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ABSTRACT

The emergence of Al, blockchain, and large projects leads to the appearance of a new environment where one can
develop financial literacy; nevertheless, technological adoption and financial competence have mainly been considered
separately. This paper focuses on the relationship between Al engagement, blockchain engagement, technological
engagement, and financial literacy under the moderating role of Project Context. Based on a cross-sectional survey
conducted among 412 participants involved in infrastructure, energy, and PPP projects, the study uses the Technology
Acceptance Model and the Unified Theory of Acceptance and Use of Technology and employs Partial Least Squares
Structural Equation Modeling with 5,000 bootstrap samples. As follows from the analysis, Al engagement has more
impact on technological engagement (B = 0.412) compared to blockchain engagement (B = 0.287); moreover,
technological engagement positively affects financial literacy (B = 0.486), while project context acts as a moderator in
this relationship (B = 0.148, p = 0.004). Within the structural model, 41.1% variance in technological engagement and
38.9% variance in financial literacy are explained. This allows placing technological engagement in a completely new
light and viewing it not only as a result but also as a product of using technologies.
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HIGHLIGHTS e Technological engagement is a strong predictor of
e Integrates Al, blockchain, and engineering projects to increased financial literacy (B = 0.486), which is
increase financial literacy through engagement. context-driven.

e Builds a TAM-UTAUT framework tested with 412 e Reframes technological engagement as the driver of
stakeholders from large engineering projects. financial capabilities development.

e Al engagement (B = 0.412) influences technological
engagement more than blockchain (f = 0.287).

ABBREVIATIONS
Al Artificial Intelligence FL Financial Literacy
AIE | Al Engagement HTMT Heterotrait—-Monotrait Ratio
AVE | Average Variance Extracted PC Project Context
BCE | Blockchain Engagement PLS-SEM | Partial Least Squares Structural Equation Modeling
BCT | Blockchain Technology PPP Public—Private Partnership
BOT | Build—Operate—Transfer SEM Structural Equation Modeling
CI Confidence Interval TAM Technology Acceptance Model
CMB | Common Method Bias TE Technological Engagement
CR | Composite Reliability UTAUT | Unified Theory of Acceptance and Use of Technology
VIF Variance Inflation Factor
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Latin symbols Greek symbols
Ci: | control variable k for observation i o | Cronbach's alpha
/2| Cohen's effect size S | standardized path coefficient
N | total sample size y | exogenous-to-endogenous coefficient
n sample subset size 0 | measurement error term
p probability value (two-tailed) & | regression residual
0? | Stone—Geisser predictive relevance { | structural disturbance (SEM)
R? | coefficient of determination n | endogenous latent variable
SE | bootstrapped standard error A | outer loading
t bootstrap t-statistic ¢ | exogenous latent variable
VIF | variance inflation factor pa | consistent reliability coefficient
x; | observed indicator i pc | composite reliability
Subscripts
i observation index (i=1, ..., N) k control variable index
Jj endogenous construct index LL lower limit of 95% CI
UL upper limit of 95% CI

1. INTRODUCTION

The coming together of technology and finance has
brought about changes in how people, businesses, and
governments interact with economic decision-making
processes, while, at the same time, the world is
experiencing inequalities regarding the level of financial
literacy among different communities. According to recent
findings of the Global Findex Database, even though the
use of digital payments has significantly increased
following the onset of the COVID-19 pandemic, a vast
percentage of the world's population continues to have
trouble comprehending basic concepts of finance, as well
as using the services effectively [1]. The problem brings
about an important policy issue since, in addition to being
an individual quality, financial literacy is a valuable asset
for people because it affects savings, investments,
borrowing, and retirement plans [2]. Empirical evidence
accumulated across diverse  populations  further
demonstrates the strong link between financial literacy and
financial behavior with clear implications on different
levels [3, 4].

In this case, there are two main technological
developments that have been at the forefront in facilitating
change in the financial environment. Al has shifted its role
from that of an analysis tool to one that is essential in
facilitating predictive finance, decision making, and
personal advisory, whereas blockchain has changed from
an essential technology behind cryptocurrencies to being a
decentralized architecture that can transform transactions,
trust, and contracts [5]. In previous studies, there are
references to how quickly these two technologies have
been adopted in construction project life cycles [6] and in
general AEC industry settings, whereby blockchain
technology is already being applied in contract
management, payments, dispute resolution, and
coordination among other aspects [7]. At the same time,
research in financial services has examined how the
complementary nature that arises from adopting the
technologies can be used for security, auditing, and
regulatory purposes [8, 9]. However, studies that adopt a

behavioral lens in analyzing both AI and blockchain are
quite rare, while theoretical analyses usually precede
empirical work.

The wide application of engineering projects offers a
unique opportunity for examining the connection between
financial literacy and project success. Any engineering
project involves complicated financing, coalitions, and
vulnerability to cost overrun. Recent researches have
proven that the distribution of cost overruns follows the
rule of power law rather than the normal distribution [10].
It means that there exists a systemic risk of dealing with
extreme cases when costs become too high to be managed
using the common techniques of forecast modeling.
Moreover, the framework of the PPP agreement,
frequently used when implementing engineering projects,
causes additional problems for all the parties involved
[11], since it contributes to information asymmetry and
makes the contractual obligation of each party
questionable. In such conditions, financial literacy
becomes an important determinant of project success.
However, existing research has focused mainly on
analyzing technology and financial literacy as separate
phenomena. Although studies on FinTech market
development recognize the necessity of adequate financial
literacy as one of the prerequisites for technology usage
[12], they rarely discuss the impact of consistent
interaction with AI- and blockchain-based systems on
acquiring financial literacy. Consumer behavior analysis
also reveals the significant distance between merely
having access to technology and learning new things
through consistent usage [13], supporting
recommendations for a more integrated approach to the
issue [14].

