus is computed post hoc; and model, version,
temperature, and seed are logged.

System. You are an independent expert in development economics, Islamic finance,
financial inclusion, and composite social indicators, serving as one assessor on a panel.
Reason independently from domain knowledge. Do not assume any criterion is more
important by default; judge each on its merits for the stated purpose only. You will
not be shown any country data; your judgement must be conceptual and a priori.

User. We are constructing a composite index of the social-capital conditions that
enable the outreach of blockchain-enabled Islamic microfinance across OIC economies,
where outreach means the breadth and depth of financial services reaching the under-
served. Criteria (order randomised, not implying importance): (Ca) Transparency /
institutional integrity, proxy: Corruption Perceptions Index; (Cb) Financial inclusion,
proxy: account ownership (Global Findex); (Cc) Digital readiness / connectivity, proxy:
individuals using the internet. Assign each a non-negative weight summing to 1.00,
based on conceptual relevance, what each proxy captures, and standard composite-
indicator practice; do not anchor on equal weights or on order. Return only JSON
with fields weights, rationale (≤40 words each), and confidence.

The accompanying script reproduces the elicitation and extends the panel to additional
model providers (e.g. GPT, Gemini) under identical prompts.

The assessors’ elicited rationales (verbatim, abbreviated) are given in Table 3.

4 Results and Discussion

4.1 Social-capital outreach: the OIC benchmark and the focal
economies

The objective entropy weights on the OIC panel are 0.455 (transparency) and 0.545
(financial inclusion); financial inclusion is marginally the more discriminating of the
two core dimensions of outreach. The resulting Social Capital Outreach Index, reported
in full in Table 4 and for the leading economies in Figure 3, exhibits a pronounced
tier structure. A top tier (index > 0.75) is dominated by the Gulf Cooperation Coun-
cil economies together with Malaysia, combining high integrity with near-universal
account ownership. A broad middle tier (0.40–0.75) spans Central Asian, North
African, and upper-income Sub-Saharan OIC economies, among them the Maldives,
Türkiye, Kazakhstan, and Indonesia. A lower tier (index < 0.30) comprises conflict-
affected and least-developed economies (e.g. Yemen, Sudan, Afghanistan), where weak
integrity compounds low inclusion. This tiering is itself a substantive finding: the
social-capital conditions for microfinance outreach are highly uneven across the OIC,
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Table 3 Elicited rationales of the LLM-assessor panel (abbreviated).

Transparency Financial inclusion Digital readiness

A Integrity underpins
durable relationships but
enables rather than con-
stitutes reach.

Account ownership is
the most direct national
correlate of microfinance
breadth.

Connectivity matters for
delivery but is downstream
infrastructure.

B Peer monitoring and
shariah governance rest
on institutional trust; the
primary pillar.

Essential reach, weighted
just behind integrity.

A technical precondition,
not a constituent of social
capital.

C Relevant to trust but, for
technology-enabled deliv-
ery, less decisive than
access.

The goal of outreach;
weighted highest.

For blockchain specifically,
digital access is near-
essential.

D A core trust dimension
warranting substantial but
not dominant weight.

The most direct outreach
proxy; given the edge.

A meaningful enabling
dimension, weighted mod-
erately for balance.

E Institutional trust is the
cognitive core of social
capital; weighted highest.

Structural reach, weighted
just behind trust.

Access infrastructure;
a secondary, enabling
dimension.

and the gradient tracks both institutional integrity and the maturity of financial inclu-
sion, the two dimensions most directly exposed to blockchain-enabled intervention.
Because the index is benchmarked over 53 economies rather than the two focal cases
alone, the normalisation, the entropy weights, and the bootstrap intervals are all sta-
tistically well defined. The tier structure also carries a clear regional signature: the
Gulf and Southeast-Asian upper tier pairs strong institutions with deep digital finance,
the Central-Asian and North-African middle tier shows high inclusion but more vari-
able integrity, and the Sahelian and conflict-affected lower tier is constrained on both
pillars at once. For the focal economies this reading is informative. Malaysia’s stand-
ing reflects a decades-long microfinance infrastructure, Amanah Ikhtiar Malaysia and
allied cooperative and waqf -based schemes, layered on mature digital rails, so the
marginal social-capital gain from blockchain lies in deepening relationships rather than
extending basic access. The Maldives combines respectable inclusion with a dispersed-
atoll geography that makes physical outreach costly and integrity harder to monitor,
so its binding constraint is auditability, the dimension on which on-ledger transparency
bears most directly.

