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Abstract

Artificial intelligence-integrated ‘buy now, pay later’ (BNPL) platforms are diffusing
rapidly across the Middle East and North Africa (MENA), raising concerns about con-
sumer financial vulnerability. Drawing on choice architecture, payment decoupling,
and financial literacy literatures, this study examines how three platform-level features—
algorithmic nudging, Al personalization intensity, and perceived ease of credit—are asso-
ciated with impulsive buying tendency and downstream financial outcomes, and whether
BNPL-specific financial literacy attenuates these associations. A multi-method design
combined cross-sectional partial least squares structural equation modeling (N = 1247
active BNPL users in seven MENA countries) with a six-month longitudinal follow-up
(N = 847, 68% retention). Algorithmic nudging was positively associated with impul-
sive buying tendency, which in turn was associated with elevated financial stress and
longitudinal debt accumulation. The ‘loyalty trap’—a paradoxical state in which finan-
cially stressed consumers maintain high platform loyalty —is provisionally documented
via piecewise longitudinal trajectories. We emphasize that this pattern is consistent with
but not causally established by the present design, and we outline specific experimental
and quasi-experimental research designs needed for causal identification. BNPL-specific
financial literacy moderated the associations between algorithmic nudging, impulsive buy-
ing, and adverse financial outcomes, with the highest-literacy quartile exhibiting sub-
stantially attenuated debt trajectories. We discuss boundary conditions, alternative ex-
planations, and the limits of causal inference in non-experimental panel data. Findings
inform evolving BNPL regulatory frameworks in MENA, with particular relevance to
nudge-transparency disclosures, contractual cooling-off periods, and credit-bureau report-
ing standards.

Keywords: algorithmic nudging; buy now, pay later (BNPL); financial over-indebtedness;
impulsive buying tendency; financial literacy; artificial intelligence personalization;
consumer financial protection; fintech
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1. Introduction

The global buy now, pay later (BNPL) market has grown rapidly, with transaction
volumes surpassing USD 300 billion in 2024 [1]. Three established research streams inform
understanding of BNPL consumer outcomes.

First, studies in developed markets (UK: [2]; Australia: [3]; US: [4]) document that
BNPL adoption is associated with increased consumer debt, financial stress, and impul-
sive purchasing. However, these studies predominantly examine Western consumers and
focus on adoption-level outcomes rather than platform-specific mechanisms.

Second, research on Al-driven personalization [5,6] demonstrates that algorithmic rec-
ommendation systems increase purchase likelihood and consumer engagement. However,
this literature focuses on marketing effectiveness rather than consumer financial welfare,
leaving the financial consequences of personalization largely unexamined.

Third, studies of digital nudging [7,8] identify effective choice architecture techniques
in e-commerce. However, this research examines static interface elements in general retail
contexts rather than dynamic, Al-optimized nudging in digital credit platforms.

Despite these advances, three critical gaps persist.

Gap 1—The Platform Mechanism Gap: No prior study has simultaneously examined
Al personalization, algorithmic nudging, and perceived ease of credit as distinct but inter-
related antecedents of BNPL consumer outcomes. The relative importance of these plat-
form features and their interactions remain unknown.

Gap 2—The Mediation Mechanism Gap: While impulsive buying tendency has been
examined as a correlate of BNPL use [9], its role as a mediator translating specific platform
features into financial harm has not been empirically established.

Gap 3—The Boundary Condition Gap: Financial literacy has been identified as a
predictor of financial behavior [10], but its moderating role in algorithmic persuasion
contexts — particularly whether domain-specific literacy exceeds general literacy in protec-
tive effects—has not been examined in BNPL contexts.

Gap 4—The Contextual Gap: Prior BNPL research is overwhelmingly concentrated
in Western and South Asian markets. The MENA region, where BNPL adoption is accel-
erating rapidly [11] and financial literacy levels are below OECD averages, remains signif-
icantly understudied.

The study’s central research question is: How do Al personalization intensity, per-
ceived ease of credit, and algorithmic nudging influence consumer financial vulnerability
(financial stress, debt accumulation, and platform loyalty) through impulsive buying ten-
dency, and to what extent does BNPL-specific financial literacy moderate these relation-
ships in the MENA region?

To answer this question, we develop five theoretically grounded propositions com-
prising 23 testable hypotheses, organized around five structural pathways.

PROPOSITION 1 (Antecedent Interdependence): Al personalization intensity func-
tions as a foundational platform capability that enables both perceived ease of credit and
algorithmic nudging effectiveness (H1-H3).

PROPOSITION 2 (Impulsive Activation): The three platform features activate impul-
sive buying tendency through distinct but complementary mechanisms (H4-H6).

PROPOSITION 3 (Dual Harm Pathways): Impulsive buying tendency serves as the
primary proximal driver of both financial stress and debt accumulation (H10, H14), while
platform features exert additional direct effects on financial outcomes (H7-H9, H11-H13).

PROPOSITION 4 (The Loyalty Trap Paradox): Al personalization simultaneously
promotes platform loyalty (H15) while contributing to financial harm through indirect
pathways, creating a paradoxical state in which financially stressed users remain loyal
(H16-H19).
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PROPOSITION 5 (Literacy as Protective Buffer): BNPL-specific financial literacy at-
tenuates the harmful effects of algorithmic nudging and impulsive buying on financial
outcomes (H20-H23).

Table 1 maps each hypothesis onto its theoretical lineage and structural function.
These four paths are selected because they represent the two theoretically central mech-
anisms (platform-side nudging and consumer-side impulsivity) through which financial
harm is most proximally produced. Additional moderation paths involving Al person-
alization intensity and perceived ease of credit are examined in exploratory analyses
(Appendix C, Table A6).

Table 1. Hypothesis-to-proposition mapping with theoretical lineages.

Proposition Description Theoretical Lineage Hypotheses
P1: Antecedent Al pfersonahzatl.on enables ease of Choice Architecture H1-H3
Interdependence credit and nudging

P2: Impulsive Activation

Platform features activate Choice Architecture +

1mpulslye buying through distinct Payment Decoupling H4-H6
mechanisms

P3: Dual Harm Pathways

Impulsive buying drives financial
harm; platform features also exert Payment Decoupling H7-H14
direct effects

. Al personalization promotes Choice Architecture
P4: Loyalty Trap Paradox loyalty while contributing to harm (paradox) HIS>-HI19
P5: Literacy as Protective Financial literacy attenuates Financial Literacy Theory H20-FH23

Buffer

harmful pathways

This study develops and tests an integrative theoretical model that simultaneously
addresses all four gaps. Drawing on choice architecture theory [12], payment decoupling
theory [13], and financial literacy theory [14], we examine how three platform features
collectively activate impulsive buying tendency, which drives financial stress and debt ac-
cumulation, while simultaneously generating platform loyalty that may perpetuate harm-
ful usage patterns. We further examine whether BNPL-specific financial literacy attenu-
ates these pathways more effectively than general financial literacy. The study makes four
contributions: (i) introducing Al-enabled digital nudging as a distinct construct; (ii) iden-
tifying impulsive buying tendency as the primary mediation mechanism; (iii) provision-
ally documenting a loyalty trap pattern in fintech contexts; and (iv) demonstrating that
domain-specific financial literacy provides stronger protection than general literacy. Data
from 1247 BNPL users across seven MENA countries (cross-sectional) and 847 six-month
follow-up responses provide robust empirical support.

The remainder of this paper is organized as follows. Section 2 presents the theoretical
foundations and hypothesis development. Section 3 describes the research methodology
and study design. Section 4 reports the empirical results. Section 5 provides a critical
discussion of findings. Section 6 concludes with implications and recommendations.

2. Literature Review and Hypothesis Development

The academic study of consumer credit behavior has undergone significant transfor-
mation over the past five decades, evolving from purely economic models of rational bor-
rowing to sophisticated interdisciplinary frameworks incorporating behavioral economics,
social psychology, and information systems [15]. The emergence of BNPL as a distinct
product category represents the latest evolution in this trajectory, characterized by the con-
vergence of e-commerce, instant digital credit, and algorithmic consumer influence [16].
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Algorithmic Nudging

What platform
features influence
consumer
decision-making?

Unlike traditional installment credit or credit card offerings, BNPL schemes operate at the
precise intersection of consumption intent and payment decision, embedding credit offer-
ings within the purchase journey through seamless platform integration [17].

Al personalization intensity refers to the degree to which consumers perceive that
Al algorithms analyze their personal data to create tailored shopping and credit experi-
ences [18]. Thisconstructextendsthebroader conceptof personalizationine-commerce [19]
to specifically capture the Al-driven nature of contemporary recommendation and pricing
systems. The construct encompasses both the perceived sophistication of the Al system
(the extent to which consumers believe advanced algorithms are processing their data) and
the perceived relevance of resulting recommendations (the practical utility of personalized
suggestions) [20]. Research by Lee [6] demonstrates that Al personalization in financial
services creates both utilitarian benefits (improved product fit) and hedonic experiences
(enjoyment of discovery), with the hedonic dimension potentially overwhelming rational
evaluation of financial consequences.

Perceived ease of credit captures consumers’ subjective assessment of the accessibil-
ity and simplicity of obtaining BNPL credit relative to traditional alternatives [21]. This
construct reflects the fundamental value proposition of BNPL services—eliminating fric-
tion from the credit application process through instant approval, minimal documenta-
tion, and seamless integration with e-commerce checkout flows [22]. The construct builds
upon Davis’s [23] technology acceptance model concept of perceived ease of use, extend-
ing it to the specific context of digital credit acquisition. Aidala et al. [24] demonstrate
that perceived ease of credit is a stronger predictor of BNPL adoption than traditional
creditworthiness indicators, suggesting that BNPL services attract consumers precisely
because they circumvent the cognitive and procedural barriers associated with conven-
tional lending. Complementing this adoption-side evidence, Maesen and Ang [25], us-
ing customer-level transaction data from a large US retailer, show that BNPL installment
adoption causally raises both purchase incidence and basket size by reducing perceived fi-
nancial constraints —an effect strongest among smaller-basket and credit-reliant shoppers.
Their three pre-registered experiments locate this mechanism in the easing of perceived
costs and budget control, providing direct experimental support for our argument that
Al-enabled payment decoupling fuels the impulsive-buying pathway hypothesized in Hé.

2.1. An Integrative Multi-Theory Model

Our framework integrates three theories that interact sequentially rather than merely
coexist. Figure 1 depicts this interaction as a three-stage causal chain with a boundary
condition.

An Integrative Multi-Theory Model

. Chaoi : STAGE 2: Psychological Mediation STAGE 3: Outcome Differentiation
STAGE 1: Choice Architecture (Payment Decoupling + Impulsivity) (Payment Decoupling Continuation)
Credit

A shaped decision environment activates: What are the distinct financial
“Impulsive Buying Tendency” and behavioral consequences?

Financial
Harm

Platform Loyalty |
|

L (Paradoxical Concurrent Outcome)

s ™
Immediate Stress
'k (Affective Response) J

Reduced Pain of

Impulsive Paying Whahpsychalogical Impulsive
| [Payment Decoupling) mechanism Buyin !

= plattform features g

rlncreaszd Purchase | INt0 adverse \Tandency J

—» Buying
Terlllgency
Facilitation | outcomes?

/ Financial Literacy Functions:

) 1
| Accumulated Debt
| (Behavioral Qutcome) ]

4 BOUNDARY CONDITION: Cognitive capacity resource, evaluates nudge
~ Financial Literacy as Protective Resource cues, recognizes manipulative intent,

executes deliberate decision-making.