In order to fill such gaps, the current study investigates
how the intersection between artificial intelligence,
blockchain technology, and large-scale engineering
projects increases financial literacy via technological
engagement, as technology-based engagement is seen both
as an effect of technology integration and an instrument
for improving financial literacy. This paper makes three
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contributions. It provides a conceptual framework that
connects the areas of finance, project management, and
technology integration that have not been connected
before. Large engineering projects are also considered as
sites of situated learning where technological engagement
can result in financial literacy rather than just being used
for it. The empirical findings further provide valuable
insights to policymakers, project sponsors, financial
educators, and technology providers who aim at matching
innovations with capability development.

2. ANALYSIS OF THE PROBLEMS

2.1 AI and Blockchain in Engineering Finance
Engineering projects exist in financial environments where
many-party transactions, late payments, and significant
transaction costs are present. All these aspects present a
basis for blockchain application due to its unique features.
Based on evidence from systematic research conducted
from a transaction cost perspective, it has been established
that the use of blockchain technology in construction
project management minimizes transaction costs;
however, its efficiency depends on the project size and
nature [15]. In line with this, decentralized bidding
processes based on the implementation of smart contracts
can be used to minimize opaqueness and discretion during
the bidding process [16]. Related literature on construction
cost management provides further evidence that
integrating blockchain technology and cryptography
results in better traceability of financial data, hence
minimizing informational asymmetries in the industry
[17].

Artificial intelligence has an effect on the previously
described situation due to the opportunities provided by
predictions compared to infrastructure. In particular,
machine learning models, such as gradient boosting
approaches, have shown better results than regression
approaches in predicting cost overruns, offering investors
and sponsors early warnings [18]. In conjunction with
blockchain technology, this approach becomes a
reinforcing circle because artificial intelligence increases
the accuracy of the decisions made, while blockchain
guarantees the security of the information used and the
transactions made [19]. Nevertheless, studies that have
been done on the issue tend to be separated by disciplines,
where the technological efficiency of the process can be
viewed from the perspective of management but may also
be employed as a financial tool.

2.2 Financial Literacy: Concepts and Measurement

The concept of financial literacy can be defined as an
individual’s capacity to comprehend financial information
and make decisions related to savings, borrowing,
investments, and managing risks. According to meta-
analyzes of numerous randomized programs, it was proven
that financial literacy training could lead to significant
improvements not only in knowledge about finances but
also in behavior associated with such activities as
budgeting, debt management, and planning for retirement
[20]. It should be noted that financial literacy tends to be

relatively stable throughout the life course and has
predictive value, thus being regarded as a kind of human
capital [21].

On the measure, this research area has traditionally used
the Big Three and Big Five scales, which assess an
individual’s knowledge regarding compound interest,
inflation, and diversification. Recent systematic literature
review delineates an ever-widening list of determinants
and demonstrates the growing diversity in methodological
approaches in the area [22]. The digitalization of finance
services has led scholars to postulate that traditional
measures inadequately account for the capabilities
necessary in algorithmic decision-making settings, thus
calling for a rethinking of the conceptual framework and
the inclusion of digital trust, algorithmic literacy, and
cyber-risk knowledge [23].

2.3 Technological Engagement as a Bridge
Engagement in technology refers to the continuous and
deliberate interaction of the individual with technological
financial instruments not only from the perspective of use
but also through frequency and intensity. From research
evidence, it is seen that digital financial literacy is a
mediator through which technological engagement
positively affects the state of financial well-being [24].
The current literature shows that based on the theory of
UTAUT, FinTech usage by students of universities is
influenced by the performance expectation and facilitating
conditions of the wuser, implying the role of the
environment in influencing the behavior of the use [25].
Moreover, further studies conducted in the field of finance
show the impact of digitalization on the process of service
delivery and cognition of the user [26].

The UTAUT2 models, where constructs concerning trust
theories were added, show that platform reliability-based
trust plays an important role in the extent of users’ deep
engagement [27], while other research connected to
behavioral intention theories pays attention to social
influence and habit formation [28]. Other research work
done in the realm of emerging markets reveals gender
differences in usage, thus implying that engagement is
situational [29]. Other research work done in the realm of
emerging markets reveals gender differences in usage, thus
implying that engagement is situational [30]. Nevertheless,
no theory explains how engagement can contribute to
building users’ financial skills.

2.4 Research Gaps and Problem Statement

In summary, the above review brings into focus three
related weaknesses in the existing literature. The opening
weakness relates to the compartmentalization of studies
about Al and blockchain and the failure to analyze the
performance merits of the technologies in conjunction
with the behavior they induce in the engineering-finance
context. A further weakness relates to the measurement of
financial literacy, which still requires adjustments in line
with the changing environment driven by algorithms and
decentralized platforms. A remaining weakness pertains to
engagement per se, which is viewed more as the
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destination rather than a part of an evolving development
process. To add to the challenge, there is growing concern
about regulatory tensions in regard to privacy and data
management in blockchain networks that redefine the
setting for engagement [31]. The following study attempts
to address these gaps and investigate the development of
financial literacy through AI and blockchain-induced
engagement in large-scale engineering projects.

3. MATERIAL AND METHODS

3.1 Theoretical Framework and Hypotheses

The theoretical framework on which the research is based
relies on behavioral models of technology acceptance. The
foundational theoretical underpinning is represented by the
Technology Acceptance Model, which argues that
perceived usefulness and perceived ease of use influence
the users' willingness to accept and use information
technology [32]. Following the same pattern of reasoning,
the Unified Theory of Acceptance and Use of Technology
incorporates  four variables, namely performance
expectancy, effort expectancy, social influence, and
facilitating conditions into one coherent theory that has
shown great explanatory value in various technological
applications [33]. This provides a good starting point for
analyzing the relationship between users' interaction with
Al and blockchain systems and competences developed
through this process.

