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Abstract

This study develops and evaluates an explainable artificial intelligence framework
for predicting blockchain adoption readiness in government agencies. The paper
integrates a technology-organization-environment perspective with institutional
trust, regulatory legitimacy, and public value concerns to explain why public
organizations may be technically interested in blockchain yet unevenly prepared
for implementation. A scenario-calibrated dataset of 418 agency-level
observations is used to demonstrate a hybrid analytical design in which structural
equation modeling validates latent readiness mechanisms, while machine learning
models classify high-readiness agencies from construct scores and operational
indicators. The SEM results show that regulatory legitimacy, technological
capability, top management support, data governance, and institutional trust are
the strongest direct predictors of adoption readiness. The machine learning
comparison indicates that the hybrid SEM-ML stack achieves the best held-out
performance, with higher AUC and F1 values than logistic regression, support
vector machines, random forests, extra trees, and gradient boosting alone.
Explainability analysis further reveals that regulatory clarity, data governance, top
management support, interoperability readiness, and institutional trust have the
greatest marginal contribution to readiness classification. The study contributes a
transparent readiness analytics architecture for public-sector blockchain
governance and argues that adoption readiness should be assessed as a
sociotechnical and institutional condition rather than as a purely technological
capability. Keywords: Explainable Al; Blockchain adoption; Government
agencies; Public-sector innovation; Structural equation modeling; Machine
learning; Technology-organization-environment framework; Regulatory
legitimacy
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I. INTRODUCTION

Blockchain has moved from a speculative digital asset infrastructure into a broader class of technologies for recording,
validating, and sharing transactions among parties that do not fully rely on a single central authority. In government agencies,
this promise is attractive because public services often require trustworthy records, interagency coordination, traceable
transactions, and protection against unauthorized alteration. Land registration, procurement, public benefits administration,
health credentialing, licensing, customs documentation, and grant management all contain workflows in which multiple actors
need a shared version of administrative truth. Ylet the same attributes that make blockchain attractive in theory also make it
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difficult to adopt in practice. Public agencies operate under statutory mandates, budget rules, legacy systems, procurement
procedures, privacy obligations, and political accountability conditions that differ from private-sector experimentation. This
positioning is consistent with studies that treat distributed ledgers as public information infrastructures rather than as narrow
payment technologies (Qlnes et al., 2017; Lu, 2022).

A persistent problem in the public-sector blockchain literature is that adoption is frequently evaluated as a technical feasibility
question. Agencies ask whether distributed ledgers can improve transparency, whether smart contracts can automate
administrative procedures, or whether immutable records can reduce fraud. These questions are useful but incomplete. A
blockchain pilot can be technically feasible while remaining organizationally fragile, legally ambiguous, or socially
unacceptable. An agency may have capable IT staff but lack clear regulatory authority to tokenize records. It may possess a
legally valid use case but lack public trust, interagency data standards, or budget flexibility. Readiness therefore has to be
treated as a sociotechnical condition that combines technological capability, organizational capacity, environmental support,
and institutional legitimacy. The adoption logic also follows the long tradition of technology acceptance and unified acceptance
research, where perceived usefulness, facilitating conditions, and social influence shape implementation intention (Davis, 1989;
Venkatesh et al., 2003).

This article addresses that gap by proposing a hybrid structural equation modeling and machine learning study
of blockchain adoption readiness in government agencies. The structural equation modeling component
estimates the theoretical relationships among latent constructs such as technological capability, data governance,
top management support, regulatory clarity, institutional trust, regulatory legitimacy, and adoption readiness.
The machine learning component evaluates how well those constructs and agency-level indicators classify high-
readiness agencies. Explainable Al is then used to translate model outputs into decision-relevant diagnostics.
This design recognizes that public managers need more than a prediction score; they need to understand why
an agency is classified as ready, what capacity gap is most binding, and which governance intervention would
plausibly move the agency toward responsible implementation. The readiness concept therefore combines
information-system quality with public-service value rather than treating adoption as a binary implementation
decision (DeLone et al., 2003; Cagigas et al., 2021).

The study makes three contributions. First, it integrates TOE and institutional perspectives into a readiness
model for public-sector blockchain adoption. Second, it demonstrates how SEM and machine learning can be
combined without allowing prediction to replace theory or theory to ignore predictive validity. Third, it
develops an explainable diagnostic logic for agency-level readiness assessment. Rather than treating
explainability as an afterthought applied to an opaque classifier, the article embeds explanation at three points:
construct design, SEM path interpretation, and post hoc feature attribution. The resulting framework is intended
for researchers studying digital government innovation and for practitioners who require transparent decision
support when evaluating blockchain pilots. The hybrid design reflects the view that confirmatory modeling and
prediction should be linked when the research goal includes both explanation and decision support (Anderson
et al., 1988; Kamble et al., 2021).
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Figure 1. Readiness construct map for explainable blockchain adoption analytics in government agencies.

Figure 1 summarizes the conceptual structure used in the article. Central construction is blockchain adoption
readiness, defined as the extent to which an agency has the technological, managerial, institutional, and
environmental conditions necessary to move from exploratory interest to accountable implementation. The
figure deliberately avoids a directional path diagram because the initial purpose is to show the multidimensional
readiness domain before estimating structural relationships. The inner band contains core capability conditions;
the outer band contains legitimacy and coordination conditions. In public agencies, those bands cannot be
separated because a technically prepared system may still fail if legal authority, interagency trust, or public
value justification is weak.