Figure 1. An Integrative Multi-Theory Model.
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Stage 1 —Choice Architecture [12]: Al personalization, perceived ease of credit, and al-
gorithmic nudging collectively shape the decision environment. This stage answers: What
platform features influence consumer decision-making?

Stage 2—Psychological Mediation (Payment Decoupling + Impulsivity): The shaped
decision environment activates impulsive buying tendency (through reduced pain of
paying and increased purchase facilitation), which then translates into financial harm.
This stage answers: What psychological mechanism translates platform features into ad-
verse outcomes?

Stage 3—Outcome Differentiation (Payment Decoupling Continuation): Financial
harm manifests as both immediate stress (affective response) and accumulated debt (be-
havioral outcome), while platform loyalty emerges as a paradoxical concurrent outcome.
This stage answers: What are the distinct financial and behavioral consequences?

Boundary Condition—Financial Literacy as Protective Resource [14]: Financial liter-
acy functions as a consumer capability resource (rather than a mere boundary condition)
that moderates the Stage 1-to-Stage 2 and Stage 2-to-Stage 3 transitions. It is conceptual-
ized as a protective mechanism that buffers against algorithmic persuasion by providing
cognitive resources to evaluate nudge cues, recognize manipulative intent, and execute
deliberate decision-making.

2.2. Theoretical Integration: How the Three Theories Interact
The three theories interact through sequential causal dependencies:

(1) Choice architecture triggers payment decoupling: Algorithmic nudging and ease of
credit reduce the salience of payment consequences [26], effectively creating a ‘dou-
ble decoupling” where both choice architecture and temporal separation combine to
amplify financial harm.

(2) Payment decoupling activates financial literacy’s protective function: Whenpayment
consequencesaredecoupled, financiallyliterate consumersarebetterabletomentally re-
constructthoseconsequences[10], effectively ‘re-coupling’ consumption and payment
through cognitive effort. Less literate consumers lack this reconstructive capacity.

(3) Financial literacy moderates choice architecture effects: Literate consumers recognize
nudge techniques (e.g., they identify default settings as deliberate platform choices
rather than natural arrangements), reducing nudge effectiveness [27].

This sequential-interactive structure is distinct from additive models in which theo-
ries merely contribute separate variance components. Our empirical model captures these
interactions through: (a) the structural paths from platform features to impulsive buying
(choice architecture-to-decoupling link); (b) the moderation of these paths by financial lit-
eracy (literacy-as-protective-resource); and (c) the differential effectiveness of BFL vs. GFL
(domain-specific reconstructive capacity).

Recent empirical studies have begun documenting the behavioral and financial conse-
quences of BNPL adoption. Kumar and Nayak [9] examined the effects of BNPL adoption
on risky indebtedness among Indian consumers, finding that impulsive buying tendency
and materialism significantly mediated the relationship between BNPL use and debt accu-
mulation. Their study, employing a sample of 1078 respondents, demonstrated that BNPL
services activated consumption impulses that traditional credit products did not, attribut-
ing this effect to the unique integration of credit with the purchase moment. The path
coefficient from BNPL adoption to impulsive buying tendency was 3 = 0.41 (p < 0.001),
with impulsive buying subsequently predicting debt accumulation at 3 = 0.38 (p < 0.001).

Raj et al. [28] investigated the relationship between materialism and the dark sides of
BNPL, identifying a positive association between materialistic values, compulsive buying
behavior, and BNPL-induced financial stress. Their findings, based on survey data from
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556 Indian consumers, indicated that BNPL services amplified the negative consequences
of materialism by removing payment friction at the moment of consumption desire. The
moderation analysis revealed that self-control significantly attenuated the materialism—
compulsive buying relationship (3 = —0.15, p < 0.01), suggesting individual differences
in vulnerability. Similarly, Schomburgk and Hoffmann [29] demonstrated that mindful-
ness attenuated the relationship between BNPL use and financial wellbeing (3 = —0.22,
p < 0.001), suggesting that present-moment awareness may counteract the impulsivity-
inducing effects of BNPL availability.

Ah Fook and McNeill [30] examined BNPL use and impulse buying behavior among
Australian young adults, finding that the instant gratification enabled by BNPL services
significantly increased unplanned purchasing (r = 0.34, p <0.01). Their qualitative findings
revealed that BNPL users often experienced a ‘dissociation” between the shopping act and
its financial consequences, consistent with the payment decoupling framework. The Cen-
tral Bank of Ireland’s [31] comprehensive review of the Irish BNPL market found that 35%
of BNPL users reported spending more than intended, with 18% experiencing difficulty
meeting repayment obligations. Notably, 43% of respondents aged 18-34 reported using
BNPL for purchases they would not have made otherwise.

The role of Al and algorithmic personalization in consumer financial behavior has
received increasing scholarly attention. Raji et al. [5] examined the role of Al-driven
personalization in online shopping behavior, finding that algorithmic recommendations
significantly increased both purchase likelihood (OR = 2.34) and basket size (+28%).
Their study highlighted the ‘filter bubble’ effect, where Al personalization creates self-
reinforcing consumption patterns by consistently presenting similar products and offers.
Miinscher et al. [7] provided a comprehensive taxonomy of digital nudging, identifying 16
distinct nudge archetypes commonly employed in digital choice environments and docu-
menting their effects on user behavior across multiple domains. Their meta-analysis found
that digital nudges produce average effect sizes of Cohen’s d = 0.42 on targeted behaviors.

Donou-Adonsou and Leslie-Piper [32] analyzed social media sentiment regarding
BNPL services, identifying a significant shift from predominantly positive sentiment in
2020 to increasingly negative sentiment by 2023, with growing concerns about debt, regret,
and financial stress. Their sentiment analysis of 45,000 tweets revealed that emotional lan-
guage around BNPL increasingly reflected anxiety (28% of posts) and regret (19%), sug-
gesting that consumers’ lived experiences with BNPL may diverge from initial positive
expectations. Sharma et al. [33] examined the concept of “psychological ownership” of bor-
rowed money, finding that consumers who perceived greater psychological ownership of
BNPL funds exhibited higher spending and lower repayment priority. Their experimental
manipulation demonstrated that framing BNPL as ‘your spending power’ versus ‘a loan’
significantly affected financial decision-making (p < 0.05).

Hayashi and Routh [21] investigated how platform loyalty develops in fintech con-
texts, finding that both satisfaction with the core service and trust in the platform’s benev-
olence predicted loyalty intentions. However, their study also documented a ‘loyalty trap’
phenomenon where highly loyal users continued using platforms despite negative finan-
cial outcomes, driven by habit, switching costs, and optimistic bias about future financial
management. This finding is particularly relevant to BNPL contexts, where platform loy-
alty may perpetuate harmful financial behaviors even as users recognize negative conse-
quences [34].

However, critical gaps remain in the existing literature. No prior study has simulta-
neously examined Al personalization, algorithmic nudging, and perceived ease of credit
as antecedents of consumer financial outcomes in BNPL contexts. The mediating role of
impulsive buying tendency has been examined in isolation but not as part of an integrated
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structural model incorporating all three platform features. The moderating role of finan-
cial literacy has been theorized but not empirically tested within the specific context of
Al-integrated BNPL services. Furthermore, the vast majority of existing studies have been
conducted in Western or South Asian contexts, with the MENA region significantly un-
derrepresented [35]. The current study addresses these gaps through a comprehensive,
multi-country investigation spanning seven MENA economies.

Based on the theoretical frameworks reviewed above and the identified research gaps,
we develop the following hypotheses. The relationships between the independent vari-
ables are grounded in the theoretical expectation that Al personalization creates the foun-
dation for both perceived ease of credit and algorithmic nudging. As Al systems per-
sonalize the user experience, they simultaneously streamline credit processes (increasing
perceived ease) and optimize nudge delivery (enhancing algorithmic nudging effective-
ness) [36].

PROPOSITION 3: DUAL HARM PATHWAYS —Platform Features Exert Both Direct
and Indirect Effects on Financial Outcomes.

Theoretical Rationale: While impulsive buying tendency is the primary proximal
driver of financial harm (PROPOSITION 2), platform features may exert additional direct
effects on financial outcomes through pathways not fully mediated by impulsivity. This
dual-pathway prediction draws on two theoretical arguments.

Direct Path Justification (H7-H9, H11-H13):

H7 (AI personalization to financial stress): Al personalization may increase financial
stress through information overload and decision fatigue [6], independent of impulsive
buying. Personalized credit offers increase cognitive load as consumers evaluate complex,
individualized terms, depleting mental resources needed for prudent financial planning.

HS8 (perceived ease of credit to financial stress): Easy credit access reduces perceived
risk, leading consumers to underestimate repayment burdens [22]. This risk underesti-
mation operates through cognitive mechanisms (optimism bias) distinct from impulsive
affective responses.

H9 (algorithmic nudging to financial stress): Nudges exploit specific behavioral bi-
ases (scarcity bias, social proof, default effects) that directly increase spending intentions
without necessarily activating general impulsivity [7]. A consumer may rationally plan
purchases but still overspend when nudges exploit separate cognitive shortcuts.

H11-H13 (same antecedents to debt accumulation): Parallel reasoning applies to debt
accumulation, with the addition that perceived ease of credit may directly increase debt
through ‘credit accessibility’ — consumers take on more obligations simply because the pro-
cess is frictionless, not because they are impulsive [21].

Partial Mediation Justification: We predict partial rather than full mediation because
impulsive buying captures affective/urgetive processes, while direct paths from platform
features capture cognitive mechanisms (bias exploitation, risk underestimation, accessibil-
ity). These are theoretically distinct pathways that should not fully overlap. Empirically,
the direct path from algorithmic nudging to financial stress (H9: beta = 0.269) remains sig-
nificant after including the indirect path through impulsive buying (AN to IBT: 0.336; IBT
to FS: 0.343; indirect = 0.115), confirming partial mediation (Sobel z = 4.82, p < 0.001 for
indirect effect; direct effect remains beta = 0.269, p < 0.001).

PROPOSITION 4: THE LOYALTY TRAP PARADOX—AI Personalization Creates
Competing Pathways to Loyalty and Harm.

Theoretical Rationale: Al personalization is hypothesized to simultaneously promote
loyalty (H15) and contribute to financial harm (through H4, H7, H11). This dual effect
reflects the inherent tension in Al-driven fintech; personalization improves user experience
(convenience, relevance, ease) while facilitating overconsumption.
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H15 Justification: Al personalization promotes loyalty through utilitarian benefits
(better product fit) and hedonic experiences (enjoyment of discovery) [6,21]. The effect
size is expected to be the largest among loyalty antecedents (f-squared > 0.08).

H16 Justification: Perceived ease of credit may promote loyalty through reduced
transaction friction, but this effect is predicted to be small (f-squared < 0.02) because ease
is a hygiene factor rather than a loyalty driver—its absence creates dissatisfaction, but its
presence does not strongly create loyalty.

H17 Justification: Algorithmic nudging may promote loyalty through engagement
cues (scarcity, exclusivity), but this effect is also predicted to be small because nudging
primarily affects purchase decisions rather than platform evaluation.

H18-H19 Justification: Financial stress and debt accumulation are expected to nega-
tively affect loyalty (H18, H19), representing a ‘rational exit’ pathway. However, the loy-
alty trap pattern (high stress + sustained loyalty) suggests this pathway is weaker than the
personalization-driven loyalty pathway.

The competing predictions—personalization increasing loyalty while its indirect ef-
fects increase harm —create the paradoxical loyalty trap pattern that we provisionally doc-
ument in the longitudinal analysis.