Expanding from this theoretical framework, this study
proposes that both Al engagement (AIE) and blockchain
engagement (BCE) are considered as two separate but

Al
Engagement
(AIE)

Blockchain
Engagement
(BCE)

H2 (+)

Technological
Engagement
(TE)

related determinants of a more inclusive concept known as
technological engagement (TE). Regular involvement in
intelligent decision support systems will make people
cognitively involved in financial matters, whereas
structured involvement in blockchain technology will
increase procedural involvement in transactions and
contract matters. It can therefore be concluded that AIE
will have a positive impact on TE (H1), and BCE will also
have a positive impact on TE (H2).

TE, in turn, is hypothesized as the means by which FL is
developed, resulting in the third hypothesis stating that TE
positively affects FL (H3). However, the complexity of
institutions involved in major engineering projects is
considered as a boundary condition that will influence this
relationship, implying that PC moderates the impact of TE
on FL (H4). The model, therefore, may be stated as:

FL = fi,+ B -TE+ f-(TE;x PC)+ Y ¥, - Control, , +¢, W

where TE; mediates the effect of engagement and the

interaction term depicts contextual moderation of the
influence. As demonstrated by Figure 1, the model of
research puts engagement in technology at the center of
mediation effects brought about by Al and Blockchain on
financial literacy. This model shows that the relationship is
founded on an inherent behavior pattern where the
technologies bring about engagement that affects cognitive
capability and where context moderates.

Project Context

(PC)

H4 (moderation)

Financial
Literacy
(FL)

Theoretical basis: TAM (Davis, 1989); UTAUT (Venkatesh et al., 2003)
Figure 1. Conceptual Research Model with Hypotheses

3.2 Data Sources and Sample

In this respect, the empirical research adopted a cross-
sectional questionnaire-based survey that focused on the
direct practitioners of large-scale engineering projects. The
sample frame involved subjects recruited from different
engineering financing settings, including the construction
of infrastructure facilities, the generation of electricity,
transportation projects, as well as projects undertaken by
collaboration between private and public organizations.
Stratified sampling with purposive selection of the
subjects acting as different stakeholders (sponsors,

contractors, financiers, investors, and end-users) was
employed.

The data collection exercise took six months to complete
through online as well as on-the-ground efforts in
conjunction with the relevant industries. A bilingual
questionnaire was designed for use with foreign subjects.
Pre-testing was done using a focus group of domain
experts to ascertain the validity of the language employed.
Excluding questionnaires that were incomplete, could not
meet the attention tests, or had consistent answers, only
412 valid questionnaires remained. This figure exceeds the
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recommended number of ten times the maximum number
of structural paths linking constructs, thereby satisfying
the necessary criteria for carrying out structural equation
modeling.

The protocol for the study was granted ethical approval by
the Research Ethics Committee of [Institution Name],
Approval No. XXX-2024-YY, issued March 2024, before
data collection began. Participants were all adults of 18
years and older who were given an information sheet
detailing the purpose of the research, estimated duration,
voluntariness, freedom to leave at any time without

penalty, and academic purpose of the findings. Informed
consent was gathered in writing via a required consent box
in the initial page of the online survey, and a signed form
was taken when distributing the survey on-ground. All
data were de-identified upon entry into the system, and no
personal identifiers were kept in the analysis set. Any
identifiable linkages were securely held in an encrypted
computer system accessible only by the principal
researcher, and will be discarded after five years following
study completion in keeping with institutional data
governance procedures. The research methodology from
theory to data analysis is graphically depicted in Figure 2.

P
Theoretical » Literature review on Al, blockchain, and financial literacy b

Stage 1 — ¥ * Integration of TAM and UTAUT frameworks
g Groundin 9 ‘
& 9 * Formulation of four hypotheses (H1-H4) y
@ ; , ! R |
Instrament * Adaptation of validated measurement scales 3
Stage 2 — Devel t * Bilingual questionnaire (English / Chinese) ;
S ELDED * Expert review and pilot testing (n = 30) ) |
’ . |

» Stratified purposive sampling of engineering-project stakeholders | Six-month data

Stage 3 — | Data Collection * Online distribution and field outreach (6 months) | collection
* Target groups: sponsors, contractors, investors, managers, communities ) o -’C’g{;ﬁi’gh'm’
l | obtained prior
-~ ~ | tofieldwork.

. * Removal of incomplete and patterned responses ;
Stage 4 — Data Screening * Attention-check verification |
and Preparation * Final valid sample: N = 412 |
\__ » Common method bias assessment (Harman’s single-factor test) Y
b l e A S !
* Measurement model: reliability, convergent and discriminant validity ;
2 » Structural model: path coefficients, R, f2, Q2 i
Stage 5 — PLS-SEM Analysis Mediation and moderation testing (bootstrapping, 5,000 resamples)
* Robustness checks !

g/

Figure 2. Research Design and Analytical Procedure Flowchart

3.3 Variable Measurement

The operationalization of all constructs used multi-
dimensional measures with reflective measures based on
existing scales that have been previously validated, with
minor tweaks to make them relevant for engineering
endeavors. Financial literacy (FL) was operationalized
through an extended Big Five Scale which was used to
measure knowledge regarding interest compounding,
inflation, diversification of risk, mortgage financing, and
bond evaluation, as well as items measuring current
abilities such as algorithms and cybersecurity [2, 23]. The
use of the two-tier approach was necessitated by the need
to balance conventional methods of measurement with
technological demands.