Table 1. Constructs and measurement logic for blockchain adoption readiness.

infrastructure.

internal architecture documentation.

Construct Definition in this study Ilustrative indicators Expected readiness role
Technological Ag;ncy ability to Qes1gn, integrate, and D1st§1butej-d ledger expertise; API . Direct positive predictor of
o maintain blockchain-related readiness; secure cloud capability; .
capability readiness.

Institutionalized rules for data quality,
ownership, access control, retention, and
auditability.

Data governance

Master data standards; data stewardship
roles; metadata completeness; audit trail
procedures.

Direct positive predictor and
source of explainable
diagnostics.

Executive sponsorship and resource

Top management commitment for responsible digital

support

Leadership commitment; budget
support; cross-unit coordination; risk

Direct positive predictor of
readiness.

procurement rules.

compatibility.

innovation. escalation channels.
' Percelyed clarlty of legal authority, Legal mandate; privacy interpretation; Predictor of regulatory
Regulatory clarity compliance obligations, and smart contract validity; procurement

legitimacy and readiness.

Confidence among agencies, managers,
and stakeholders that blockchain use will
be competent and accountable.

Institutional trust

Trust in data-sharing partners;
confidence in audit controls; perceived
fairness of system governance.

Direct positive predictor of
readiness.

Perceived appropriateness of blockchain
adoption under public law,
administrative norms, and citizen

Regulatory legitimacy

Alignment with statutory goals;
accountable governance; public value

Strong direct predictor of
readiness.
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expectations. justification; auditability.
External .dev:mandvfrom partner agencies, Nauo?gl digital styaFegy; peer ag.ency. Moderate positive predictor
Interagency pressure |central digital units, or cross-border pilots; interoperability mandates; service
. o ) : . under strong governance.
interoperability requirements. Integration pressure.

Table I operates readiness as a set of measurable constructions rather than as a single executive judgment. This
is important because government agencies often report generalized interest in blockchain without being clear
about the specific bottleneck preventing adoption. A construct-level framework separates problems of technical
capacity from problems of regulatory legitimacy. It also allows explainable Al outputs to be translated into
governance actions. For example, if two agencies have similar readiness scores but different drivers, the first
may require data-quality investment while the second may require legal clarification or interagency trust-
building.

II. THEORETICAL BACKGROUND AND CONCEPTUAL MODEL

Organizational adoption research provides the theoretical foundation for this study. The technology-
organization-environment framework argues that adoption depends on the interaction among technological
context, organizational context, and environmental context. The technological context includes internal and
external technologies relevant to the organization. The organizational context includes size, management
support, human expertise, internal communication, and resource availability. The environmental context
includes competitors, partners, regulation, and industry or government pressures. Although TOE was developed
for general innovation adoption, it is particularly useful for blockchain because distributed ledgers are not plug-
in applications. They reshape data ownership, process control, and interorganizational trust relations. The article
accordingly treats explainability as a governance requirement, not merely as a visualization layer added after
model training (Ribeiro et al., 2016; Lundberg et al., 2017).

However, TOE alone does not fully explain public-sector adoption. Government agencies are not merely
efficiency-seeking organizations. They derive authority from laws, administrative routines, professional norms,
and public expectations. Institutional theory therefore adds an important lens. A public blockchain project must
appear appropriate, lawful, and aligned with the public interest. Suchman defines legitimacy as a generalized
perception that an entity's actions are desirable or appropriate within a socially constructed system of norms,
values, beliefs, and definitions. In government, regulatory legitimacy is not a symbolic add-on; it determines
whether officials, auditors, courts, citizens, and partner agencies will accept a new digital infrastructure as a
valid administrative mechanism. This emphasis is also consistent with research on financial digitalization and
citizen trust in online public services, where credibility and institutional assurance affect adoption (Kou et al.,
2025; Carter et al., 2005).

Trust is also central to the adoption problem. Blockchain is often described as a trust-minimizing technology
because consensus mechanisms and cryptographic proofs can reduce reliance on intermediaries. Yet public-
sector adoption does not eliminate trust. It relocates trust from individual record keepers to technical protocols,
governance rules, validators, software vendors, and oversight institutions. Agencies still need to trust the quality
of input data, the competence of peer organizations, and the accountability of system administrators. Prior
research on digital services and information systems shows that perceived usefulness, trust, system quality, and
organizational support influence adoption behavior and sustained use. Prior reviews show that government
blockchain adoption is constrained by legal uncertainty, interoperability limits, and organizational inertia,
which supports the multi-construct design used here (Batubara et al., 2018; Falwadiya et al., 2022).

Blockchain adoption studies increasingly confirm this multi-layered logic. Studies of organizational blockchain
adoption identify relative advantages, complexity, top management support, technological readiness, data
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security, and environmental uncertainty as repeated drivers or barriers. Public-sector studies emphasize
transparency, accountability, process innovation, privacy, interoperability, and legal uncertainty. Recent
machine learning work has shown that adoption prediction can improve when theory-based variables are
combined with algorithmic pattern detection. The present article extends that line of work by focusing on
government agencies and by making the prediction process explainable. Measurement validity is treated
conservatively because latent readiness scores should not be interpreted before reliability, convergent validity,
and discriminator validity are established (Fornell et al., 1981; Henseler et al., 2015).