H1. Al personalization intensity positively affects perceived ease of credit.
H2. Al personalization intensity positively affects algorithmic nudging.
H3. Perceived ease of credit positively affects algorithmic nudging.

H4. Al personalization intensity positively affects impulsive buying tendency.
HS5. Perceived ease of credit positively affects impulsive buying tendency.
He6. Algorithmic nudging positively affects impulsive buying tendency.
H7. Al personalization intensity positively affects financial stress.

HS. Perceived ease of credit positively affects financial stress.

H9. Algorithmic nudging positively affects financial stress.

H10. Impulsive buying tendency positively affects financial stress.

H11. Al personalization intensity positively affects debt accumulation.
H12. Perceived ease of credit positively affects debt accumulation.

H13. Algorithmic nudging positively affects debt accumulation.

H14. Impulsive buying tendency positively affects debt accumulation.
H15. Al personalization intensity positively affects platform loyalty.
H16. Perceived ease of credit positively affects platform loyalty.

H17. Algorithmic nudging positively affects platform loyalty.

H18. Financial stress negatively affects platform loyalty.

https://doi.org/10.3390/jtaer21070227
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H19. Debt accumulation negatively affects platform loyalty.
H20a. GFL negatively moderates the algorithmic nudging-to-financial-stress path.

H20b. BFL negatively moderates the algorithmic nudging-to-financial-stress path (expected effect
size > H20a).

H21a. GFL negatively moderates the algorithmic nudging-to-debt-accumulation path.

H21b. BFL negatively moderates the algorithmic nudging-to-debt-accumulation path (expected
effect size > H21a).

H22a. GFL negatively moderates the impulsive buying-to-financial-stress path.

H22b. BFL negatively moderates the impulsive buying-to-financial-stress path (expected effect
size > H22a).

H23a. GFL negatively moderates the impulsive buying-to-debt-accumulation path.

H23b. BFL negatively moderates the impulsive buying-to-debt-accumulation path (expected effect
size > H23a).

In Figure 2, the research model depicts the bifurcated financial literacy structure and
its hypothesized differential moderation effects. The GFL-BFL correlation (r = 0.39) sup-
ports their treatment as distinct but related constructs rather than a single bifactor.

General Financial BNPL-Specific
Literacy (GFL) Financial Literacy (BFL)
Al Personalization ‘,xj.'-"'ﬁggb / H20b
Intensity H22a/H20a". " . #(Stronger Buffer)
\ ; Financial Stress]
Perceived Ease Impulsive Buying
of Credit Tendency '
B ADebt i
! ebt Accumulation
Algorithmic b
Nudging H23b /H21b
(Stronger Buffer)

Figure 2. Research model.

3. Methodology and Study Design

3.1. Research Design and Procedure
3.1.1. Design Overview

This study employs a two-stage sequential design.

https://doi.org/10.3390/jtaer21070227
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Stage 1: Cross-sectional survey (N = 1247) across seven MENA countries, analyzed
via PLS-SEM.

Stage 2: Six-month longitudinal follow-up (N =847, 68% retention) to assess temporal
changes in financial outcomes.

This design partially supports temporal precedence claims between Time 1 antecedents
and Time 2 outcomes [37,38], though causal identification requires additional safeguards,
discussed in Section 6.2.

3.1.2. Data Collection Protocol

Collection Period: September 2025-March 2026 Recruitment Channels: Online pan-
els (Qualtrics Panels, YouGov MENA) + BNPL provider newsletters + social media adver-
tisements Eligibility Criteria: (i) Active BNPL usage (at least one transaction in preceding
3 months); (ii) Residence in Egypt, Jordan, Saudi Arabia, United Arab Emirates, Morocco,
Algeria, or Lebanon.

Informed consent was obtained digitally before survey commencement. All partici-
pants received an information sheet detailing study purpose, voluntary participation, con-
fidentiality protections, and withdrawal options.

3.1.3. Survey Instruments

The Time 1 instrument comprised three sections: (a) Demographics and BNPL us-
age characteristics (Section A), (b) 30-item construct measurement instrument (Section B;
full item wording in Appendix A, Table A2), (c) optional open-ended question on BNPL
experiences (qualitative context only).

The Time 2 instrument (administered six months later to consenting participants) as-
sessed changes in financial stress, debt accumulation, and platform loyalty using identical
measurement items for within-subject comparison. Table 2 summarizes the measurement
timing for each construct.

Table 2. Construct measurement timing across study waves.

Construct Time 1 Time 2 Type
Al Personalization Intensity (AIPI) Measured Not remeasured Exogenous
Perceived Ease of Credit (PEC) Measured Not remeasured Exogenous
Algorithmic Nudging (AN) Measured Not remeasured Exogenous
Impulsive Buying Tendency (IBT) Measured Not remeasured Mediator

General Financial Literacy (GFL) Measured Not remeasured Moderator
BNPL-Specific Financial Literacy (BFL) Measured Not remeasured Moderator
Financial Stress (FS) Measured (baseline) Remeasured (outcome) Endogenous
Debt Accumulation (DA) Measured (baseline) Remeasured (outcome) Endogenous
Platform Loyalty (PL) Measured (baseline) Remeasured (outcome) Endogenous

3.1.4. Measurement Timing Specification

Table 2 (see Section 2.2 above) specifies the measurement timing for each construct.
The following principles guided the timing design:

Time 1 (All Constructs): All exogenous constructs (Al personalization, perceived ease
of credit, algorithmic nudging), the mediator (impulsive buying tendency), the modera-
tor (financial literacy), and baseline outcome measures (financial stress, debt accumula-
tion, platform loyalty) were measured at Time 1. This full baseline measurement enables
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(a) cross-sectional structural model estimation; (b) moderation analysis; and (c) autoregres-
sive longitudinal modeling controlling for Time 1 outcome baselines.

Time 2 (Outcome Constructs Only): Only the three endogenous outcome constructs
(financial stress, debt accumulation, platform loyalty) were remeasured at Time 2. The six-
month lag between measurements captures meaningful changes in financial circumstances
while minimizing attrition. The exogenous constructs, mediator, and moderator were not
remeasured because (i) six months is insufficient for meaningful changes in platform fea-
ture perceptions (these reflect relatively stable design characteristics); (ii) financial literacy
changes slowly and would show minimal six-month variation; and (iii) reducing Time 2
instrument length was essential for achieving acceptable retention (68%).

Six-Month Interval Justification: The six-month interval was selected based on three
criteria: (a) BNPL repayment cycles typically span 2—4 months, so six months captures
approximately 1.5-3 complete repayment cycles; (b) previous BNPL longitudinal re-
search [3,4] used similar intervals and detected meaningful financial outcome changes;
(c) attrition simulation based on panel provider data indicated that intervals beyond six
months would reduce retention below 55%, threatening statistical power.

3.2. Measurement Instrument

All constructs were measured using multi-item scales adapted from established in-
struments in the consumer behavior, information systems, and personal finance litera-
tures. Items were presented on a 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly
Agree), consistent with established practice in the field and appropriate for the MENA
context where 5-point scales demonstrate superior response quality compared to longer
alternatives [39]. Al personalization intensity (AIPI) was measured using four items
adapted from Raji et al. [5] and Lee [6], capturing perceived Al sophistication and rec-
ommendation relevance. Perceived ease of credit (PEC) was measured using four items
adapted from Davis [23] and Donou-Adonsou and Leslie-Piper [32], assessing the sim-
plicity and accessibility of BNPL credit acquisition. Whereas earlier digital nudge tax-
onomies [7,8,40] conceptualize nudges as static interface-level interventions selected ex
ante by designers, algorithmic nudging—as theorized here—denotes a higher-order con-
struct comprising five behaviorally distinct dimensions (interface design, social proof,
scarcity cues, default presentation, and personalized timing) that are dynamically opti-
mized in real time by machine-learning systems against individual-level behavioral and
transactional traces. Full item wording, source attribution, and standardized loadings
are reported in Appendix A, Table A2. Algorithmic nudging therefore subsumes elements
of digital-nudge classifications while extending them into the data-driven personaliza-
tion regime characteristic of contemporary BNPL platforms. Impulsive buying tendency
(IBT) was measured using four items adapted from Badgaiyan et al. [41] and Rook and
Fisher [42], capturing unplanned purchasing and spontaneous acquisition behavior. Lit-
eracy has emerged as a focal construct in digital-finance research, with recent evidence
from emerging and frontier markets demonstrating its protective role against fintech-
induced over-indebtedness [43—46]. In the MENA region specifically, OECD/INFE [47]
survey data document substantially lower financial-literacy scores than in OECD aver-
ages, while King et al. [48] report that digital-credit users exhibit heterogeneous financial-
knowledge profiles. Building on these foundations, financial literacy (FL) was measured
using five items, two adapted from the standard Lusardi and Mitchell [14] “Big Three”
battery (compound interest and inflation) and three newly developed BNPL-specific items
assessing knowledge of (a) late-payment penalty structures, (b) credit-bureau reporting of
BNPL defaults, and (c) the cumulative cost implication of overlapping BNPL contracts.
All items used a 5-point correctness-scaled format. Full item wording is provided in
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Appendix A, Table A3. Financial stress (FS) was measured using five items adapted from
Netemeyer et al. [49] and the Consumer Financial Protection Bureau [50] financial well-
being scale. Debt accumulation (DA) was measured using four items adapted from the
Central Bank of Ireland [31] and Financial Conduct Authority (FCA) [51] BNPL review in-
struments. Platform loyalty (PL) was measured using four items adapted from Oliver [52]
and Zeithaml et al. [53], capturing behavioral and attitudinal loyalty dimensions.

Consumers’ perceived analysis of personal data operates through two interrelated
channels that jointly constitute Al personalization intensity: (a) perceived relevance of
recommended credit terms, which captures the consumer’s belief that platform offers
match individual circumstances; and (b) perceived adaptivity, which captures the belief
that those offers evolve in response to ongoing behavior. The intensity of perceived data
analysis is thus the upstream cognition; relevance and adaptivity are its observable behav-
ioral consequences.

It is also analytically important to distinguish algorithmic nudging from the related
construct of digital dark patterns [54,55]. Dark patterns are typically classified by their
deceptive intent (e.g., sneak-into-basket, confirm shaming, forced action) and are concep-
tualized as discrete interface manipulations. Algorithmic nudging, in contrast, is not de-
fined by deceptive intent but by mechanism —namely the learning-based personalization
of choice architecture. Some manifestations of algorithmic nudging may overlap with dark
patterns (e.g., adaptive scarcity cues), while others (e.g., personalized timing of credit of-
fers) are not classically deceptive and would fall outside dark-pattern taxonomies. Algo-
rithmic nudging therefore extends, rather than replicates, the dark-pattern framework by
foregrounding the machine-learning substrate that generates the nudge rather than the
surface-level interface artifact.

The measurement instrument underwent a rigorous validation process prior to de-
ployment. First, the draft instrument was reviewed by a panel of five academic experts
in consumer psychology, fintech, and MENA region studies to assess content validity and
cultural appropriateness. Second, cognitive pre-testing was conducted with 30 BNPL users
(five from each of Egypt, Saudi Arabia, and the United Arab Emirates) to identify items that
were confusing, ambiguous, or culturally inappropriate. Minor wording adjustments were
made to three items based on pre-test feedback. Third, a pilot study with 150 respondents
was conducted to perform initial exploratory factor analysis and reliability assessment, re-
sulting in the elimination of two items with factor loadings below 0.60.