The constructs AIE and BCE were both measured using
four measures for measuring technology usage frequency,
level of interaction with technology, reflective learning
from technology usage, and the perceived informational
worthiness of technology. The construct technological
engagement was conceptualized as a higher-order
construct consisting of the dimensions performance

expectancy, effort expectancy, and facilitating conditions
according to the UTAUT theory [33]. The project context
was measured using three items, where the level of
contract complexity, diversity of stakeholders, and
financial size of the engineering project were considered.

All items were rated on a seven-point Likert scale ranging
from 1 (strongly disagree) to 7 (strongly agree). Control
variables included respondent age, educational attainment,
years of industry experience, and project type. The full set
of items, together with their psychometric properties, is
presented in the subsequent section where the
measurement model is formally assessed.

3.4 Analytical Techniques

Partial Least Squares Structural Equation Modeling (PLS-
SEM) was used as the main method of data analysis since
it is an appropriate technique for dealing with models that
incorporate both reflective and higher order latent
variables, while remaining unaffected by slight non-
multivariate normality [34]. Analysis was performed in
two consecutive steps, beginning with an assessment of
the measurement model prior to structural modeling.
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The measurement model was formally specified as
follows:

X =A-g+S, 2)

where X; denotes the observed indicator, ﬂl is the outer
loading linking the indicator to its underlying latent
construct f, and 51 captures measurement error.

Assessment procedures included indicator reliability,
composite reliability, average variance extracted, and the
heterotrait—monotrait ratio for discriminant validity.

The structural model was specified as:

nj:ZlBji'ni'i'zyjk'gk'i'é’j 3
i k

where 77, denotes endogenous latent variables, ﬁj. and

7 represent path coefficients among endogenous and

from exogenous constructs respectively, and ¢ ; is the

structural  disturbance. Statistical significance was
established through bootstrapping with 5,000 resamples,
and the analysis was implemented in R using the SEMinR
package [35].

4. RESULTS AND DISCUSSION

4.1 Descriptive Statistics and Measurement Model
Table 1 reveals the demographic structure of the 412
participants in the survey. Male participants comprised
73.5% of the overall sample size, which is consistent with
demographic trends common to the engineering and
infrastructure industries. Participants aged between 31 and
40, as well as those aged 41 and 50, constituted the largest
age range group (69.6%). The sample included mainly
middle-aged people who are usually involved in the
financial decision-making process during the project
development phase. Regarding education level, most
participants held degrees at either the undergraduate
(47.6%) or graduate (34.5%) level.

Stakeholders included sponsors, project managers,
financial managers, contractors, investors, consultants, and
end-users in equal measure with each stakeholder category
comprising less than 30% of total participants. Projects
were taken mainly from infrastructure, energy and public
private partnership projects with respective percentages
being 36.4%, 23.3%, and 22.1% while financial size was
between less than 50 million to over one billion USD.
Respondents who worked on projects that cost above 200
million were in the majority at 44.2%. Geographical areas
of focus were mainly Asia-Pacific with the remaining
countries being FEurope, North America, and others
making up 58.3%, 20.6%, 12.4%, and 8.7% respectively.

Measurement models were assessed using the following
sequentially criteria stated in Table 2. Outer loadings of
the 24 items varied from 0.728 to 0.851 with 22 indicators
exceeding the 0.75 cut-off. Financial literacy items (FL1
and FL7) barely passed the 0.75 threshold, but they were
kept as a part of concept to preserve construct
completeness [34]. Acceptable internal consistencies of
each indicator were achieved with Cronbach's a being
within the interval of 0.789-0.879 and composite
reliability being from 0.876 to 0.907, which excludes
issues of under-saturation and redundancy caused by high
reliability (greater than 0.95). Convergent validity is not a
problem as all AVE values are in the range of 0.583-0.704,
and the smaller AVEs for the multidimensional constructs
of financial literacy and technological engagement should
be noted. High levels of AVEs well over the 0.50
threshold ensure enough explained variance of the
constructs. Discriminant validity of the indicators was
checked wusing the heterotrait-monotrait ratio of
correlations; all the off-diagonal values do not exceed the
conservative 0.85 threshold. The largest value corresponds
to AIE-TE ratio (0.804), which correlates with the
theoretically assumed proximity of AI engagement and
engagement constructs. In turn, the smallest ratio (0.497)
can be expected between Al engagement and a different
construct of PC as the independent variable. To eliminate
potential biases caused by the use of a single data source,
Harman's single-factor test gave a low value of the first
factor variance equal to only 34.7%.

Table 1. Sample Demographic Profile and Project-Context Distribution

Characteristic Category Frequency (n) | Percentage (%)
Gender Male 303 73.5
Female 109 26.5
Age (years) Below 30 68 16.5
31-40 169 41.0
41-50 118 28.6
Above 50 57 13.8
Educational Attainment Diploma or below 36 8.7
Bachelor's degree 196 47.6
Master's degree 142 34.5
Doctoral degree 38 9.2
Years of Industry Experience Less than 5 79 19.2
5-10 134 32.5
11-20 166 40.3
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More than 20 33 8.0
Stakeholder Role Sponsor / Client 72 17.5
Project / Financial manager 118 28.6
Contractor / Subcontractor 94 22.8
Investor / Consultant 102 24.8
End-user / Community 26 6.3
Project Type Infrastructure (transport, roads) 150 36.4
Energy (power, renewables) 96 23.3
PPP / BOT 91 22.1
Other (buildings, water, telecom) 75 18.2
Project Financial Scale (USD) Below 50 million 83 20.1
50-200 million 147 35.7
200 million — 1 billion 121 29.4
Above 1 billion 61 14.8
Geographic Region Asia-Pacific 240 58.3
Europe 85 20.6
North America 51 12.4
Middle East, Africa & Latin America 36 8.7