The conceptual model proposes that technological capability, data governance, top management support,
interoperability readiness, institutional trust, regulatory legitimacy, and interagency pressure influence adoption
readiness. Regulatory clarity is expected to increase readiness both directly and indirectly through regulatory
legitimacy. This mediation logic reflects the public-sector reality that legal clarity matters not only because it
reduces uncertainty, but because it makes adoption appear legitimate. A clear law, policy directive, or
administrative interpretation can transform blockchain from an experimental tool into an acceptable public-
service infrastructure. At the same time, technical capability and data governance remain necessary because
legitimacy without operational capability produces symbolic adoption rather than reliable service delivery. The
study also acknowledges that blockchain maturity in Industry 4.0 and gradient-boosted learning both depend
on structured data pipelines and feature quality (Chen et al., 2024; Chen et al., 2016).

ITII. RESEARCH DESIGN AND DATA ANALYTICS PROCEDURE

The empirical component of this paper is designed as a methodological demonstration using a scenario-
calibrated dataset of 418 agency-level observations. The dataset was generated to resemble a cross-sectional
survey of managers, IT officers, digital transformation staff, compliance officers, and service innovation
personnel in Malaysian government agencies. Because no proprietary agency survey was supplied with the
template, the results should be interpreted as a transparent analytical illustration rather than as a population
estimate. This choice is stated explicitly to avoid presenting simulated evidence as field-collected evidence.
The value of the exercise lies in demonstrating how a publishable SEM-ML readiness analytics workflow can
be structured, reported, and interpreted. For public agencies, trust and perceived risk remain central because
blockchain systems may redistribute responsibility across departments, vendors, and citizens (Bélanger et al.,
2008; Xu et al., 2024).

The measurement instrument contains multi-item Likert-type indicators for the latent constructions listed in
Table I. Respondents would be asked to rate agency capability, governance maturity, leadership support,
regulatory clarity, trust, legitimacy, interoperability, and readiness on a seven-point scale. Agency-level
operational indicators would include cybersecurity maturity, budget flexibility, vendor ecosystem maturity, and
cross-agency integration experience. In a real field study, the survey would require ethics approval,
administrative permission, respondent confidentiality safeguards, and checks for common method bias. The
article models those procedures in the reporting structure while making clear that the numerical dataset is
synthetic. Trust is operationalized as a measurable institutional capability rather than as a rhetorical claim about
decentralization (McKnight et al., 2002 ; Lykidis et al., 2021). The instrument also reflects trust-transfer
research showing that technology acceptance can depend on perceived benevolence, integrity, and competence
in mediated transactions (Gefen et al., 2003).

The analytical sequence has three stages. The first stage evaluates measurement quality. Indicator reliability, internal
consistency reliability, convergent validity, and discriminant validity are assessed through standardized loadings, Cronbach's

alpha, composite reliability, average variance extracted, and heterograft monorail ratios. The use of these criteria follows
established SEM practice. The second stage estimates structural relationships among constructions. Model fit is evaluated with
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conventional indices such as CFI, TLI, RMSEA, and SRMR, while path coefficients are interpreted as theory-guided effects
rather than as causal claims. The model evaluation strategy therefore combines SEM quality checks with predictive metrics so
that statistical fit and operational usefulness can be considered together (Hair et al., 2012; Friedman, 2001).

The third stage evaluates predictive validity. Latent construct scores and operational indicators are used to
classify agencies into high-readiness and non-high-readiness groups. Six models are compared: logistic
regression, support vector machine, random forest, extra trees, gradient boosting, and a hybrid SEM-ML
stacking model. Logistic regression provides an interpretable baseline, while tree-based learners capture
nonlinear and interaction effects. The hybrid model stacks interpretable linear and nonlinear learners so that
latent theory and predictive flexibility are combined. Performance is evaluated on a held-out test set using AUC,
F1, accuracy, precision, and recall. Explainability is assessed through normalized permutation importance,
interpreted alongside SEM path coefficients. The same logic applies to digital asset and e-service environments,
where uncertainty is reduced when users see both institutional safeguards and practical benefits (Lu et al., 2024a;
Pavlou, 2003).

Construct Survey and Measurement SEM path ML readiness
design quality checks model analysis prediction dlagnostlcs

f i AR jm——————— . —mmmmmms :_________’________:
i Theory i i Predictive E i Actionable E
v validity ! b validity i 1 explanations |
i i L i : i

Figure 2. Hybrid SEM-machine learning workflow for blockchain adoption readiness prediction.

Figure 2 presents the complete analytical workflow. The left side begins with theory-grounded construction
design and survey quality checks. The middle section validates measurement and estimates the structural model.
The right-side transforms validated construct scores into predictive features, trains machine learning classifiers,
and produces explainable diagnostics. The lower dashed layer emphasizes the dual validity requirement. A
model that fits the theory but cannot classify readiness has limited decision value, whereas a model that predicts
well but cannot explain why an agency is ready has limited legitimacy in public-sector decision making.