3.2.1. Algorithmic Nudging: Definition and Theoretical Scope

We adopt the term Al-enabled digital nudging (AI-DN) to accurately reflect both
the digital choice architecture substrate and the Al-driven optimization layer that distin-
guishes contemporary BNPL platforms from earlier e-commerce interfaces. AI-DN is de-
fined as ‘the use of machine learning systems to dynamically personalize digital choice
architecture elements based on individual user data, with the goal of influencing behavior
without restricting options, where personalization improves continuously through feed-
back loops’ (adapted from [56,57]).

This definition emphasizes three distinguishing features: (1) Temporal Adaptivity:
The nudge reconfigures in real-time based on user behavior, unlike static digital nudges [8]
or physical choice architecture [12]. (2) Individual Specificity: The nudge is calibrated
to individual-level behavioral and transactional traces rather than population-level seg-
mentations. (3) Machine-Learning Opacity: The optimization rationale is embedded in
proprietary models opaque to the user, creating informational asymmetries distinct from
transparent interface design.
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AI-DN subsumes but extends prior taxonomies of digital nudging [7,8] by foreground-
ing the machine-learning substrate rather than the surface-level interface artifact.

While measurement items AN1-AN3 capture observable interface manifestations
(scarcity cues, defaults, social proof), the reflective higher-order model treats these as indi-
cators of an underlying Al-driven optimization construct. The second-order specification
(Figure 3) captures the theoretical distinction between first-order nudge types (interface-
level) and second-order algorithmic optimization (system-level).

Al-Enabled Digital Nudging First-Order Dimensions

F1: Interface Design
F2: Social Proof

F4: Default Presentation

5: Personalized Timing
Algorithmic Adaptivity)

ANG6: Learning/Adjusting

AN7: Session Browsing

ANS: Predictive Timing

Figure 3. Reflective higher-order measurement model.

Measurement items with algorithmic adaptivity indicators: The instrument adds
three items specifically capturing algorithmic adaptation and real-time personalization.
These items were validated through cognitive pre-testing with 30 BNPL users and pilot-
tested with 150 respondents (factor loading > 0.78 for all three items; see Appendix A for
complete psychometric details).

3.2.2. Financial Literacy: A Dual-Dimension Protective Resource

Drawing on the financial literacy framework [14] and recent extensions distinguish-
ing domain-specific from general knowledge [58,59], we conceptualize financial literacy as
comprising two related but functionally distinct dimensions.

General Financial Literacy (GFL): Understanding of universal financial concepts in-
cluding compound interest, inflation, risk diversification, and time value of money [10,14].
GFL develops through formal education, life experience, and general media exposure.

BNPL-Specific Financial Literacy (BFL): Understanding of product-specific risks, in-
cluding late-payment penalty structures, credit-bureau reporting rules for BNPL defaults,
cumulative costs of overlapping contracts, and refinancing traps unique to digital install-
ment credit. BFL develops through direct BNPL experience, provider disclosures, and
targeted education [59].

3.3. Sampling and Data Collection

The target population comprised active BNPL users aged 18-65 residing in the seven
MENA countries. Following the sampling guidance for PLS-SEM analysis, the minimum
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required sample size for detecting medium effect sizes (f> = 0.15) at o = 0.05 with 80% sta-
tistical power was computed using two complementary procedures, (i) the inverse-square
root method of Kock and Hadaya [60], which yielded a minimum N of 139, and (ii) a confir-
matory a priori power analysis conducted in G*Power 3.1.9.7 [61] using a linear multiple-
regression specification with 7 predictors, which yielded a minimum N of 153. The more
conservative estimate (N = 153) was retained as the analytical floor. To account for incom-
plete responses, attrition, and the need for subgroup analyses, the target sample was set at
1500 respondents, with country quotas proportional to estimated BNPL market sizes.

Moderation effects (H20-H23) were estimated using the two-stage approach recom-
mended by Henseler and Chin [62] for PLS-SEM. In Stage 1, latent variable scores for
the predictor (e.g., algorithmic nudging) and moderator (financial literacy) were extracted
from the main effects model. In Stage 2, the product of the standardized latent scores was
entered as an interaction term in a re-estimated structural model. Significance of each in-
teraction was assessed via 5000 resample bootstrap confidence intervals.

The final Time 1 sample comprised 1247 complete and valid responses, representing
an effective response rate of 23.4% after excluding incomplete surveys (n =412) and failed
attention checks (n = 78). Sample characteristics: Egypt (24.8%, n = 310), Saudi Arabia
(19.7%, n = 246), United Arab Emirates (19.5%, n = 243), Jordan (10.2%, n = 127), Morocco
(10.4%, n = 130), Algeria (10.1%, n = 126), and Lebanon (5.3%, n = 65). Gender distribu-
tion was 52.1% male and 47.9% female. Age distribution: 18-24 (20.2%), 25-34 (34.8%),
35-44 (25.3%), 45-54 (15.1%), and 55+ (4.6%). Education levels: high school (19.6%), bach-
elor’s degree (45.3%), master’s degree (25.2%), and doctoral degree (9.9%). Monthly in-
come distribution: <USD 1000 (25.0%), USD 1000-3000 (30.2%), USD 3000-5000 (25.1%),
USD 5000-10,000 (15.0%), and >USD 10,000 (4.7%). BNPL usage frequency: daily (9.8%),
weekly (25.4%), monthly (29.7%), occasionally (25.1%), and first-time users (10.0%).

The longitudinal follow-up at Time 2 retained 847 respondents (68.0% retention rate),
which exceeds the 50% threshold recommended for valid longitudinal analysis in social sci-
ence research [63]. Attrition analysis revealed no significant differences between retained
and attrited respondents on key demographic variables (gender: x2 = 1.24, p = 0.266; age:
F=0.87, p = 0.481; education: x? = 3.56, p = 0.313) or baseline construct scores (all p > 0.10),
supporting the assumption that attrition was random rather than systematic.

3.3.1. Sampling Protocol and Quota Establishment

Country quotas were established proportionally to estimated active BNPL user pop-
ulations in each country, derived from three sources: (i) BNPL provider market reports
(Tabby, Tamara, Postpay); (ii) central bank fintech adoption statistics; and (iii) e-commerce
transaction volume data [11]. Target quotas: Egypt (25%), Saudi Arabia (20%), United
Arab Emirates (20%), Morocco (10%), Algeria (10%), Jordan (10%), Lebanon (5%). Actual
achieved proportions deviated minimally from targets (largest deviation: Lebanon —0.2%;
Egypt —0.2%).

3.3.2. Common Method Bias Minimization

Beyond procedural remedies (randomized item order, separate scale anchors, tem-
poral separation between predictor and outcome sections), we implemented three statisti-
cal safeguards:

(@) Negative Control Variable: A theoretically unrelated construct (frequency of physical
grocery shopping) was included as a predictor of all endogenous outcomes. No path
from this control reached significance (all p > 0.20), suggesting that common method
variance does not systematically inflate relationships.
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(b) Marker Variable Technique: A theoretically unrelated marker variable (preference for
organic food products) was correlated with all substantive constructs. Partial corre-
lations between marker and substantive variables ranged from r = —0.04 to 0.07 (all
n.s.), indicating minimal shared method variance.

(¢) Unmeasured Latent Method Construct (ULMC): A latent method factor was added
to the measurement model, explaining <2% of indicator variance, well below the 5%
threshold indicating meaningful common method bias [64].

3.4. Analytical Approach

We employed partial least squares structural equation modeling (PLS-SEM), selected
for its predictive orientation and robustness to non-normal data distributions [65]. Model
estimation was performed in SmartPLS 4.0 [66] with 5000 bootstrap resamples for signif-
icance testing. Moderation effects were estimated via the two-stage approach [62], and
longitudinal analysis employed autoregressive multiple regression controlling for Time 1
outcome baselines.

The choice of PLS-SEM over CB-SEM is justified by three study characteristics: (i) the
model’s predictive-explanatory orientation rather than theory-testing focus; (ii) the pres-
ence of formative-indicator specifications in the algorithmic nudging higher-order con-
struct; and (iii) the need to accommodate moderate sample sizes in subgroup analy-
ses [65,67].

Common method bias (CMB) was addressed through both procedural and statis-
tical remedies. Because the news-media preference may correlate with digital literacy
and BNPL adoption, we replaced this marker with a more defensible negative-control
variable —self-reported frequency of grocery shopping in physical retail outlets in the past
month—which has no plausible theoretical link to algorithmic BNPL exposure or impul-
sive online purchasing. The negative control was entered as a predictor of all five endoge-
nous constructs (Appendix E, Table A16). No path from the negative control to any endoge-
nous construct reached significance. Statistically, we report (a) Harman’s single-factor test
(largest factor = 28.4% variance, below the 50% threshold); (b) full-collinearity VIF values
(all below 3.2, below the 3.3 threshold of Kock [68]; (c) a marker-variable test in which par-
tial correlations between the marker and substantive constructs ranged from r = —0.04 to
r =0.07 (all n.s.); and (d) an unmeasured latent method construct (ULMC) test, which in-
dicated that method variance explained <2% of indicator variance. Collectively, these pro-
cedures provide substantially stronger evidence against CMB than reliance on Harman’s
test alone.

We assessed measurement invariance across the seven MENA countries using the MI-
COM procedure for PLS-SEM [69]. Step 1 (configural invariance) was supported by con-
struct equivalence in identical indicator sets and identical algorithm settings. Step 2 (com-
positional invariance) was supported for all eight constructs (all permutation-based corre-
lation p-values > 0.05). Step 3 (equality of composite mean values and variances) indicated
partial measurement invariance: AN, AIPI, PEC, IBT, and DA met full invariance; FS and
PL met compositional but not full mean-equality invariance; the original FL construct did
not meet step 3 invariance (a further justification for bifurcation, A3). Partial invariance is
sufficient for cross-group structural comparisons [70]; we therefore re-estimated the struc-
tural model with multi-group analysis (Appendix G). The direction and significance of all
focal paths were stable across countries; the magnitude of the H6 path (AN — IBT) varied
modestly (3 range 0.28-0.39), with Saudi Arabia and the United Arab Emirates display-
ing larger coefficients than Morocco and Algeria—a pattern we interpret tentatively given
country-level cell sizes.
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4. Results

4.1. Measurement Model Assessment
4.1.1. Internal Consistency Reliability

Table 3 reports three reliability coefficients for all constructs: Cronbach’s alpha, com-
posite reliability (CR), and McDonald’s Omega (omega). All constructs exceed recom-
mended thresholds (alpha greater-than-or-equal-to 0.70; CR greater-than-or-equal-to 0.70;
omega greater-than-or-equal-to 0.70) in the purified model. McDonald’s Omega is re-
ported alongside alpha because omega is less biased by item number and tau-equivalence
violations [71], which are common in multidimensional marketing constructs.

Table 3. Measurement model psychometric properties (purified model).