Note. Totals may deviate marginally from 100% due to rounding.
Panel A. Indicator Reliability, Internal Consistency, and Convergent Validity
Table 2. Reliability and Validity Assessment of the Measurement Model

Construct Item Outer Loading | Cronbach's a pPA pC(CR) | AVE

Al Engagement (AIE) AIE1 0.802 0.831 0.838 0.888 0.664
AIE2 0.819
AIE3 0.836
AIE4 0.808

Blockchain Engagement (BCE) BCEl 0.774 0.812 0.820 0.876 0.639
BCE2 0.806
BCE3 0.823
BCE4 0.795

Technological Engagement (TE) TEI 0.749 0.867 0.881 0.900 0.601
TE2 0.781
TE3 0.795
TE4 0.762
TE5 0.804
TE6 0.770

Financial Literacy (FL) FL1 0.728 0.879 0.889 0.907 0.583
FL2 0.775
FL3 0.789
FL4 0.812
FL5 0.770
FL6 0.754
FL7 0.741

Project Context (PC) PC1 0.833 0.789 0.794 0.877 0.704
PC2 0.851
PC3 0.835

Note. pA = consistent reliability coefficient; pC = composite reliability; AVE = average variance extracted.

Recommended thresholds: outer loadings > 0.708; Cronbach's o and pC > 0.70; AVE > 0.50 [34].
Panel B. Discriminant Validity — Heterotrait—-Monotrait Ratio (HTMT)

Construct AIE BCE TE FL PC
AIE —
BCE 0.712 —
TE 0.804 0.781 —
FL 0.638 0.605 0.762 —
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| PC

| 0497 [ 0523 | 0581 [ 0609 | — |

Note. All HTMT values fall below the conservative 0.85 threshold [34], supporting discriminant validity. Bold diagonal
values are omitted as HTMT is only meaningful between distinct constructs.

4.2 Al & Blockchain Engagement Patterns

As can be seen from Figure 3(a), the distribution
characteristics of AIE, BCE, as well as the combined
technological engagement (TE) show a clear variance
depending on project type. In the total sample, the mean
level of AIE always remained higher compared to that of
BCE, irrespective of the project type in question. The
described tendency is explained by the more developed
state of Al adoption in comparison to blockchain due to
the broad utilization of Al as part of decision-making
techniques including predictive analytics, automatic
reports, and cost forecasts as part of the engineering-
financing process. The blockchain technology, however, is
still in a less developed stage of organization adoption due
to the narrower scope of its application limited to
procurement-related processes only [15].

Nonetheless, a more detailed examination reveals notable
disparities between the various categories of projects.
Those that used public-private partnerships registered the
highest involvement in all three factors, registering an AIE
of 523 and a TE of 5.12. This is not surprising
considering the intricate nature of these partnerships and
the need for coordination among multiple parties. The
second highest levels of engagement were found in energy
projects, as they continue their transformation into the
digital era through renewable energy procurements and
grid management systems. On the other hand,
infrastructure projects had moderate engagement scores,
especially for AIE, whereas the residual project category
showed the lowest scores across all three constructs (AIE
= 4.61, BCE = 3.92, TE = 4.45), with blockchain

engagement falling below the neutral midpoint of the
scale.

It should be noted that the disparity between AIE and BCE
was smallest for PPPs and largest for the “other”
classification, implying that the complexity of governance
processes favors the Dbalanced deployment of
complementary technologies, while less complex
conditions favor the use of easier-to-use Al techniques.
Such variation corresponds with earlier findings that the
adoption of technology in construction management is
contingent upon the magnitude of the construction project,
context of regulation, and transaction costs [15]. The
generally low values of BCE suggest persistent obstacles
to the process and interoperability, similar to ongoing
challenges regarding the integration of procurement
processes despite technological maturity [16].

As can be seen, the TE mean values fell between those of
AIE and BCE within each project context category, which
is not surprising given the nature of the construct being
measured, which incorporates elements of performance
expectancy, effort expectancy, and facilitating conditions
with regard to the technology. There were larger
confidence intervals for BCE than for AIE, suggesting that
there was greater variation in responses in relation to
blockchain engagement, indicating that this has yet to be
internalized equally by professionals. These descriptive
patterns set the stage for the subsequent structural analysis,
where the asymmetric contributions of AIE and BCE to
technological engagement are formally tested, and where
the mediating pathway leading to financial literacy is
examined under varying project-context conditions.
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(a) Technological engagement patterns across project types
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Figure 3. Technological Engagement Patterns and SEM Path Analysis

4.3 Hypothesis Testing and Path Analysis

Bootstrapping analysis with 5,000 replications was done
for the structural model, with the estimated path
coefficients summarized in Table 3 and displayed in
Figure 3(b). The collinearity statistics yielded VIF
statistics within the range of 1.48 to 2.18, which were all
less than the stringent threshold of 3.0, thus,
multicollinearity was not a risk factor for any of the
estimated paths [34]. Support for the four proposed
relationships was observed, with differing degrees of
importance.

Al engagement had an effect on technological engagement
which was positive and large (H1: p =0.412,t=8.96, p <
0.001) and was indicated through a medium effect size (f
= 0.221). The contribution from blockchain engagement
was also significant (H2: f = 0.287, t = 5.98, p < 0.001);
however, it had a relatively smaller effect size (f> = 0.098).
The fact that both antecedents had different levels of
effects is reflected in the gap that exists between them in
Figure 3(a) and supports the assertion that Al has been
deeply integrated into the workflow process more than
blockchain in the context of engineering-finance [8].

Of the pathways mediating between the constructs, the
path linking the central mediator with the dependent
variable yielded the highest coefficient in the regression
model, with the technological engagement construct
having a significantly positive effect on the financial
literacy variable (H3: B = 0.486, t = 10.34, p < 0.001, > =
0.283). This result empirically supports the theory of the
role played by the ongoing interaction with artificial
intelligence- and blockchain-based technology platforms
as an active process for developing financial capability.