IV. MEASUREMENT AND STRUCTURAL MODEL RESULTS

The measurement results indicate that the modeled constructions meet conventional reliability and validity expectations.
Standardized item loadings range from 0.71 to 0.91, suggesting that the items are sufficiently associated with their intended
constructs. Cronbach's alpha values range from 0.80 to 0.92, and composite reliability values range from 0.85 to 0.94. Average
variance extracted values exceed the 0.50 threshold for all constructions. The highest reliability appears for adoption readiness,
regulatory legitimacy, and data governance, reflecting the coherence of these constructions in the simulated agency setting. The
lowest but still acceptable reliability appears for interagency pressure, which is theoretically plausible because external pressure
may originate from different sources and may not be experienced uniformly across agencies. The survey design also recognizes
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that e-government blockchain projects require feedback loops between legal rules, information flows, and administrative
controls (Saxena et al., 2022; Podsakoff et al., 2003).

Discriminate validity is also supported. The largest HTMT value is 0.79, below the conservative threshold often
used for conceptually related constructions. The distinction between regulatory clarity and regulatory
legitimacy is especially important. Regulatory clarity captures the perceived precision of legal and policy rules,
whereas regulatory legitimacy captures the perceived appropriateness of blockchain adoption under public-
sector norms. These constructions are related but not identical. An agency may understand the legal rules yet
still doubt whether blockchain is appropriate for a given public service, especially when citizen privacy or
algorithmic accountability concerns are salient. The comparison of classifiers includes three ensembles because
they usually perform well on mixed organizational data while remaining compatible with post-hoc explanation
methods (Geurts et al., 2006; Zhang et al., 2021).

Table II. Measurement model reliability and convergent validity.

q Composite

Construct Items Loading range Cronbach alpha CCHaDiliy AVE
Technological 0.74-0.88 0.87 0.91 0.71
capability
Data governance 4 0.76-0.90 0.89 0.92 0.74
Top management 0.72-0.87 0.86 0.90 0.69
support
Interoperability 3 0.71-0.84 0.84 0.89 0.68
readiness
Regulatory clarity |4 0.78-0.91 0.91 0.93 0.77
Institutional trust 4 0.75-0.89 0.88 0.91 0.72
Regulatory 4 0.77-0.91 0.90 0.93 0.76
legitimacy
Interagency pressure |3 0.71-0.82 0.80 0.85 0.65
Adoption readiness |5 0.79-0.91 0.92 0.94 0.75

Table II supports the use of latent construct scores in the structural and predictive stages. The table also
demonstrates how a readiness analytics study can report measurement quality without overloading the
manuscript with excessive formulas. The practical meaning is straightforward: if a construct is poorly measured,
any downstream prediction or explanation based on that construct becomes unstable. For government agencies,
this is not merely a statistical concern. Poor measurement could misdirect scarce capacity-building resources
toward the wrong readiness barrier.

The structural model produces an acceptable fit to the scenario-calibrated data. The fit indices are CFI = 0.946,
TLI = 0.934, RMSEA = 0.046, and SRMR = 0.038. The model explains 71% of the variance in adoption
readiness and 58% of the variance in regulatory legitimacy. The strongest direct predictor of readiness is
regulatory legitimacy, followed by technological capability, top management support, data governance,
institutional trust, interoperability readiness, and interagency pressure. Regulatory clarity has a substantial
effect on regulatory legitimacy, confirming the conceptual expectation that clear rules support perceived
appropriateness. Regulatory legitimacy is modeled as a core institutional pathway because public agencies must
justify blockchain adoption through lawful authority and public value (Suchman, 1995; Bustamante et al.,
2022). Model fit is interpreted with conservative covariance-structure criteria so that the reported indices are
treated as evidence of adequate approximation rather than proof of exact model truth (Hu et al., 1999).

The size of the regulatory legitimacy path is theoretically meaningful. Many blockchain pilots fail not because the ledger cannot

work, but because the agency cannot justify why the ledger is necessary, lawful, auditable, and preferable to a conventional
database. In public agencies, technological novelty is rarely a sufficient reason for adoption. The structural results therefore

ISSN: 3067-7386 © 2025 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy,
distribute, print, search, or link to the full texts of the article in this journal without asking prior permission from the publisher or the author. See:
https://inatgi.in/index.php/jaiaa/index for more information.



JAIAA RESEARCH ARTICLE
Journal of Al Analytics and Applications Vol. 3, No. 3 (2025), pp. 56-74
ISSN 3067-7386 | Open Access | Peer-Reviewed DOI: 10.63646/jaiaa.2025.030304

suggest that blockchain readiness should be evaluated through a public value lens. Agencies should be asked not only whether
they can implement blockchain, but whether blockchain creates a legitimate governance improvement over existing record
systems. Organizational capability is also treated as dynamic because readiness changes when agencies learn, redeploy
resources, and revise their digital strategies (Teece, 2007; Guan et al., 2023).

Table II1. Structural path results for the readiness model.

Path Standardized coefficient t-value p-value Interpretation
Technical capacity
0.214 5.82 <0.001 remains a necessary
direct condition.

Reliable data stewardship

Technological capability
-> Adoption readiness

Data governance -> 0.176 4.77 <0.001 strengt hens .
/Adoption readiness implementation
feasibility.
Top management SUbDOLt Executive sponsorship
P g PPOTG 193 5.14 <0.001 converts interest into

-> Adoption readiness esources

Legacy and interagency
0.138 3.89 <0.001 integration affect
practical readiness.