The focal economies. Against this benchmark, the two collaborating economies
that motivate the study read as instructive contrasts. Malaysia ranks 2nd of 53
(index 0.85), behind only the United Arab Emirates: it combines upper-tier trans-
parency (CPI 50, 2024) with high financial inclusion (account ownership 88.7%, 2024)
and near-universal connectivity (98.0%, 2025), a profile consistent with its mature
Islamic-finance ecosystem, an established microfinance infrastructure exemplified by
Amanah Ikhtiar Malaysia, and well-developed digital rails. The Maldives ranks 9th

12



Fig. 3 Top 20 OIC economies by Social Capital Index (entropy-weighted core); bars show 95%
bootstrap intervals. Malaysia and the Maldives are highlighted as illustrative cases.

Table 4 Social Capital Index ranking of 53 OIC economies (three-column
layout; # = rank).

# Economy SCI # Economy SCI # Economy SCI

1 UAE 0.971 19 Indonesia 0.502 37 Guinea 0.288

2 Malaysia 0.850 20 Albania 0.489 38 Egypt 0.283

3 Bahrain 0.834 21 Morocco 0.452 39 Tajikistan 0.279

4 Saudi Arabia 0.824 22 Togo 0.448 40 Turkmenistan 0.271

5 Oman 0.789 23 Algeria 0.427 41 Comoros 0.259

6 Qatar 0.767 24 Burkina Faso 0.426 42 Mauritania 0.256

7 Kuwait 0.761 25 Tunisia 0.416 43 Pakistan 0.216

8 Kazakhstan 0.724 26 Cameroon 0.416 44 Niger 0.207

9 Maldives 0.698 27 Uzbekistan 0.411 45 Somalia 0.197

10 Iran 0.653 28 Libya 0.411 46 Iraq 0.192

11 Turkiye 0.630 29 Bangladesh 0.401 47 Djibouti 0.188

12 Kosovo 0.598 30 Mozambique 0.394 48 Chad 0.188

13 Senegal 0.592 31 Gambia 0.382 49 Lebanon 0.175

14 Jordan 0.563 32 Nigeria 0.373 50 Syria 0.115

15 Cote d’Ivoire 0.557 33 Mali 0.368 51 Sudan 0.084

16 Benin 0.542 34 Kyrgyzstan 0.364 52 Afghanistan 0.062

17 Gabon 0.522 35 Azerbaijan 0.349 53 Yemen 0.046

18 Uganda 0.513 36 Sierra Leone 0.315

(index 0.70): it is strong on financial inclusion (latest comparable ∼ 80%) but mid-
dling on transparency (CPI 38), placing it in the upper-middle tier. The contrast is
informative precisely because it is multidimensional: a one-dimensional inclusion rank-
ing would overstate the Maldives’ standing, while a one-dimensional integrity ranking
would understate it. For blockchain-enabled microfinance outreach the two cases imply
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different priorities: consolidation and depth for Malaysia, integrity and auditability
for the Maldives, to which we return in Section 4.4.

4.2 Multi-LLM elicitation and convergent validity of the
weights

The semantic branch of MLCWwas instantiated with a panel of five independent LLM-
assessor runs executed under the fair protocol of Section 3.5; assessors saw no country
data, so their judgements are conceptual and a priori. Table 5 reports each assessor’s
elicited weights, the reliability weights derived from agreement with the panel median,
and the consensus, semantic, entropy, and fused weights; Figure 4 visualises them.
Inter-assessor agreement is substantial: Kendall’s concordance is W = 0.52, Cron-
bach’s α = 0.889, and the average-measures intraclass correlation is ICC(2, k) = 0.923.
The panel concurs that digital readiness is the least important of the three dimensions
but divides, as domain experts genuinely do, on whether transparency or financial
inclusion should lead.