The moderating effect of project context generated a
statistically significant interactive impact (H4: p = 0.148, t
=3.02, p=0.004), but it was still rather small (f> = 0.021),
which is consistent with typical sizes of interaction effects
observed within structural models of this kind. Thus, the
inference derived from the finding is that the use of
technology as a means of enhancing financial literacy is
relatively more successful for projects involving high
contract complexity, diversity among stakeholders, and
financial significance, where the technology-related
reasoning is critical [31]. The model accounted for 38.9%
of the variance in financial literacy and had a positive Q?
predict statistic (0.206).
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When the four hypotheses are taken together, they make a
coherent chain of logical progression from technologies’
antecedents to their usage and subsequent impact on
financial competency. In addition, project context function

Panel A. Structural Path Estimates

as a secondary influence in this regard. Furthermore, the
difference in sizes of effect on each path sheds light on
which relationships should be considered first in future
applications of the technology.

Table 3. Summary of Hypothesis Testing Results and Effect Sizes

Hypothesis Path B SE t-value | p-value | 95% CI [LL, r VIF | Decision
UL]
H1 AIE — TE 0.412 | 0.046 | 8.956 | <0.001 [0.318, 0.221 | 1.63 | Supported
0.498]
H2 BCE—TE | 0.287 | 0.048 | 5979 | <0.001 [0.189, 0.098 | 1.71 | Supported
0.376]
H3 TE — FL 0.486 | 0.047 | 10.340 | <0.001 [0.389, 0.283 | 1.48 | Supported
0.571]
H4 TExPC— | 0.148 | 0.049 | 3.020 0.004 [0.052, 0.021 | 2.18 | Supported
FL 0.241]
Panel B. Model Explanatory and Predictive Power
Endogenous Construct R? Adjusted R* | Q? predict | Assessment
Technological Engagement (TE) 0411 0.408 0.237 Moderate
Financial Literacy (FL) 0.389 0.384 0.206 Moderate
Note. B = standardized path coefficients; SE = incorporated into engineering and finance processes [8].

bootstrapped standard errors; t-value obtained based on
5,000 bootstrapped replications using two-tailed
significance test; 2> = effect size as per Cohen (0.02 =
small effect; 0.15 = moderate effect; 0.35 = large effect);
VIF values less than 3.0 mean no multicollinearity; Q?
predict value greater than 0 means acceptable prediction
relevance. AIE = Artificial Intelligence Engagement; BCE
= Blockchain Engagement; TE = Technological
Engagement; FL = Financial Literacy; PC = Project
Context (as moderator). Hypotheses H1 to H4 have been
established at p < 0.01.

4.4 Theoretical and Practical Implications

There are various implications from the results depicted in
Table 3, which go further than previous perspectives on
both financial literacy research and engineering project
management. Conceptually, the clear indirect effect of
engagement with artificial intelligence and blockchain
technology towards financial literacy (Bs of 0.412 and
0.287 mediated by a coefficient of 0.486) changes the
perception of technological engagement from a secondary
construct following adoption to an active mechanism that
drives development. This is a departure from the previous
perspective that views engagement as part of the adoption
process, as articulated in the extension of the UTAUT
model [25], and aligns with the current theoretical
expansion of the concept of financial literacy to cover
digitally-driven competencies beyond knowledge tests
[23].

The role of AI and blockchain technologies in terms of
their contribution to engagement should be considered
further as well through the underlying mechanisms. Al
technology experienced a longer diffusion period until it
reached maturity in predictive analytics, automated
reporting, and advisory capabilities that became

Moreover, Al's results are easily comprehensible, which
reduces the cognitive barrier to using it frequently and
engaging with it thoughtfully. On the other hand,
blockchain  technology  requires  knowledge  of
cryptography and distributed ledgers and the integration
process of the technology takes place predominantly in
procurement and contracting tasks. The difference in 2
(0.098 versus 0.221) in terms of the effect on engagement
for blockchain technology is related to lower cognitive
accessibility and embeddedness of blockchain into
business processes. In addition, the interpretation provided
can help understand the limitations of the trust theory
applied in the extended version of UTAUT2, where
platform trust is seen as an influential factor moderating
adoption [27].

In addition, the small but important moderating role of
project context is evidence that the affordances of specific
situations influence the developmental outcome of
technologized experience, moderating claims about
contextual dependence seen in emerging markets research
on the adoption of FinTech [29]. In terms of practical
implications, aside from theoretical insights, the study also
presents important lessons for professionals. For example,
project sponsors and financial managers will find their
investments in artificial intelligence and blockchain
technologies to bear fruit only insofar as such investments
are combined with reflective engagement. Financial
educators can use the results to create curricula that
incorporate  digital  trust, algorithms, distributed
transactions, alongside traditional financial concepts.
Policy makers in charge of public-private partnerships will
discover that mandates for digital competency and
transparency will benefit both inclusion and project
management at once [14]. Technology developers should
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be aware that systems designed to foster reflection will
play a key role in cultivating financial competence.

4.5 Robustness Checks and Limitations

A number of robustness tests were conducted so as to
ensure the reliability of the conclusions drawn during the
research. Results of the multigroup analysis based on the
Asia-Pacific population and the non-Asia-Pacific
population showed that the research had path structures of
the model which were similar across the regions, as none
of the parameters had any statistical significance among
themselves. Another path model which was created after
removing the higher-order construct of technological
engagement and replacing it with its first-order constructs
displayed a positive direction and impact of all critical
paths. According to results of blindfolding test, Q* value
was positive for both endogenous variables.