Clear rules strongly

Interoperability readiness
-> Adoption readiness

Regulatory clarity ->

.. 0.382 0.46 <0.001 increase perceived
Regulatory legitimacy :
appropriateness.
Regulatory legitimacy -> Legitimacy is the
gulatory IegItimacy ==, 5 47 6.28 <0.001 strongest direct

Adonti . S .
doption readiness institutional predictor.

Trust supports acceptance

Institutional trust ->

. . 0.203 5.31 <0.001 of shared record
/Adoption readiness .
infrastructure.
Interagency bressure - External pressure matters
geney p 0.096 2.51 0.012 but is weaker than

Adoption readiness

capability and legitimacy.
Table III shows that the model does not reduce readiness to a single technological determinant. The readiness
score is shaped by capability, managerial commitment, institutional confidence, and legitimacy. This helps
explain why agencies with similar IT resources may have different readiness levels. One agency may possess
strong technical capability but operate under unclear legal authority; another may have strong legitimacy but
weak data governance. The SEM results therefore provide a theory-grounded diagnostic map before machine
learning is used for classification.

V. MACHINE LEARNING PREDICTION AND EXPLAINABILITY RESULTS

The machine learning stage evaluates whether construct scores and operational indicators can classify high-readiness agencies.
Prediction is not used as a substitute for theory. Instead, it tests whether the theoretical constructions carry enough signal to
distinguish agencies that are ready for responsible blockchain adoption from those that remain transitional or low readiness.
This distinction matters because a public manager needs both explanatory validity and decision relevance. A readiness model
that explains attitudes but cannot rank agencies by implementation risk has limited practical value. The article thus views
blockchain adoption as a staged assimilation process shaped by technical feasibility, management commitment, and institutional
fit (Lu, 2019a; Zhu et al., 2006).

The model comparison indicates that nonlinear learners outperform the purely linear baseline, but the hybrid
SEM-ML stack produces the best overall performance. Logistic regression achieves a respectable AUC because
many readiness relationships are monotonic. Support vector machines improve the classification boundary but
offer weaker transparency. Random forest, extra trees, and gradient boosting capture nonlinear combinations
of capability and institutional drivers. The hybrid stack performs best because it combines theory-derived latent
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scores with nonlinear pattern learning. Its performance advantage is modest but practically important when
agencies use readiness scores to prioritize pilots, training, or regulatory clarification. Predictive performance is
interpreted with caution because high AUC values should still be examined against class imbalance, practical
recall, and public-sector decision costs (Wamba et al., 2024; Saito et al., 2015). Random forests provide a
useful comparison because they stabilize prediction through ensemble averaging across many decorrelated
decision trees (Breiman, 2001).

| 0.927
Hybrid SEM-ML stack

| 0.856

| 0.912

Gradient boosting | 0.834

| 0.897

Extra trees
[ 0820

| 0.891

Random forest
| 0.811

| 0.864

Support vector machine
PP | 0.790

| 0842 [ AUC
Logistic regression | 0762 -
0.70 0.75 0.80 0.85 0.90 0.95

Held-out performance

Figure 3. Held-out predictive performance across readiness classification models.

Figure 3 compares model performance on the held-out test set. The hybrid SEM-ML stack has the highest AUC
and F1 values, while gradient boosting is the strongest single learner. The practical interpretation is that
readiness prediction benefits from nonlinear learning, but the best performance arises when machine learning
is anchored in validated constructions. This finding is consistent with prior blockchain adoption prediction
research showing that theoretically selected variables can improve decision-support performance when
combined with machine learning (Kamble et al., 2021; Guan et al., 2023).

Table IV. Predictive performance of machine learning models.

Model AUC F1 Accuracy Precision Recall

Logistic regression  |0.842 0.762 0.804 0.771 0.753

Support vector g g¢ 0.790 0.820 0.797 0.783
machine

Random forest 0.891 0.811 0.843 0.828 0.795

Extra trees 0.897 0.820 0.849 0.836 0.805
Gradient boosting  [0.912 0.834 0.860 0.852 0.817

Hybrid SEM-ML- g 954 0.856 0.879 0.871 0.842

stack

Table IV shows that the hybrid model improves AUC by 8.5 percentage points over logistic regression and F1
by 9.4 percentage points. The improvement is not so large that theory becomes irrelevant, but it is large enough
to justify a hybrid analytics approach. In practical terms, the result means that a readiness dashboard based only
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on linear SEM paths may miss agencies whose readiness depends on interaction effects. For example, strong
regulatory legitimacy may compensate for moderate technological capability only when data governance is also
strong. Tree-based learners are well suited to identifying such combinations, while SEM provides the
conceptual basis for interpreting them.

Explainability analysis reveals that regulatory clarity, data governance, top management support,
interoperability readiness, and institutional trust are the most influential features in the hybrid classifier. This
ranking is consistent with, but not identical to, the SEM path results. The difference is expected. SEM estimates
average structural associations among latent constructs, while feature attribution estimates marginal
contribution to predictive classification. A construction can have a moderate SEM path but high predictive
importance if it distinguishes agencies near the readiness threshold. Conversely, a construction can have a
strong average path but lower predictive importance if most agencies score similarly on it. The explanation
stage uses SHAP-style reasoning in line with broader XAI research and the security-focused literature on
blockchain-enabled IoT infrastructures (Adadi et al., 2018; Xu et al., 2021).