Construct Items Alpha CR Omega AVE Status

Al Personalization Intensity 4 0.823 0.836 0.815 0.512 Excellent

Perceived Ease of Credit 4 0.851 0.862 0.841 0.534 Excellent
Al-Enabled Digital Nudging (2nd order) 8 0.843 0.854 0.836 0.587 Good
Interface Design (1st order) 3 0.812 0.824 0.802 0.604 Good
Social Proof (1st order) 2 0.791 0.802 0.788 0.671 Good
Scarcity Cues (1st order) 2 0.778 0.791 0.774 0.658 Good
Default Presentation (1st order) 2 0.805 0.818 0.798 0.694 Good
Personalized Timing (1st order) 3 0.824 0.836 0.816 0.612 Good
Impulsive Buying Tendency 3 0.836 0.848 0.828 0.528 Good
General Financial Literacy (GFL) 2 0.756 0.762 0.740 0.617 Good
BNPL-Specific Financial Literacy (BFL) 3 0.824 0.806 0.810 0.583 Good

Financial Stress 5 0.889 0.900 0.885 0.568 Excellent

Debt Accumulation 4 0.872 0.884 0.868 0.543 Excellent
Platform Loyalty 3 0.821 0.847 0.815 0.541 Good

4.1.2. Convergent Validity

Convergent validity was assessed through factor loadings and Average Variance Ex-
tracted (AVE). Initial estimation revealed that Platform Loyalty (AVE = 0.312) and Impul-
sive Buying Tendency (AVE = 0.476) fell below the 0.500 threshold. Rather than automatic
deletion, we conducted theory-driven diagnostic analysis:

Item PL3 (‘I would recommend this BNPL platform to friends’): This item cross-loaded
on Financial Stress (loading =0.42) and exhibited low communalities (h-squared=0.28). The
cross-loading is theoretically interpretable; financially stressed consumers may be reluctant
torecommend a platform they associate with their own difficulties, suggesting content over-
lap with financial wellbeing rather than pure loyalty. Removal is theoretically justified.

Item PL5 (‘I trust this BNPL platform to act in my best interest’): This item exhib-
ited the lowest loading (lambda = 0.48) and cross-loaded on Perceived Ease of Credit
(loading = 0.38). The cross-loading reflects conceptual overlap between ‘trust in platform
benevolence” and ‘ease of use’—both involve platform usability perceptions rather than
pure attitudinal loyalty. Given Hayashi and Routh’s [21] finding that trust-benevolence
and satisfaction are distinct loyalty antecedents, PL5’s poor performance may reflect its
tapping trust-benevolence rather than loyalty per se. Removal is theoretically justified.

Item IBT4 ('I often buy things on impulse without considering the consequences’):
This reverse-coded item exhibited low loading (lambda = 0.46) and significant cross-
loading on Financial Stress (loading = 0.44). The cross-loading reflects content overlap;
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‘without considering consequences’ directly references financial outcomes, making the
item a hybrid impulsivity—consequence measure rather than pure buying tendency. Re-
moval is theoretically justified.

Re-estimation after removal produced revised AVE values of 0.541 (Platform Loyalty)
and 0.528 (Impulsive Buying Tendency), meeting recommended thresholds. Sensitivity
analysis (Table A5, Appendix B) confirms that the substantive pattern of structural path
estimates is preserved relative to the original specification.

4.1.3. Indicator Reliability and Cross-Loadings

Table 4 reports standardized factor loadings, indicator reliabilities (squared loadings),
and the full cross-loading matrix for all retained items. All factor loadings exceed 0.60
(range: 0.612-0.892), and all indicator reliabilities exceed 0.36. Cross-loadings are substan-
tially lower than primary loadings (largest cross-loading = 0.32), supporting discriminant
validity at the indicator level.

Table 4. Standardized factor loadings and cross-loadings (selected items).

ftem E(I;lalgflz I%:l?;;aitl(i)try Cro?siil:)eas(;ing Target Construct
AIPI1 0.784 0.615 0.28 (AN) Al Personalization
AIPI2 0.802 0.643 0.24 (PEC) Al Personalization
AIPI3 0.756 0.572 0.31 (AN) Al Personalization
AIPI4 0.712 0.507 0.22 (IBT) Al Personalization
ANT1 (Scarcity) 0.824 0.679 0.28 (AIPI) Alg. Nudging
AN6-NEW (Adaptivity) 0.812 0.659 0.26 (AIPT) Alg. Nudging
AN7-NEW (Real-time) 0.788 0.621 0.24 (PEC) Alg. Nudging
ANS-NEW (Predictive) 0.796 0.634 0.30 (AIPT) Alg. Nudging
IBT1 0.832 0.692 0.22 (AN) Impulsive Buying
IBT2 0.784 0.615 0.24 (FS) Impulsive Buying
IBT3 0.756 0.572 0.18 (DA) Impulsive Buying
BFL1 0.802 0.643 0.15 (GFL) BNPL Literacy
BFL2 0.778 0.605 0.18 (GFL) BNPL Literacy
BFL3 0.824 0.679 0.14 (GFL) BNPL Literacy

4.1.4. Financial Literacy Bifurcation: Theoretical Rationale and Empirical Justification

The bifurcation of financial literacy into general financial literacy (GFL) and BNPL-
specific financial literacy (BFL) was not data-driven but theoretically planned:

(a) A priori theoretical basis: Lusardi and Mitchell’s [10] original financial literacy scale
focuses on universal concepts (compound interest, inflation, risk diversification),
while BNPL-specific knowledge (late penalties, credit-bureau reporting, cumulative
costs) represents conceptually distinct content that prior research has identified as
important but undermeasured [59].

(b) Exploratory factor analysis of the original five-item scale revealed a two-factor solu-
tion (eigenvalues: 1.82, 1.21; parallel analysis cut-off: 1.18), confirming the multidi-
mensional structure.

(c) The two subscales exhibit discriminant validity (HTMT = 0.52, below the 0.85 thresh-
old) and differential nomological relationships; BFL moderates BNPL-specific harm
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pathways more strongly than GFL (38% larger effects), consistent with the theoretical
prediction that domain-specific knowledge provides targeted protection.

(d) The new BNPL literacy items were developed following established scale develop-
ment procedures: literature review, expert panel review (five academics), cognitive
pre-testing (30 BNPL users), and pilot testing (150 respondents). Full development
documentation is provided in Appendix A.

(e) Validation: The new items were validated both internally (within the main study) and
externally (via confirmatory factor analysis in a separate holdout sample of 200 BNPL
users recruited from the same panels). The holdout sample confirms the two-factor
structure (CFI = 0.96, TLI = 0.94, SRMR = 0.048) and reliability (BFL: alpha = 0.824;
GFL: alpha = 0.756).

Theoretical Distinction and Functional Roles.

We propose that GFL and BFL serve different protective functions. GFL provides gen-
eral decision-making competence that reduces susceptibility to all forms of financial per-
suasion [72]. BFL provides domain-specific resistance that is particularly effective against
BNPL-specific nudge techniques because it directly addresses the information asymme-
tries that algorithmic nudging exploits (e.g., consumers who understand cumulative con-
tract costs are less likely to be swayed by ‘only four easy payments’ framing).

Diagnostic analysis revealed that the original five-item financial literacy scale was
multidimensional (two-factor solution: eigenvalues 1.82 and 1.21, parallel-analysis cut-
off 1.18). Following the reviewer’s recommendation, we separated financial literacy into
two theoretically distinct sub-constructs: (i) general financial literacy (GFL: two adapted
Lusardi-Mitchell Big-Three items — compound interest and inflation) and (ii) BNPL-specific
financial literacy (BFL: three new items on late-payment penalties, credit-bureau reporting
of BNPL defaults, and cumulative cost of overlapping contracts). Re-estimated psycho-
metrics: GFL (AVE =0.617, CR = 0.762, w = 0.74), BFL (AVE =0.583, CR =0.806, w = 0.81).
The correlation between GFL and BFL is r = 0.39, supporting their treatment as related-but-
distinct constructs. The moderation findings reported in Section 4.4 are re-estimated with
BFL as the focal moderator (which carries the theoretically relevant content for BNPL con-
texts), and with GFL as a sensitivity-check moderator. Both produce a buffering effect of
comparable direction, with BFL effects ~38% larger in absolute magnitude.

Because the inter-construct correlation between algorithmic nudging and Al person-
alization intensity was r = 0.484 —within an acceptable but not negligible range —we re-
port the heterotrait-monotrait ratio (HTMT) of correlations [73] as a more conservative
discriminant-validity diagnostic. The HTMT between AN and AIPI is 0.71 [bootstrap
95% CI: 0.66, 0.76], below the conservative 0.85 threshold and the more liberal 0.90 thresh-
old. We additionally note that the two constructs are theoretically distinct; AIPI cap-
tures the intensity of algorithmic personalization output (e.g., recommendation density),
whereas AN captures choice-architectural deployment of those outputs (e.g., scarcity
cues, default presentation). Multi-collinearity diagnostics in the structural model yielded
VIF values <2.4 for all predictors, well below the conventional 5.0 threshold. All inter-
construct HTMT values were below the conservative 0.850 threshold (range: 0.412-0.821;
full matrix in Table A4), supporting discriminant validity for all eight constructs. As a
corroborating check, the Fornell-Larcker criterion—applied after the item purification de-
scribed in 4.1 —was satisfied for all eight constructs. Pre-purification, two constructs (im-
pulsive buying tendency and financial literacy) failed Fornell-Larcker; this failure was
traced to the same low-loading items subsequently removed, and discriminant validity
is now confirmed under both criteria. The full correlation matrix (Table 5) reveals the-
oretically consistent inter-construct relationships, with the highest correlations observed

https://doi.org/10.3390/jtaer21070227


https://doi.org/10.3390/jtaer21070227

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 227 19 of 50

between impulsive buying tendency and both financial stress (r = 0.572) and debt accumu-
lation (r = 0.630), as theoretically expected.

Table 5. Descriptive statistics and correlation matrix.

Construct Mean SD AIPI PEC AN IBT FL FS DA PL
Al Personalization 3.12 0.84 1 0.231489 0.324703  0.4494  0.014637 0.478533 0.44083 0.208795
Perceived Ease 342 0.88  0.231489 1 0.233974 0.384786 —0.00474 0.397335 0.433796 0.060008
Algorithmic Nudging  3.05 0.79  0.324703 0.233974 1 0.484196 0.006287 0.536592 0.51621 0.066766
Impulsive Buying 2.89 091 0.4494  0.384786 0.484196 1 0.027878 0.623739 0.630142 0.022308
Financial Literacy 2.76 0.87 0.014637 —0.00474 0.006287 0.027878 1 —0.19657 —0.15056 0.110397
Financial Stress 2.73 096 0.478533 0.397335 0.536592 0.623739 —0.19657 1 0.635502 —0.05785
Debt Accumulation 2.62 097  0.44083 0.433796 0.51621 0.630142 —0.15056 0.635502 1 —0.01765
Platform Loyalty 3.25 0.74  0.208795 0.060008 0.066766 0.022308 0.110397 —0.05785 —0.01765 1

4.2. Structural Model Results
4.2.1. Hypothesis Testing with Practical Significance Assessment

All nineteen direct hypotheses received empirical support in the primary specifica-
tion. However, we distinguish statistical from practical significance following recommen-
dations in information systems research [68]:

Practically Significant Effects (f-squared greater-than-or-equal-to 0.15 or Cohen’s d
greater-than-or-equal-to 0.50): H6 (AN to IBT): beta = 0.336, f-squared = 0.134 [medium
effect, near-practical threshold]; H10 (IBT to ES): beta = 0.343, f-squared = 0.164 [medium
effect]; H14 (IBT to DA): beta = 0.368, f-squared = 0.201 [medium-to-large effect].

These effects are substantively meaningful; a one-standard-deviation increase in
impulsivebuyingtendencyisassociated withapproximately USD 38 of additional six-month
BNPLdebtatsamplemeans(translated viathedebtaccumulationscale-to-dollar conversion).

Small but Potentially Meaningful Effects (0.02 less-than-or-equal-to f-squared < 0.15):
H1-H5, H7, H9, H11-H13, H15, H18: f-squared range 0.030-0.101. These effects are statis-
tically significant due to the large sample (N = 1247) but should be interpreted cautiously.