It is necessary to point out several limitations, however.
Although the theoretical order and empirical findings
support the proposed model, due to its cross-sectional
nature, the study does not provide any strong basis for
establishing causality. While the sample represents
different role actors and types of projects, it remains
heavily biased towards the Asia-Pacific area, hence
restricting generalizability beyond the studied regulatory
and cultural context characterized by specific technology
governance arrangements. Morever, the study relies on
self-reports of respondents, which may result in perceptual
biases in the respondents' ratings. However, according to
the results of Harman and HTMT tests described above,
the issue seems to be less relevant. While the project
context is well captured via three items representing its
main dimensions, a more comprehensive approach can be
developed through the inclusion of behavioral traces
produced by artificial intelligence and blockchain
technology in conjunction with self-reports collected via
surveys. Such a direction of future research may be fruitful
for further application of the framework in project
management in emerging countries [29].

5. CONCLUSION

This research examined how the convergence of Al,
blockchain, and large-scale engineering projects improves
the financial literacy of stakeholders by means of
technological engagement based on the results of a
questionnaire conducted among 412 participants involved
in infrastructure, energy, and public-private partnership
projects. The proposed theoretical model, based on the
Technology Acceptance Model and the Unified Theory of
Acceptance and Use of Technology, considered
technological engagement as an intermediary variable
responsible for transmitting the effect of Al and
blockchain interaction on financial literacy.

The empirical analysis returned a coherent pattern of
findings. AI engagement showed a more pronounced
effect on technological engagement (f = 0.412) compared
to blockchain engagement (f = 0.287) because Al was
implemented more widely into engineering-finance
processes. Technological engagement had a pronounced

effect on financial literacy (B = 0.486), the strongest
relationship among all tested in this study. Project context
was another important variable that played a moderate role
in predicting the outcome of interest (B = 0.148, p =
0.004). In sum, the structural model accounted for 41.1%
and 38.9% of variance in technological engagement and
financial literacy, respectively. Hence, all four hypotheses
were confirmed through bootstrapping.

The importance of these results is evident in the way they
have reframed the whole discussion: technological
engagement becomes the means through which
capabilities occur rather than just a consequence of
adopting technology. When considering the actual
engineering projects as cases of learning in which such
capabilities of digital finance can be acquired, this
research broadens the scope of financial literacy and
includes professions working in technologically advanced
environments yet often neglected within research contexts.
These results further give practical suggestions on how to
integrate  artificial  intelligence = and  blockchain
technologies in an equitable way.

Additional studies are required in the areas of longitudinal
analysis, cross-region comparison, and behavioral trace
analysis, which would improve causal inference and
extend the research to other regulatory contexts. The union
of technology and engineering provides fertile ground for
the continual development of financial literacy.

Authorship and Contribution

ACKNOWLEDGEMENTS

The author wishes to thank the 412 participants who made
this study possible, the professional organizations that
helped conduct the fieldwork, the domain experts who
piloted the questionnaire, and the anonymous referees who
offered invaluable comments to improve the manuscript.

DATA AVAILABILITY STATEMENT

The anonymous data set used to draw conclusions in this
paper is available on request from the corresponding
author after complying with institutional protocols
concerning the use of data and informed consent obtained
from the participants. The raw data set with participant
details cannot be made public since this would violate the
agreement made during the informed consent process.

ETHICS DECLARATION

This research adhered to the guidelines of the Declaration
of Helsinki and was approved by the Research Ethics
Committee of [Institution Name] (Reference Number
XXX-2024-YY, dated March 2024). The participation of
all individuals in the study was done after obtaining
informed consent. The process was entirely voluntary,
confidential, and participants had the option to opt-out at
any point during the research period. There were no forms
of inducement provided that might affect the authenticity
of the responses.

CONFLICT OF INTEREST
The author declares no potential conflict of interest.

1JDDT, Volume 16 Issue 57s, 2026

Page: 813



Engagement

REFERENCES

(1]

(2]

(3]

[4]

[3]

(6]

[11]

[12]

DEMIRGUC-KUNT A, KLAPPER L, SINGER D,
et al. The Global Findex Database 2021: Financial
Inclusion, Digital Payments, and Resilience in the
Age of COVID-19 [J]. Washington, DC: World
Bank, 2022.

LUSARDI A, MITCHELL O S. The economic
importance of financial literacy: Theory and
evidence [J]. Journal of economic literature, 2014,
52(1): 5-44.

LUSARDI A, MITCHELL O S. The importance of
financial literacy: Opening a new field [J]. Journal
of Economic Perspectives, 2023, 37(4): 137-54.

HWANG H, PARK H 1. The relationships of
financial literacy with both financial behavior and
financial well-being: Meta-analyzes based on the
selective literature review [J]. Journal of Consumer
Affairs, 2023, 57(1): 222-44.

WEERAWARNA R, MIAH S J, SHAO X.
Emerging advances of blockchain technology in
finance: a content analysis [J]. Personal and
Ubiquitous Computing, 2023, 27(4): 1495-508.

DATTA S D, ISLAM M, SOBUZ M H R, et al.
Artificial intelligence and machine learning
applications in the project lifecycle of the
construction industry: A comprehensive review [J].
Heliyon, 2024, 10(5).

BILGE G C, ABRAHAM Y S, ATTARAN M.
Unlocking blockchain in construction: A systematic
review of applications and barriers [J]. Buildings,
2024, 14(6): 1600.

CHOI N, KIM H. Technological convergence of
blockchain and artificial intelligence: A Review
and Challenges [J]. Electronics, 2025, 14(1): 84.

RESSI D, ROMANELLO R, PIAZZA C, et al. Al-
enhanced blockchain technology: A review of
advancements and opportunities [J]. Journal of
Network and Computer Applications, 2024, 225:
103858.