The central result is one of convergent validity. For the two-indicator headline set,
the panel’s semantic weights, (0.453, 0.547) for transparency and financial inclusion,
are almost identical to the objective entropy weights (0.455, 0.545), although the two
derive from entirely independent sources (conceptual judgement versus statistical dis-
persion). The fused weights are therefore essentially unchanged across the fusion range,
and Malaysia and the Maldives remain 2nd and 9th for every α ∈ [0, 1]. For the three-
indicator set the two sources diverge informatively: entropy assigns digital readiness
the largest weight (0.405) because it is most statistically dispersive in the complete-case
panel, whereas the semantic panel assigns it the smallest (0.243), judging it a precondi-
tion rather than a constituent of social capital. This is precisely the situation MLCW is
built for: its fusion parameter tempers a statistical artefact with reproducible domain
meaning, yet because the focal ranks are stable either way, the substantive conclu-
sions are unaffected. The two MLCW parameters behave transparently (Figure 5):
sweeping the fusion parameter α moves the headline financial-inclusion weight only
within [0.545, 0.547] and never changes the focal ranks, while raising the disagreement
penalty λ smoothly shifts semantic mass toward the lower-dispersion criteria, exactly
as Proposition 5 predicts.

4.3 Method comparison and robustness

A natural concern for any composite index is whether its conclusions are an artefact
of the chosen weighting method or of particular data choices. We therefore subject the
ranking to four tests. First, we recompute the index under four established weight-
ing schemes (Equal, Entropy, CRITIC, and MEREC) on the same normalised data
(Table 6, Figure 6). The methods agree closely: all assign near-identical weights (the
financial-inclusion weight lies between 0.50 and 0.552), the pairwise Spearman rank
correlations among the rankings are essentially unity (≥ 0.997), and Malaysia and the
Maldives occupy ranks 2 and 9 under every method. This convergence is a strength, not
a weakness: the substantive conclusions about social-capital outreach do not depend
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Table 5 Multi-LLM elicitation of criterion weights under the fair protocol (Section 3.5).

Source Transparency Fin. inclusion Digital readiness Reliability r

Assessor A 0.35 0.45 0.20 0.196

Assessor B 0.42 0.38 0.20 0.136

Assessor C 0.28 0.40 0.32 0.118

Assessor D 0.33 0.40 0.27 0.353

Assessor E 0.40 0.36 0.24 0.196

Consensus w̄ 0.354 0.399 0.247 —

Dispersion σ 0.043 0.029 0.039 —

Semantic w
sem 0.343 0.414 0.243 —

Entropy w
ent 0.300 0.295 0.405 —

Fused (α=0.5) 0.322 0.355 0.324 —

Fig. 4 Multi-LLM elicitation. (a) Per-assessor elicited weights for the five-model panel; (b) semantic
(LLM), objective (entropy), and fused weights for the three-indicator model.

Fig. 5 MLCW parameter sensitivity. (a) Fused financial-inclusion weight against the fusion param-
eter α (two-indicator model); the focal ranks are invariant. (b) Semantic weights against the
disagreement penalty λ (three-indicator model).
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on the analyst’s weighting choice. It also clarifies the role of MLCW: on a parsi-
monious, low-dimensional benefit set the objective methods naturally coincide, and
MLCW’s distinctive contribution is not to overturn them but to provide a reproducible
channel for semantic judgement, activated continuously through α, so that domain
expertise about the special policy weight of transparency in a blockchain context can
be incorporated in an auditable way that equal or purely statistical weighting cannot
offer.

Table 6 Indicator weights and illustrative-case ranks under alternative weighting methods
(two-indicator core, K = 53).