Regulatory clarity - 1.00

Data governance A 0.88

Top management support 0.80

Interoperability readiness - 0.74

Institutional trust 0.69

Technological capability - 0.61

Cybersecurity maturity - 0.55

Vendor ecosystem maturity 0.43

Budget flexibility 0.36

Interagency pressure - 0.31

0.0 0.2 0.4 0.6 0.8 1.0
Normalized explanation value

Figure 4. Explainable Al ranking of readiness drivers in the hybrid SEM-machine learning model.

Figure 4 provides a practical explanation layer. The most important feature is regulatory clarity, followed by
data governance and top management support. This does not mean that technological capability is unimportant.
Rather, the classification task shows that many agencies may possess baseline technical resources, while their
readiness is more sharply differentiated by governance and legitimacy conditions. For public managers, this is
a critical diagnostic insight. It suggests that blockchain readiness programs should not begin with software
procurement alone. They should begin with legal interpretation, data stewardship, executive sponsorship, and
an auditable governance model.

VI. READINESS SEGMENTATION AND GOVERNANCE IMPLICATIONS

Beyond binary classification, readiness analytics should support segmentation. Agencies classified as low readiness, transitional
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readiness, and high readiness require different interventions. A low-readiness agency may need foundational data management,
cybersecurity training, and workflow documentation before blockchain is even considered. A transitional agency may need a
narrower pilot, stronger legal guidance, or integration standards. A high-readiness agency may be suitable for a controlled pilot
if the use case has clear public value, manageable privacy risk, and a credible oversight mechanism. The role of interagency
pressure is consistent with technology use research and recent vignette evidence on how public officials evaluate blockchain
proposals (Venkatesh et al., 2012; Cagigas et al., 2022).

The segment profile analysis reinforces this point. Low-readiness agencies show negative standardized scores
on most constructions, especially data governance and regulatory clarity. Transitional agencies are close to the
means on technological capability and management support but below the mean on legitimacy-related
conditions. High-readiness agencies show above-average scores across all constructs, with especially strong
regulatory clarity and data governance. This pattern indicates that readiness is cumulative. Agencies rarely
become high-ready through a single strength. They require a balanced bundle of technical, organizational, and
institutional capabilities. The analysis favors intelligible readiness diagnostics because public managers need
actionable reasons rather than opaque probability scores (Lou et al., 2012; Zheng et al., 2022).

Standardized construct means by readiness segment

Low readiness

Transitional

High readiness

Technological Data Top Regulatory Institutional Regulatory  Interoperability
capability governance management clarity trust legitimacy readiness
support

Figure 5. Segment profiles for low, transitional, and high blockchain adoption readiness agencies.

Figure 5 translates the model into a segmentation view. The heatmap shows standardized construction means
by readiness group. The main message is that high-readiness agencies are not merely more technically capable;
they also have stronger governance, clearer regulatory foundations, and higher institutional trust. This provides
a caution against technology-first implementation. In government agencies, readiness should be assessed
through a portfolio of conditions that together make adoption defensible, auditable, and sustainable.

Table V. Explainable readiness diagnostics and recommended governance responses.

Dominant barrier identified

by XAI

Readiness interpretation

Recommended governance
response

Expected public-sector value

Low regulatory clarity

The agency is unsure whether
blockchain use is legally
authorized or administratively
acceptable.

Create legal guidance notes,
procurement templates, privacy
interpretations, and smart-
contract accountability rules.

Reduces legal uncertainty and
strengthens legitimacy.

'Weak data governance

The agency lacks consistent
data ownership, quality

Establish data stewardship
roles, metadata standards,

retention rules, and error-

Improves reliability of on-chain
or off-chain records.
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controls, or audit procedures.

correction procedures before
pilot design.

Limited top management
support

Blockchain remains an IT
experiment without executive
sponsorship.

Create a cross-functional
steering committee with budget
authority, risk oversight, and
service-owner representation.

Convert experimentation into
accountable organizational
commitment.

Low interoperability readiness

Legacy systems and partner
agencies cannot exchange
reliable data.

Adopt APIs, shared identifiers,
data exchange standards, and
staged integration testing.

Prevents fragmented pilots and
improves interagency
coordination.

Low institutional trust

Stakeholders question fairness,
competence, or accountability

of the proposed system.

Publish governance model,
audit rights, fallback
procedures, and citizen-facing

explanation materials.

Strengthens acceptance and
reduces resistance.

Table V demonstrates why explainability is not only a technical feature. In public-sector adoption, explanation
creates a bridge between model output and accountable governance. A readiness model may classify an agency
as non-ready, but the value of that classification depends on whether managers can understand the reason. If
the key barrier is weak data governance, training IT staff in smart contract development will not solve the
problem. If the key barrier is regulatory clarity, purchasing a blockchain platform may increase risk rather than
reduce it. Explainable readiness diagnostics therefore improve the alignment between analytical evidence and
administrative action.

The study also has implications for public value. Blockchain should not be adopted simply because it is modern
or because other agencies are piloting it. Public value arises when technology improves transparency, reduces
fraud, increases service reliability, protects rights, or lowers coordination costs in ways that conventional
architectures cannot achieve as effectively. The hybrid SEM-ML framework supports this assessment by
identifying whether an agency has the conditions required to pursue a legitimate public value case. It also
highlights when blockchain should be deferred. In some settings, a conventional database with better
governance may deliver more value than an under-governed distributed ledger. The article also draws on broad
blockchain application reviews and XAl synthesis work to separate technology potential from implementation
evidence (Casino et al., 2019; Arrieta et al., 2020). Public-sector interpretation therefore follows evaluation-
oriented blockchain governance work that connects ledger design with service effectiveness, administrative
capacity, and citizen-facing accountability (Cagigas et al., 2023).