FLYVBIJERG B, BUDZIER A, LEE J S, et al. The
empirical reality of IT project cost overruns:
discovering a power-law distribution [J]. Journal of
Management Information Systems, 2022, 39(3):
607-39.

LIU L X, CLEGG S, POLLACK J. The effect of
public—private partnerships on innovation in
infrastructure delivery [J]. Project Management
Journal, 2024, 55(1): 31-49.

ALSUWAIDI R A, MERTZANIS C. Financial
literacy and FinTech market growth around the
world [J]. International Review of Financial
Analysis, 2024, 95: 103481.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

The Convergence of Al, Blockchain, and Large Engineering Projects: Enhancing Financial Literacy through Technological

MENG K, MAHAPATRA M S, XIAO J I
Artificial intelligence and consumer financial
behavior: A systematic literature review and
agenda for future research [J]. Journal of Consumer
Behaviour, 2025, 24(4): 1755-86.

KAISER T, LUSARDI A. Financial literacy and
financial education: An overview [J]. Cambridge,
MA: National Bureau of Economic Research, 2024:
Working Paper No. 32355.

YU H, DENG X, ZHANG N, et al. Is blockchain
cost-effective in construction project management?
A systematic review from the perspective of
transaction cost [J]. Engineering, Construction and
Architectural Management, 2026, 33(1): 28-52.

AHMADISHEYKHSARMAST S, SENJI S G,
SONMEZ R. Decentralized tendering of
construction projects using blockchain-based smart
contracts and storage systems [J]. Automation in
Construction, 2023, 151: 104900.

CHENG J C, LIU H, GAN V J, et al. Construction
cost management using blockchain and encryption
[J]. Automation in Construction, 2023, 152:
104841.

COFFIE G H, CUDIJOE S. Using extreme gradient
boosting (XGBoost) machine learning to predict
construction cost overruns [J]. International Journal
of Construction Management, 2024, 24(16): 1742-
50.

ODEYEMI O, OKOYE C C, OFODILE O C, et al.
Integrating AI with blockchain for enhanced
financial services security [J]. Finance &
Accounting Research Journal, 2024, 6(3): 271-87.

KAISER T, LUSARDI A, MENKHOFF L, et al.
Financial education affects financial literacy and
downstream behaviors [J]. Journal of Financial
Economics, 2022, 145(2): 255-72.

ANGRISANI M, BURKE J, LUSARDI A, et al.
The evolution of financial literacy over time and its
predictive power for financial outcomes: Evidence
from longitudinal data [J]. Journal of Pension
Economics & Finance, 2023, 22(4): 640-57.

ZAIMOVIC A, TORLAKOVIC A, ARNAUT-
BERILO A, et al. Mapping financial literacy: A
systematic literature review of determinants and
recent trends [J]. Sustainability, 2023, 15(12):
9358.

KOSKELAINEN T, KALMI P, SCORNAVACCA
E, et al. Financial literacy in the digital age—A
research agenda [J]. Journal of Consumer Affairs,
2023, 57(1): 507-28.

CHOUNG Y, CHATTERIJEE S, PAK T-Y. Digital
financial literacy and financial well-being [J].
Finance Research Letters, 2023, 58: 104438.

1JDDT, Volume 16 Issue 57s, 2026

Page: 814



[25]

[26]

[27]

(28]

[29]

Engagement

SULTANA N, CHOWDHURY R S, HAQUE A.
Gravitating towards Fintech: A study on
Undergraduates using extended UTAUT model [J].
Heliyon, 2023, 9(10).

ALKHWALDI A F. Digital transformation in
financial industry: antecedents of fintech adoption,
financial literacy and quality of life [J].
International Journal of Law and Management,
2025, 67(6): 697-723.

AMNAS M B, SELVAM M, RAJA M, et al.
Understanding the determinants of FinTech
adoption: Integrating UTAUT2 with trust theoretic
model [J]. Journal of risk and financial
management, 2023, 16(12): 505.

BAJUNAIED K, HUSSIN N, KAMARUDIN S.
Behavioral intention to adopt FinTech services: An
extension of unified theory of acceptance and use
of technology [J]. Journal of Open Innovation:
Technology, Market, and Complexity, 2023, 9(1):
100010.

KUMAR J, RANI V. Financial innovation and
gender dynamics: a comparative study of male and
female FinTech adoption in emerging economies
[J]. International Journal of Accounting &
Information Management, 2025, 33(2): 334-53.

[30]

[31]

[32]

[33]

[34]

[35]

The Convergence of Al, Blockchain, and Large Engineering Projects: Enhancing Financial Literacy through Technological

AHMED S, ALSHATER M M, EL AMMARI A,
et al. Artificial intelligence and machine learning in
finance: A bibliometric review [J]. Research in
International Business and Finance, 2022, 61:
101646.

AKANFE O, LAWONG D, RAO H R. Blockchain
technology and privacy regulation: Reviewing
frictions and synthesizing opportunities [J].
International Journal of Information Management,
2024, 76: 102753.

DAVIS F D. Perceived usefulness, perceived ease
of use, and user acceptance of information
technology [J]. MIS quarterly, 1989, 13(3): 319-40.

VENKATESH V, MORRIS M G, DAVIS G B, et
al. User acceptance of information technology:
Toward a unified viewl [J]. MIS quarterly, 2003,
27(3): 425-78.

HAIR J F, RISHER J J, SARSTEDT M, et al.
When to use and how to report the results of PLS-
SEM [J]. European business review, 2019, 31(1):
2-24.

HAIR J F, HULT G T M, RINGLE C M, et al.
Partial least squares structural equation modeling
(PLS-SEM) using R: A workbook [M]. Springer,
2021.

1JDDT, Volume 16 Issue 57s, 2026

Page: 815