Practically Negligible Effects (f-squared < 0.02): H16 (PEC to PL): beta = 0.104,
f-squared = 0.011; H17 (AN to PL): beta = 0.132, f-squared = 0.018; H19 (DA to PL):
beta = —0.109, f-squared = 0.012. These effects, while statistically significant, explain less
than 2% of incremental variance and should not be interpreted as substantively meaning-
ful. We accordingly de-emphasize these paths in the Section 5.

4.2.2. Safeguards Against Overfitting and Model Misspecification

Given that all 23 hypotheses are supported, we implemented four safeguards.

Safeguard 1: Bonferroni-Holm correction applying family-wise error correction
across 19 direct hypotheses; 15 remain significant at alpha = 0.05 (Table A15, Appendix E).
The four non-significant paths (H8, H16, H17, H19) are those with smallest effect sizes,
consistent with Type I inflation in the original specification.

Safeguard 2: alternative model comparison.

We tested two alternative specifications: (a) reversed mediation (financial stress and
debt predict impulsive buying); (b) financial literacy moderates first-stage (antecedent to
IBT) rather than second-stage paths. Both alternatives fit significantly worse than the focal
model (delta AIC = +147 and +89; Vuong z = 4.81 and 3.22, p < 0.001), reducing concerns
about model misspecification.

Safeguard 3: covariate-adjusted model adding five demographic covariates (income,
education, employment, household size, pre-existing debt) as exogenous controls attenu-
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ated significant path coefficients by 9-34%, but 16 of 19 focal paths remained significant.
This pattern suggests that unobserved heterogeneity does not fully explain the results.
Safeguard 4: PLSpredict and out-of-sample assessment.
We report comprehensive predictive assessment using PLSpredict [74] with 10-fold
cross-validation (Table 6):

Table 6. PLSpredict out-of-sample predictive assessment (10-fold cross-validation).

Outcome Construct  PLS-SEM RMSE Naive LM RMSE  Q-Squared_pred Interpretation
Financial Stress 0.682 0.741 0.108 Moderate predictive power

Debt Accumulation 0.734 0.802 0.085 Small-to-moderate power
Platform Loyalty 0.698 0.712 0.020 Modest predictive power

— Financial Stress: RMSE = 0.682 (PLS-SEM) vs. 0.741 (naive benchmark); Q-squared_
predict = 0.108. The PLS-SEM model outperforms the naive benchmark by 8.0%, in-
dicating meaningful out-of-sample predictive power.

—  Debt Accumulation: RMSE =0.734 vs. 0.802; Q-squared_predict=0.085. Outperforms
benchmark by 8.5%.

— Platform Loyalty: RMSE = 0.698 vs. 0.712; Q-squared_predict = 0.020. Modest outper-
formance (2.0%), consistent with the model’s low explanatory power.

The Q-squared_predict values indicate that the model has small-to-moderate out-of-
sample predictive relevance (values > 0 indicate prediction better than the naive mean),
reducing concerns about overfitting. However, the modest Q-squared values for loyalty
reinforce our cautious interpretation of loyalty findings.

4.2.3. Country-Level Robustness and GCC Dominance Assessment

We conducted multi-group analysis (MICOM procedure; [69]) to assess whether re-
sults are disproportionately driven by GCC respondents (Saudi Arabia + United Arab Emi-
rates = 39.2% of sample).

Table 7 shows that (a) direction and significance of all focal paths are stable across all
seven countries; (b) magnitude of the H6 path (algorithmic nudging to impulsive buying)
varies modestly (beta range: 0.28-0.39); (c) GCC countries (Saudi Arabia, United Arab
Emirates) show slightly larger coefficients than non-GCC countries (Morocco, Algeria), but
confidence intervals overlap; (d) Lebanon (n = 65) produces point estimates consistent with
other countries but with wider confidence intervals due to smaller cell size.

Table 7. Country-level structural path comparison (H6: AN to IBT).

Country N Hé: Beta (AN to IBT) p-Value 95% CI
Egypt 310 0.312 <0.001 [0.228, 0.396]
Saudi Arabia 246 0.362 <0.001 [0.268, 0.456]
United Arab Emirates 243 0.378 <0.001 [0.284, 0.472]
Morocco 130 0.284 <0.001 [0.158, 0.410]
Algeria 126 0.296 <0.001 [0.168, 0.424]
Jordan 127 0.328 <0.001 [0.210, 0.446]
Lebanon 65 0.314 0.003 [0.112, 0.516]
Full Sample 1247 0.336 <0.001 [0.296, 0.376]

To formally test GCC dominance, we estimated the structural model with a GCC/non-
GCC grouping variable as a control on all endogenous constructs. The GCC control is non-
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significant for financial stress (beta = 0.042, p = 0.312) and debt accumulation (beta = 0.038,
p = 0.401), indicating that regional differences do not drive the focal results. However, the
GCC control is marginally significant for platform loyalty (beta = 0.089, p = 0.048), suggest-
ing that loyalty dynamics may differ between GCC and non-GCC contexts. We accordingly
interpret loyalty findings with appropriate geographic caution.

4.3. Moderation Analysis Results

Financial literacy demonstrated statistically significant negative moderation effects on
all four hypothesized interaction paths (H20-H23; Table 8). In addition, four exploratory
(non-hypothesized) interaction paths involving Al personalization intensity and perceived
ease of credit were tested post hoc to evaluate the breadth of financial literacy’s protec-
tive influence; these exploratory paths also yielded significant negative interaction terms
(Appendix C, Table A6). For confirmatory hypothesis testing, we restrict interpretation to
the four pre-registered hypotheses (H20-H23). The moderation effects were strongest
for the relationships between impulsive buying tendency and both financial stress (H22:
3 =0.143, p < 0.001) and debt accumulation (H23: 3 =0.147, p <0.001), indicating that finan-
cially literate consumers are substantially less likely to translate impulsive buying behavior
into adverse financial outcomes. The algorithmic nudging interactions also demonstrated
significant negative moderation on financial stress (H20: (3 = 0.141, p < 0.001) and debt
accumulation (H21: $ =0.127, p <0.001).

Table 8. Comparative moderation effects: general financial literacy (GFL) vs. BNPL-specific financial
literacy (BFL).

Interaction Path

GFL Moderation (Beta) = BFL Moderation (Beta) Difference (BFL-GFL)

AN x FL to Financial Stress —0.098 *** —0.141 +44% BFL stronger
AN x FL to Debt Accumulation —0.089 *** —0.127 = +43% BFL stronger
IBT x FL to Financial Stress —0.105 *** —0.143 *** +36% BFL stronger
IBT x FL to Debt Accumulation —0.110 *** —0.147 *** +34% BFL stronger

Average Difference

- - +38% BFL stronger

Note: *** p <0.001; BFL = BNPL-specific financial literacy; GFL = general financial literacy. All moderation effects
estimated using the two-stage approach with 5000 bootstrap resamples.

The pattern of moderation effects reveals that financial literacy serves as a broadly pro-
tective factor rather than selectively buffering specific pathways. This finding suggests that
financial literacy programs targeting BNPL users could provide comprehensive protection
against algorithmic persuasion, regardless of the specific nudge mechanism employed.

Simple-slope decomposition of the two most theoretically central interactions is il-
lustrated in Figure 4. Panel A shows that the slope linking algorithmic nudging to finan-
cial stress flattens from 0.410 at low financial literacy to 0.128 at high financial literacy;
Panel B shows an analogous attenuation in the IBT — debt accumulation pathway (from
0.515 to 0.221).

Figure 4: Simple-slope plots of financial literacy’s buffering effect. (A) Algorithmic
nudging x financial literacy — financial stress (interaction 3 = —0.141, p <0.001). (B) im-
pulsive buying tendency X financial literacy — debt accumulation (interaction (3 = —0.147,
p <0.001). Slopes are plotted at low (—1 SD, red), mean (gray dashed), and high (+1 SD,
green) financial literacy. Shaded bands represent bootstrapped 95% confidence intervals
(5000 resamples). The progressively flatter slopes at higher financial literacy substantiate
the proposed protective-resource interpretation.
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Figure 4. Simple-slope plots of financial literacy’s buffering effect.

4.4. Longitudinal Analysis Results

The six-month follow-up data provided strong support for the temporal precedence
assumptions underlying the structural model (Table 9). Time 1 impulsive buying tendency
significantly predicted both Time 2 financial stress (3 = 0.212, p < 0.001) and Time 2 debt
accumulation (3 = 0.238, p < 0.001), establishing that impulsive buying tendency precedes
and contributes to subsequent financial deterioration. Algorithmic nudging at Time 1 also
predicted Time 2 financial stress (f = 0.175, p < 0.001) and debt accumulation ( = 0.163,
p <0.001), confirming the persistence of nudging effects over time.

Table 9. Longitudinal analysis: Time 1 predictors to Time 2 outcomes.

Time 2 Outcome T1 Predictor B P Sig. R2
Al Personalization (T1) 0.128 <0.001  *** 0.350
Perceived Ease (T1) 0.098 0.003 ** —
Financial Stress (T2) Algorithmic Nudging (T1) 0.175 <0.001  *** —
o,
Impulsive Buying (T1) 0.119, 95A/;{§ i [5)001691 ,0.176], <0.001  *** -
Al Personalization (T1) 0.098 0.004 ** 0.310
Perceived Ease (T1) 0.143 <0.001  *** —
Debt Accumulation (T2)  Algorithmic Nudging (T1) 0.163 <0.001  *** —
Impulsive Buying (T1) 0142 95A/;{2Ci [(?602872' 02081 o1 #  —
Al Personalization (T1) 0.235 <0.001  *** 0.110
Perceived Ease (T1) 0.077 0.042 * —
o . 0.094, 95% CI [0.030, 0.158],
Platform Loyalty (T2) Algorithmic Nudging (T1) Af{z =[0 011 ] 0.032 o —
Financial Stress (T1) —0.128 <0.001  *** —
Debt Accumulation (T1) —0.068 0.041 * —

Note: * p <0.05; ** p <0.01; ** p <0.001. All coefficients are standardized. T1 = Time 1; T2 = Time 2. Confidence
intervals for key predictors are bias-corrected and accelerated (BCa) bootstrap 95% Cls based on 5000 resamples.
AR? represents incremental variance explained by the focal predictor beyond the autoregressive baseline. The
autoregressive (stability) coefficients are: DA T1 — T2 =0.612 ***, FS T1 — T2 = 0.587 ***, PL T1 — T2 =0.701 ***.
The retained effects therefore reflect change in the outcome that is statistically attributable to the Time 1 predictor
over and above the outcome’s own stability.
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A preliminary ‘loyalty trap” pattern is empirically documented in Table 9. Across IBT
tertiles, six-month change scores reveal that high-IBT consumers (top tertile) experienced
a+0.74 SD rise in financial stress and a +0.81 SD rise in debt accumulation, compared with
+0.21 SD and +0.18 SD in the low-IBT tertile (both between-tertile contrasts p < 0.001). De-
spite this, platform-loyalty scores in the high-IBT tertile remained 0.42 SD higher than in
the low-IBT tertile at Time 2 (p < 0.001, d = 0.39). This observed pattern—worsening fi-
nancial outcomes coexisting with sustained loyalty —is consistent with a loyalty-trap inter-
pretation, though causal identification of the mechanisms underlying this pattern requires
further research. We characterize this as a provisional empirical observation rather than a
confirmed causal mechanism. The within-subject and between-tertile trajectories are illus-
trated in Figure 5, which uncovers a “loyalty trap” dynamic.

Panel A: Financial Stress Panel B: Debt Accumulation Panel C: Platform Loyalty
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Figure 5. Six-month longitudinal trajectories stratified by baseline impulsive buying tendency.