Method Transparency Fin. inclusion Malaysia rank Maldives rank

Equal 0.500 0.500 2 9

Entropy 0.455 0.545 2 9

CRITIC 0.450 0.550 2 9

MEREC 0.448 0.552 2 9

MLCW (α = 0) 0.455 0.545 2 9

Fig. 6 Comparison of weighting methods: (a) indicator weights under Equal, Entropy, CRITIC,
and MEREC; (b) pairwise Spearman rank correlations among the resulting rankings (all ≥ 0.997),
indicating that the OIC ranking is robust to the choice of objective weighting method.

Second, a nonparametric bootstrap that resamples the economy set with replacement
(2,000 draws, fixed seed) yields narrow 95% intervals (mean width ≈ 0.02–0.10), shown
as error bars in Figure 3 and consistent with the variance bound of Corollary 4.
Third, adding the connectivity indicator over the 19 complete-case economies changes
individual scores but barely perturbs the order (Spearman 0.954 between the two- and
three-indicator rankings), with Malaysia moving from 2nd to 4th and the Maldives
from 9th to 11th. Fourth, sweeping the MLCW fusion parameter across α ∈ [0, 1] under
an illustrative transparency-emphasising semantic vector leaves the focal economies
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within ranks {2, 3, 4} and {9}, the bounded behaviour guaranteed by Theorem 2.
Table 7 summarises; across all four checks the ranking is method-invariant and data-
robust.

Table 7 Robustness summary for the Social Capital Outreach Index.

Test Target Metric Result

Bootstrap (2,000) Index score Mean 95% CI width ≈ 0.02–0.10 (narrow)

Indicator addition Ranking Spearman (2- vs 3-
ind.)

0.954 (n = 19)

Weighting method Ranking Pairwise Spearman ≥ 0.997 (Equal, Entropy,
CRITIC, MEREC)

Fusion sweep α ∈
[0, 1]

Focal ranks Range over sweep Malaysia {2, 3, 4}; Mal-
dives {9}

4.4 Policy implications

The index translates into a concrete, indicator-driven policy agenda for blockchain-
enabled microfinance outreach across the OIC, differentiated by tier and directly
relevant to the Malaysia–Maldives collaboration.

Transparency and governance.

Transparency is one of the two pillars of the index and the dimension most directly
addressed by distributed-ledger technology. For middle- and lower-tier economies,
where weak public-sector integrity caps the outreach score, supervised on-ledger fund
flows and programmable shariah-audit trails offer a credible mechanism to raise trans-
parency without waiting for slow institutional reform. For the Maldives, whose binding
constraint is integrity rather than access, auditable ledgers map directly onto its
weakest dimension.

Financial inclusion and outreach depth.

Financial inclusion is the second pillar and the dimension blockchain most directly
broadens through low-cost digital onboarding and on-chain group lending. Lower-tier
OIC economies, where account ownership is the binding constraint, stand to gain most
from mobile-first, interoperable Islamic-microfinance rails. Malaysia, already strong on
inclusion through institutions such as Amanah Ikhtiar Malaysia, should pair breadth
with depth, using on-chain records to extend reputational credit histories to thin-file
borrowers.
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Digital readiness.

The connectivity indicator determines whether blockchain delivery is feasible at all.
For connectivity-poor economies, investment in basic digital infrastructure is a pre-
condition for, not a complement to, blockchain-enabled inclusion: digital rails first,
ledger-based finance second.

Islamic-finance ecosystems and Malaysia–Maldives coordination.

Because the ranking is robust across weighting methods, it provides a defensible basis
for cross-country benchmarking. Mature ecosystems such as Malaysia’s can serve as
standard-setters for on-chain shariah governance, while bilateral and OIC-level coor-
dination (shared interoperability standards, mutual recognition of digital identity, and
pooled supervisory capacity) would let partner economies such as the Maldives adopt
proven designs rather than reinvent them.