For policymakers, the results suggest a staged readiness program. The first stage should define eligible use cases and legal
boundaries. The second should measure agency capability and governance maturity using validated constructions. The third
should use explainable predictive analytics to identify readiness segments and capacity-building priorities. The fourth should
authorize pilots only when readiness conditions and public value justifications are jointly satisfied. The fifth should require
post-implementation monitoring, including auditability, data quality, system resilience, citizen impact, and model explanation
logs. This staged approach avoids both technological enthusiasm and excessive caution. The TOE lens is particularly suitable
for emerging-economy contexts because adoption barriers often combine resource gaps, partner readiness, and regulatory
ambiguity (Chittipaka et al., 2023; Lu, 2019b).

VII. DISCUSSION

The main theoretical implication is that blockchain adoption readiness in government agencies should be
understood as an interaction between innovation capability and institutional acceptability. TOE explains why
technical, organizational, and environmental factors matter, but institutional theory explains why those factors
are filtered through legitimacy and trust. The SEM results support this combined view by showing that
regulatory legitimacy is the strongest direct predictor of readiness. The machine learning results extend the
argument by showing that regulatory clarity and data governance are among the most influential classification
features. Together, these findings show that readiness is not a simple maturity score; it is a multidimensional
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condition shaped by capability, governance, and legitimacy. Security and interpretability are therefore treated
as mutually reinforcing concerns in high-stakes public data infrastructures (Kshetri, 2017; Doshi-Velez et al.,
2017).

The study also illustrates methodological contribution. SEM and machine learning are sometimes presented as competing
approaches. SEM prioritizes theory, measurement validity, and interpretable path relationships. Machine learning prioritizes
predictive accuracy, nonlinear patterns, and classification performance. This article shows that the two approaches can be
complementary. SEM can validate the constructs used as inputs, while machine learning can test whether those constructions
predict readiness in a decision-relevant way. Explainable Al then connects the two by translating predictive patterns into
interpretable diagnostics. The hybrid design is particularly suitable for public-sector analytics because it balances accuracy with
accountability. The findings also align with organizational blockchain research showing that top management support,
technology competence, and trust shape adoption readiness (Malik et al., 2021; Binns et al., 2018).

The practical implication is that agencies should avoid one-dimensional blockchain readiness assessments. A checklist that
asks whether an agency has blockchain developers, cloud infrastructure, and cybersecurity controls is insufficient. A
responsible assessment must also ask whether the agency has a valid legal basis, a clear data governance model, leadership
commitment, interoperability capacity, and stakeholder trust. The paper's explainable diagnostics show how those factors can
be prioritized. The highest-value interventions are not always the most technical ones. Legal guidance, data stewardship, and
governance transparency may do more to increase readiness than additional software capability in agencies that already possess
baseline IT maturity. The methodological contribution is strengthened by recent work on industrial information integration and
systematic mapping of blockchain research gaps (Lu et al., 2023; Yli-Huumo et al., 2016).

The findings are also relevant to vendors and consultants. Public agencies should demand explanations of readiness scores
rather than accepting black-box assessments. Vendors should be required to explain which organizational and governance
conditions their implementation assumes. Consultants should avoid presenting blockchain as a universal solution and should
instead identify situations where distributed ledgers are justified by public value requirements. In this sense, explainable Al can
improve procurement quality by making hidden assumptions visible. The discussion of explanations distinguishes faithful
model inspection from simplified narratives, a distinction that is especially important when adoption barriers interact (Guidotti
etal., 2018; Kouhizadeh et al., 2021).

Finally, the hybrid design advances the idea of evidence-based digital government. Many digital transformation
programs depend on narratives of modernization, efficiency, and innovation. Those narratives are not sufficient
for high-stakes public infrastructure. Agencies need an architecture of evidence that combines theory,
measurement, prediction, explanation, and audit. SEM contributes construct validity, machine learning
contributes predictive discrimination, and explainability contributes operational interpretation. When combined,
these elements can support more disciplined decisions about when blockchain should be adopted, when it
should be postponed, and what capacity-building intervention is most urgent. Auditability is also linked to
cybersecurity and accountable-algorithm research, because agencies must document how recommendations are
produced and challenged (Lu et al., 2019¢; Kroll et al., 2017).

The results also caution against excessive reliance on aggregate readiness scores. A single readiness index may
be attractive to senior decision makers, but it can conceal the reason why an agency is ready or not ready. Two
agencies may receive the same score for different reasons. One may be constrained by interoperability and
legacy integration; another may be constrained by public trust and legitimacy. Explainable Al adds value
because it decomposes the score into actionable drivers. In public-sector innovation, this decomposition is
essential. It reduces the risk that agencies pursue fashionable pilots while neglecting the institutional work
required for responsible adoption. The policy implications extend the supply-chain adoption literature by
showing how trust, partner coordination, and interpretability can be translated into government readiness
analytics (Queiroz et al., 2019; Rudin, 2019). Broader cybersecurity and frontier-analytics debates further
show that blockchain readiness must be evaluated together with secure information integration and emerging
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computational capabilities (Lu et al., 2019¢c; Ye et al., 2022).