Figure 5: Six-month longitudinal trajectories of (A) financial stress, (B) debt accumu-
lation, and (C) platform loyalty, stratified by baseline (Time 1) impulsive buying tendency
tertile. Markers indicate mean scores; error bars represent =1 SEM. Between-tertile dif-
ferences at Time 2 tested via ANCOVA controlling for the respective Time 1 outcome:
% p<0.001, ** p<0.01, * p <0.05, ns = not significant. The figure reveals the ‘loyalty trap’
paradox—high-IBT consumers experience accelerating financial harm yet display the high-
est sustained loyalty to the BNPL platform. This paradox is theoretically consistent with
the research agenda articulated by Kang et al. [75] on platform-based multinational corpo-
rations (PMNCs), who argue that platforms generate consumption-side lock-in through
network effects, data feedback loops, and algorithmic curation. Within their framework,
BNPL platforms act as quintessential consumption-side PMNCs; their Al infrastructure
does not merely facilitate transactions but actively constructs the choice environment in
which loyalty and indebtedness co-evolve.

The longitudinal R? values (0.350 for financial stress, 0.310 for debt accumulation) in-
dicate that the Time 1 constructs explain substantial variance in Time 2 outcomes, support-
ing the theoretical model’s predictive validity over time. Piecewise regression on the lon-
gitudinal sub-sample reveals an inflection point: loyalty declines significantly once debt-
accumulation scores exceed approximately 4.1 on the five-point scale (corresponding to
roughly three concurrent BNPL contracts in arrears) and once financial-stress scores ex-
ceed approximately 3.8 (95% ClIs reported in Appendix C). Below these thresholds, the
loyalty trap persists. The implied erosion timeline—derived from the slope of the change-
score regression—is approximately 9-12 months after the inflection threshold is reached.
These quantified thresholds offer regulators an early-warning indicator.
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4.5. Summary of Key Findings

The empirical analysis provides support for the hypothesized model. All 19 direct
effect hypotheses and four moderation hypotheses were supported at p < 0.05 or better.
The key findings are: (1) algorithmic nudging is the strongest driver of impulsive buy-
ing tendency among the three antecedents; (2) impulsive buying tendency is the primary
proximal cause of both financial stress and debt accumulation; (3) Al personalization in-
tensity has a dual effect, promoting platform loyalty while simultaneously contributing
to financial harm through indirect pathways; (4) financial literacy significantly attenuates
all harmful pathways, identifying it as a crucial protective factor; and (5) the longitudinal
panel is consistent with temporal ordering in which Time 1 impulsive buying tendency
statistically precedes Time 2 financial deterioration. We characterize this as a temporally
ordered associational sequence rather than a causal chain because the design does not rule
out third-variable confounding (e.g., baseline materialism, time-varying income shocks) or
measurement-occasion artefacts.

5. Discussion
5.1. Interpretation of Key Findings

The findings of this study are consistent with Al-integrated BNPL platforms creating
systematic pathways to consumer financial vulnerability through the convergence of algo-
rithmic nudging, Al personalization, and perceived ease of credit. The structural model
results demonstrate that these platform features operate through impulsive buying ten-
dency as the primary mediating mechanism, ultimately producing financial stress and debt
accumulation while simultaneously generating paradoxical platform loyalty that may per-
petuate harmful usage patterns.

The dominant effect of algorithmic nudging on impulsive buying tendency (3 =0.336,
p < 0.001) represents a significant theoretical and practical contribution. This finding ex-
tends Miinscher et al.’s [7] digital nudge taxonomy by empirically validating that the aggre-
gation of nudge mechanisms in BNPL contexts produces behavioral effects substantially
larger than those documented in isolated nudge experiments. The effect size (f> = 0.134)
exceeds the medium threshold, indicating that algorithmic nudging explains meaningful
variance in impulsive buying beyond the contributions of Al personalization and perceived
ease of credit. This result is consistent with Caraban et al.’s [8] theoretical prediction that
digital nudges exploiting multiple behavioral biases simultaneously produce superaddi-
tive effects, though the cross-sectional design precludes definitive causal claims regarding
the interaction between nudge types.

The finding that impulsive buying tendency serves as the primary proximal driver
of both financial stress (3 = 0.343) and debt accumulation (3 = 0.368) extends Kumar and
Nayak’s [9] Indian sample results to the MENA context, while providing more nuanced
understanding of the antecedent structure. Whereas Kumar and Nayak found BNPL adop-
tion directly predicted impulsive buying, the current study disaggregates BNPL adoption
into its constituent platform features, demonstrating that algorithmic nudging is the most
potent activation mechanism. This finding has important regulatory implications, as it
identifies specific platform design elements —rather than BNPL services per se—as the pri-
mary locus for intervention.

The dual effect of Al personalization intensity —simultaneously promoting platform
loyalty (f = 0.309) while contributing to financial harm through indirect pathways—
resolves an apparent paradox in the existing literature. Raji et al. [5] and Lee [6] docu-
mented the positive effects of Al personalization on consumer satisfaction and engage-
ment, while Donou-Adonsou and Leslie-Piper [32] and the Central Bank of Ireland [31]
highlighted the negative financial consequences of BNPL use. The current study demon-
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strates that these are not contradictory findings but rather complementary facets of the
same phenomenon; Al personalization enhances the user experience (building loyalty)
precisely by making BNPL more appealing and accessible (facilitating harm). This insight
suggests that platform designers face an inherent tension between user experience opti-
mization and consumer welfare protection.

The moderation analysis provides the most actionable findings for consumer protec-
tion policy. This protective role mirrors recent European evidence; Lanciano et al. [76]
show that Italian households with higher financial knowledge —including a newly devel-
oped sustainable financial-literacy dimension—make systematically more prudent credit
and investment choices, supporting the broader Lusardi-and-Mitchell premise that lit-
eracy compresses the gap between behavioral impulse and rational financial planning.
Consistent with that logic, financial literacy in our model demonstrates significant neg-
ative moderation on all eight tested interaction paths, with the strongest effects on
the impulsive-buying-tendency-to-outcome relationships. This finding extends Lusardi
and Mitchell’s [14] financial literacy theory to the algorithmic consumer finance context,
demonstrating that financial knowledge serves as a broadly protective factor against al-
gorithmic manipulation. The practical implication is that financial literacy interventions
specifically tailored to BNPL risks—covering topics such as understanding installment
costs, recognizing nudge techniques, and managing multiple BNPL obligations—could
substantially reduce consumer harm without restricting access to beneficial credit services.

5.1.1. Limits of Causal Interpretation

Throughout this paper, we characterize relationships as ‘associated with” and ‘pre-
dictive of’ rather than ‘causing.” This linguistic caution reflects three limitations of our
non-experimental panel design.

First, temporal precedence (established by the six-month lag) is necessary but not suf-
ficient for causal inference. Unobserved time-varying confounders (e.g., income shocks,
relationship changes, macroeconomic conditions) may jointly influence both impulsive
buying and financial outcomes.

Second, reverse causality cannot be fully excluded. While the autoregressive longi-
tudinal specification (controlling for Time 1 outcome baselines) mitigates this concern, re-
ciprocal effects between debt accumulation and impulsive buying (where existing debt
motivates further BNPL use) remain plausible. Third,¢ selection into Al-intensive plat-
forms may correlate with impulsivity traits not captured by our measures. Consumers
who choose more aggressive BNPL providers may be inherently more susceptible to both
nudging and financial harm.

We therefore interpret our findings as establishing a temporally ordered associational
sequence consistent with theoretical predictions, not as proving causal effects. Future ex-
perimental designs (e.g., platform feature manipulations, nudge removal studies) would
be required for causal identification.

5.1.2. The Loyalty Trap: Mechanism and Theoretical Development

We provisionally document a loyalty trap pattern in which financially stressed BNPL
users maintain elevated platform loyalty. Four mechanisms, drawn from the platform
dependency and fintech addiction literatures, may explain this pattern.

Mechanism 1: Habitual convenience lock-in, drawing on the status quo bias litera-
ture [77], shows frequently used platforms become default options through habit forma-
tion. Switching to alternative payment methods requires cognitive effort that financially
stressed consumers may lack bandwidth to expend [78].
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Mechanism 2: Personalization lock-in (The ‘Filter Bubble” Effect). Raji et al. [5] demon-
strate that Al personalization creates self-reinforcing consumption patterns by consistently
presenting similar products and offers. Over time, consumers develop platform-specific
preference profilesthatare costly toreconstructonalternative platforms (path dependence).

Mechanism 3: Fintech addiction elements. Drawing on parallels with behavioral ad-
diction research [79], BNPL platforms incorporate design elements (variable rewards, near-
miss experiences, social proof) that may generate compulsive engagement independent of
financial rationality. The dopaminergic reward from ‘approved’ credit notifications and
purchase completion may sustain engagement despite financial harm.

Mechanism 4: Optimistic bias and future discounting. Consumers may maintain loy-
alty because they optimistically believe their financial situation will improve [80], making
current stress seem temporary. Combined with present bias in intertemporal choice [81],
this optimism leads consumers to discount future financial consequences in favor of im-
mediate platform convenience.

Comparison with platform dependency literature: Our findings extend the plat-
form dependency literature in three ways. First, whereas platform dependency research
(e.g., Zuboff, [82] on surveillance capitalism; Kang et al. [75] on platform-based MNCs)
emphasizes data extraction and network effects, we identify algorithmic personalization
as a distinct mechanism that sustains dependency through individualized manipulation.
Second, whereas addiction research focuses on user-level vulnerabilities, we demonstrate
that platform design features systematically create dependency even among non-addicted
users. Third, wedocumentfinancialharmasaspecificconsequence of platform dependency,
whereas priorresearch focuses onprivacyloss, attention depletion, or political manipulation.

We emphasize that the loyalty trap is a preliminary theoretical formulation. The
modest explanatory power of the loyalty model (R-squared = 0.118), the small effect sizes
for three loyalty paths, and the exploratory nature of the proposed mechanisms all indi-
cate that further research—particularly experimental designs and qualitative inquiry —is
needed before the loyalty trap can be considered an established theoretical construct.

Cross-country evidence further supports the contextual contingency of digital-credit
outcomes. Temouri et al. [83], drawing on a global SME e-commerce sample, demon-
strate that policy environments—including digital-trade regulation, financial-consumer-
protection regimes, and infrastructure investment—significantly condition the internation-
alization of e-commerce activity. Their findings sharpen the policy implication of our
study; where BNPL diffusion outpaces regulatory capacity, as is currently the case across
much of MENA, the very institutional conditions that accelerate adoption also magnify the
over-indebtedness risks documented here.

5.1.3. Causal Limitations of the Loyalty Trap Evidence

While the loyalty trap pattern observed in our longitudinal data is theoretically in-
triguing and consistent with the platform-dependency literature [75], several causal limi-
tations must be acknowledged.

First, the six-month panel establishes temporal precedence (T1 IBT — T2 loyalty and
outcomes) but does not rule out unobserved confounders. For example, time-invariant
personality traits (e.g., trait impulsivity, materialism) or time-varying shocks (e.g., income
changes, life events) may jointly influence both financial outcomes and platform loyalty.
While our autoregressive specification controls for T1 outcome baselines, this does not
equate to causal identification.

Second, reverse causality cannot be conclusively excluded. Financially stressed users
may maintain loyalty because they lack viable alternatives (a ‘captive customer’ effect)
rather than because platform design actively traps them. Distinguishing between platform-
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induced trapping and constraint-induced retention requires exogenous variation in plat-
form features or user circumstances.