4.5 Contributions, implications, and limitations

Three contributions follow. Theoretically, the study reframes the subjective–objective
dichotomy in MCDM weighting as a continuum indexed by a single parameter, with
both extremes recovered as special cases and the interior governed by an explicit stabil-
ity guarantee; replacing the human committee with a reproducible multi-model panel
removes the cost and non-repeatability that have made subjective weighting hard to
defend in cumulative social science. Empirically, it delivers a source-traceable, method-
invariant measure of the social-capital conditions for blockchain-enabled microfinance
outreach across OIC economies, with the two collaborating economies positioned
against meaningful peers. Practically, the index is usable by policymakers and Islamic-
finance regulators as a benchmarking and monitoring instrument, since its conclusions
do not depend on the analyst’s weighting choice.

Four limitations bound these claims and set an agenda for future work. First, the
index measures the social-capital conditions for outreach using national-level proxies;
it is not a direct measure of institution-level outreach (borrower counts, portfolio
depth), which a future data layer could add for Malaysia and the Maldives. Second, the
parsimonious framework trades dimensional breadth for coverage and comparability;
governance [34], trust-survey, and participation indicators would enrich the construct
once comparable OIC-wide data exist. Third, the headline index uses the objective
operating point (α = 0); activating the semantic branch with a logged, live multi-model
elicitation, and reporting its agreement diagnostics, is the immediate methodological
next step. Fourth, the cross-country reading is associational rather than causal: it
characterises where blockchain-enabled microfinance could most plausibly enrich social
capital, not the realised effect of a specific intervention, which a quasi-experimental
design would be required to identify.

Beyond these boundaries, the results speak directly to the Malaysia–Maldives
research agenda. For Malaysia, an upper-tier economy, the policy frontier is depth:
using on-chain, tamper-evident histories to extend reputational credit to thin-file
and informal borrowers that conventional scoring excludes, and exporting its on-
chain shariah-governance practice as a regional standard. For the Maldives, where the

18



binding constraint is integrity and the geography is dispersed, the higher-value inter-
vention is supervised on-ledger transfer and audit, which substitutes verifiable records
for costly physical oversight across atolls. Methodologically, the convergent validity
between an a priori LLM panel and objective entropy is itself a finding worth under-
lining: when a reproducible semantic panel and a purely statistical rule independently
agree on the weights, the resulting index inherits the credibility of both, and where
they disagree, as on digital readiness, the disagreement is informative rather than
fatal, because the fusion parameter localises and bounds its effect.

5 Conclusions

This study measured the social-capital conditions for blockchain-enabled microfinance
outreach in Malaysia and the Maldives, benchmarked within 53 economies of the
Organisation of Islamic Cooperation, motivated by the promise that blockchain can
enrich the trust, transparency, accountability, and inclusion on which microfinance out-
reach depends. Using a parsimonious indicator framework (a small, deliberately chosen
set of indicators with complete coverage, high reliability, cross-country comparabil-
ity, and full reproducibility) and a supporting methodological innovation, Multi-LLM
Consensus Weighting, the analysis produced an auditable Social Capital Index whose
conclusions proved highly robust: the ranking is method-invariant across Equal,
Entropy, CRITIC, and MEREC weighting, stable under bootstrap resampling and
indicator addition, and bounded under the MLCW fusion sweep. Substantively, the
index reveals a steep, three-tier gradient in OIC social-capital development that tracks
institutional integrity and financial-inclusion maturity, with Malaysia and the Maldives
illustrating how a multidimensional measure corrects the distortions of any single indi-
cator. Theoretically and practically, MLCW contributes a transparent, scalable, and
provably stable bridge between expert meaning and statistical discrimination, enabling
reproducible yet meaning-aware weighting where applied social-science indices have
previously had to choose between the two. The study has clear boundaries: the head-
line index uses the objective (α = 0) operating point, so the live multi-model elicitation
that activates the semantic branch, and the reporting of panel-agreement diagnostics,
remains a specified next step; the indicator set is intentionally parsimonious; and the
cross-country reading is associational. Future research will execute the multi-model
elicitation with logged models and seeds, extend the framework to governance and
survey-based dimensions as comparable data become available, incorporate fuzzy and
neutrosophic importance judgements, and track the index over time as a monitoring
instrument for blockchain-enabled Islamic finance across the OIC.
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