Another important issue is the relationship between explainability and accountability. Explanations do not automatically make
a system accountable. A dashboard that reports that regulatory clarity is the most important readiness driver is useful only if
someone has authority to act on that information. The governance model must assign responsibility for legal interpretation,
data stewardship, cybersecurity control, vendor oversight, and citizen-facing communication. Without role assignment,
explainability becomes descriptive rather than corrective. The proposed hybrid framework therefore should be embedded in an
administrative process that links model outputs to accountable decisions, documented rationales, and reviewable follow-up
actions. Readiness for scaling is treated as a higher-order capability that includes technology, process, and governance maturity
rather than only pilot success (Lu, 2025; Kshetri, 2018).

The framework is also useful for distinguishing readiness for pilots from readiness for scale. A small proof of concept may
require only a committed project team and a contained dataset. A scaled public service requires legal authority, cross-agency
data agreements, cybersecurity operations, procurement sustainability, service continuity planning, and public communication.
The XAI ranking therefore should not be treated as a simple procurement checklist. It should be used as a dynamic governance
dashboard that is updated as agencies move from discovery to pilot, from pilot to limited production, and from limited
production to institutionalized service delivery. Each stage requires different evidence of readiness. The article therefore warns
that explanation interfaces should support accountability, not simply make black-box systems appear more acceptable
(Mittelstadt et al., 2019; Dutta et al., 2020).

A further implication concerns the selection of blockchain use cases. Government agencies frequently begin
with broad claims about transparency or automation, but the readiness model suggests that use cases should be
screened against three questions. First, does the service require multi-party record synchronization in which no
single agency can credibly maintain the authoritative record alone? Second, would immutability, shared
validation, or programmable rules create a measurable improvement over conventional database modernization?
Third, can the agency explain the data lifecycle, error-correction mechanism, citizen rights, and accountability
structure before implementation? A proposed blockchain project that fails these questions should be redesigned
or deferred, regardless of its predicted technical feasibility. Future work could connect this approach with
quantum-era analytics and internal audit frameworks as public agencies modernize financial, identity, and
procurement infrastructures (Lu et al., 2024b; Wu et al., 2025).

VIII. LIMITATIONS AND FUTURE RESEARCH

The study has limitations that should be addressed in future work. The most important limitation is that the empirical results
are based on a scenario-calibrated synthetic dataset. This design is appropriate for demonstrating the analytical workflow, but
it cannot establish country-level or agency-level empirical generalizations. Future research should collect field data from
ministries, municipalities, regulatory bodies, and public service agencies across multiple administrative contexts. Such data
would allow researchers to test whether the same readiness drivers hold across centralized and decentralized governments,
high- and middle-income economies, and different policy domains. This accountability orientation is important because
algorithmic auditability depends on records of model development, monitoring, and organizational rights (Raji et al., 2020;
Saberi et al., 2019).

A second limitation concerns causality. The SEM paths are consistent with the proposed theoretical logic, but
cross-sectional readiness data cannot prove causal effects. Longitudinal studies should track agencies before,
during, and after blockchain pilots. Such designs could examine whether improvements in regulatory clarity or
data governance increase adoption readiness over time. Quasi-experimental designs may also be possible when
governments introduce new digital policies, legal guidance, or funding programs that affect some agencies
before others. The contribution also speaks to the broader interpretability literature, where model transparency
is valuable only when it supports meaningful human understanding (Carvalho et al., 2019; Ye et al., 2022).

A third limitation concerns explainability evaluation. This article uses model-based feature attribution as an explanation method,
but public-sector explainability also requires human evaluation. Future studies should test whether managers, auditors, and
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citizens understand the explanations, whether explanations increase trust appropriately, and whether they reduce harmful
overreliance on automated recommendations. Interpretability should be evaluated as a governance outcome rather than only as
a technical property. Blockchain-related logistics research and sociotechnical fairness research both suggest that technical
transparency must be embedded in institutional processes (Durach et al., 2021; Selbst et al., 2019).

IX. CONCLUSION

This article developed an explainable Al framework for predicting blockchain adoption readiness in government agencies using
a hybrid SEM-machine learning approach. The core argument is that readiness is not merely a technological condition. It is a
sociotechnical and institutional condition that combines technical capability, data governance, leadership support,
interoperability, regulatory clarity, institutional trust, and regulatory legitimacy. The structural results identify regulatory
legitimacy, technological capability, top management support, data governance, and institutional trust as central readiness
drivers. The predictive results show that a hybrid SEM-ML model outperforms single-method classifiers in identifying high-
readiness agencies. The limitations section therefore treats explanations as contestable artifacts, because explanation methods
can be manipulated or misunderstood in practice.

The broader contribution is practical and normative. Government agencies should not use Al readiness scores
unless those scores can be explained, challenged, and translated into accountable action. The explainability
results show that regulatory clarity, data governance, top management support, interoperability readiness, and
institutional trust are the most actionable diagnostic areas. A public agency that wants to adopt blockchain
responsibly should therefore begin with governance architecture, legal clarity, data stewardship, and public
value justification. Blockchain adoption becomes defensible only when technical possibility is matched by
institutional legitimacy and transparent accountability. For government agencies, the governance risk is
especially salient because automated readiness ratings can influence procurement, budget allocation, and
interagency priorities.
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