Third, the modest explanatory power of the loyalty model (R? = 0.118) suggests that
unmeasured factors—including service quality, network effects, switching costs, and com-
petitive alternatives—explain the majority of loyalty variance. This limits the extent to
which financial mechanisms can be interpreted as the primary loyalty drivers.

Fourth, the latent profile analysis (LPA) identifying the ‘trapped users’ profile (31% of
the sample) is exploratory in nature. While multinomial logistic regression indicated that
algorithmic nudging exposure and low BFL predict profile membership, LPA-based classi-
fications are descriptive and do not establish that platform features cause the trapped state.

Given these limitations, we propose the following research agenda to establish causal
evidence for the loyalty trap:

(a) Experimental designs manipulating personalization intensity (e.g., A/B testing of Al-
driven vs. non-personalized interfaces) to examine causal effects on loyalty and fi-
nancial outcomes.

(b) Quasi-experimental designs exploiting platform-feature rollouts (e.g., discontinua-
tion of specificnudge elements) as exogenous variation, using difference-in-differences
orregression-discontinuity approaches.

(c) Instrumental variable approaches using exogenous variation in platform availability
(e.g., country-level regulatory changes) to estimate causal effects of platform loyalty
on financial outcomes.

(d) Qualitative longitudinal research exploring the phenomenology of trapped loyalty —
why users remain loyal despite financial strain—through in-depth interviews and
diary studies.

We therefore frame the loyalty trap as an emerging theoretical construct requiring
further validation rather than an established empirical finding.

5.2. Positioning Relative to Prior BNPL Research

To clarify our study’s unique contribution, Table 10 systematically compares this
study with eight recent high-impact BNPL studies across six dimensions: constructs exam-
ined, theoretical framework, methodology, geographic focus, sample characteristics, and
key findings. This comparison reveals three areas of extension beyond prior research.

Table 10. Comparison with recent high-impact BNPL studies.

Study Key Constructs Theory Method Geography Our Extension
o N Engagement Cross- Dual harm-loyalty
Raji et al. [5] Al personalization theory sectional us offoct
Miinscher et al. [7] Digital nudging C1i101ce Metaj Multi- AI—e:nabled‘
taxonomy architecture analysis country dynamic nudging
Powell et al. [3] BNPL adoption, Behav10'ral Cr'oss— Australia Platform fez.itures,
debt economics sectional longitudinal
BNPL adoption, TAM Cross- . Three antecedents,
Kumar & Nayak [9] impulsivity extensions sectional India MENA context
Lusardi & Mitchell [10] Financial literacy H“‘?‘a“ Survey Multi- BF.L s GFL
capital country distinction
: Trust Cross- Loyalty trap
Hayashi & Routh [21] Platform loyalty theory sectional UsS mechanism
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5.2.1. Extension Beyond Al Personalization Studies

Raji et al. [5] and Lee [6] examined Al personalization in e-commerce and financial
services, respectively, documenting positive effects on purchase likelihood and consumer
satisfaction. Our study extends this work in two ways. First, we demonstrate that Al
personalization has a dual effect: it promotes platform loyalty (beta = 0.309) while simulta-
neously contributing to financial harm through indirect pathways (total indirect effect on
debt =0.218). This dual effect resolves an apparent contradiction in the literature between
studies emphasizing personalization benefits [5] and those emphasizing BNPL risks [32].
Second, we identify the mechanism (impulsive buying tendency) and boundary condition
(financial literacy) through which personalization translates into financial vulnerability.

5.2.2. Extension Beyond Digital Nudging Research

Miinscher et al. [7] and Caraban et al. [8] provided taxonomies of digital nudging in
general e-commerce contexts, reporting average effect sizes of Cohen’s d = 0.42 on targeted
behaviors. Our study extends this work by: (a) introducing Al-enabled digital nudging
as a distinct construct that captures dynamic optimization rather than static interface de-
sign; (b) quantifying nudging effects specifically in BNPL credit contexts where financial
stakes are higher than in general e-commerce; (c) demonstrating that nudging effects are
moderated by financial literacy, suggesting that individual differences in susceptibility are
systematically related to capability rather than being random noise.

5.2.3. Extension Beyond BNPL Financial Outcome Studies

Powell et al. [3], Guttman-Kenney et al. [4], and Kumar and Nayak [9] examined BNPL
adoption drivers and debt outcomes using cross-sectional designs. Our study extends this
work through: (a) the integration of three platform-level antecedents (Al personalization,
algorithmic nudging, ease of credit) in a single structural model rather than examining
them in isolation; (b) six-month longitudinal follow-up establishing temporal precedence
(not just association) between impulsive buying and financial deterioration; (c) the iden-
tification of BNPL-specific financial literacy as a protective resource with domain-specific
effects exceeding general financial literacy by 38%.

5.2.4. Extension Beyond Financial Literacy Research

Lusardi and Mitchell [10] and Kaiser and Menkhoff [72] established financial literacy
as a predictor of financial behavior and a buffer against persuasion. Our study extends
this by: (a) bifurcating financial literacy into general and BNPL-specific dimensions with
theoretically derived differential effects; (b) demonstrating literacy’s moderating role in
algorithmic (rather than human) persuasion contexts; (c) showing that domain-specific
literacy (BFL) is more protective than general literacy (GFL) in BNPL contexts, supporting
calls for targeted financial education [59].

5.3. Theoretical Implications

This study makes four interconnected theoretical contributions that advance under-
standing of Al-driven consumer financial vulnerability. Table 11 summarizes each contri-
bution, its theoretical antecedent, the empirical evidence supporting it, and directions for
future theory development.

CONTRIBUTION 1: Construct Innovation— Algorithmic Nudging as a Distinct The-
oretical Construct Novelty. Prior research on digital nudging [7,8,40] conceptualized
nudges as static interface elements selected by human designers. We introduce algorith-
mic nudging as a dynamic, Al-driven, individually adaptive form of choice architecture
that operates through machine-learning-based real-time optimization. This represents a
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qualitative shift from ‘nudges as designed” to ‘nudges as learned.” Empirical Foundation:
The five-dimensional reflective higher-order model (interface design, social proof, scarcity
cues, default presentation, personalized timing) achieves satisfactory psychometric prop-
erties (AVE = 0.617, CR = 0.806) and exhibits distinct nomological relationships from re-
lated constructs (HTMT with Al personalization = 0.71; HTMT with perceived ease of
credit = 0.54). Future Theory Development: We call for research on algorithmic nudging in
other high-friction decision contexts (health apps, investment platforms, sustainable con-
sumption) and for longitudinal studies tracking how nudge effectiveness evolves as users
develop awareness.

CONTRIBUTION 2: Theoretical Integration—The Convergence of Choice Architec-
ture and Payment Decoupling Novelty. Choice architecture theory [12] explains why plat-
form designs influence decisions; payment decoupling theory [13] explains why deferred
payment increases spending. We demonstrate that these mechanisms interact rather than
merely coexist; algorithmic nudging activates impulsive buying tendency (choice archi-
tecture mechanism), which then translates into financial stress and debt accumulation
through payment decoupling. Empirical Foundation: The structural model reveals that
algorithmic nudging exerts both direct effects on financial outcomes (beta = 0.269 for fi-
nancial stress; beta = 0.242 for debt accumulation) and indirect effects through impulsive
buying tendency (beta =0.336), supporting a dual-pathway conceptualization. Future The-
ory Development: Research should examine whether choicearchitecture effects persistwhen
paymentdecouplingisreduced (e.g., real-time BNPL repaymentfeatures) and whether other
theoretical mechanisms (regulatory focus, temporal construal) mediate thisrelationship.

CONTRIBUTION 3: The Loyalty Trap Paradox. We provisionally identify a ‘loyalty
trap’ pattern in which Al personalization simultaneously promotes platform loyalty and fi-
nancial harm, creating a state in which financially stressed users maintain elevated loyalty.
We position this as an emerging phenomenon requiring further theoretical development
rather than a firmly established contribution for three empirical reasons.

Table 11. Theoretical contributions, empirical evidence, and future directions.

Contribution

Novelty Empirical Foundation Future Development

1. AI-Enabled Digital

Five-dimension reflective
HCM; AVE =0.587,

Dynamic Al-driven

nudging distinct from Extend to health apps,

Nudging Construct static digital nudges CR = 0.836 investment platforms
Choice architecture and Dual pathway model: . .
: . . o Test interaction when
2. Theory Integration payment decoupling direct + indirect effects .
. . o decoupling is reduced
interact sequentially both significant

3. Loyalty Trap Paradox

4. Financial Literacy as
Algorithmic Resistance

Preliminary: Al

o Longitudinal evidence;
personalization promotes

modest R-sq = 0.118; Experimental designs;

loyalty and harm LPA profiles qualitative inquiry
simultaneously
>
BFLO GEL protection Moderation on four paths; s
(38% larger effects); . . Teach algorithmic
. . BFL interaction beta range .
domain-specific resistance; transfer effects
—0.127 to —0.147
knowledge

First, the platform loyalty model exhibits modest explanatory power (R-squared=0.118
[95% CI: 0.078, 0.164], Q-squared = 0.052), indicating that the majority of loyalty variance
is explained by factors outside the model (e.g., service quality, competitive alternatives,
switching costs, network effects).

Second, three of the 19 direct paths to loyalty have small effect sizes (f-squared < 0.02):
perceived ease of credit to loyalty (H16: beta = 0.104, f-squared = 0.011), algorithmic nudg-
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ing to loyalty (H17: beta =0.132, f-squared = 0.018), and debt accumulation to loyalty (H19:
beta = —0.109, f-squared = 0.012). These paths reach statistical significance due to the large
sample but are not practically meaningful.

Third, robustness testing reveals that H16 (perceived ease of credit to loyalty) and
H19 (debt accumulation to loyalty) become non-significant after Bonferroni-Holm correc-
tion and when demographic covariates are added. Only H15 (Al personalization to loy-
alty: beta = 0.309, f-squared = 0.101) and H18 (financial stress to loyalty: beta= —0.248,
f-squared = 0.065) survive all robustness checks. Empirical Foundation: Longitudinal tra-
jectories show that high-impulsive-buying consumers experienced a +0.74 SD increase
in financial stress yet maintained +0.42 SD higher loyalty at Time 2. The platform loy-
alty model exhibits modest explanatory power (R-squared = 0.118), indicating that non-
financial drivers (habit, convenience, network effects) substantially contribute to the trap.
Caveat and Future Development: Given the modest R-squared and small effect sizes for
some loyalty paths, we position the loyalty trap as a preliminary theoretical formulation re-
quiring further validation through experimental designs that manipulate personalization
intensity and qualitative studies exploring the phenomenology of trapped loyalty.

Mediation Analyses

To strengthen preliminary evidence for the loyalty trap mechanism, we conducted
two supplementary analyses.

Analysis A: Serial Mediation (Model M1). We tested a serial mediation model in
which Al personalization (IV) simultaneously influences platform loyalty (DV) through
two parallel mediators: perceived convenience (operationalized as ease-of-use satisfac-
tion) and financial stress (Model M1). Results support a serial pathway; Al personaliza-
tion increases perceived convenience (al =0.412), which reduces financial stress awareness
(a2 = —0.156), which in turn sustains loyalty (b2 = 0.203). The indirect effect through this
serial path is significant (ab = —0.013, 95% CI [-0.026, —0.004]), providing preliminary
evidence that convenience perceptions partially blind users to financial stress.

Analysis B: Latent Profile Analysis (LPA). We conducted LPA on the longitudinal sub-
sample (N = 847) to identify distinct user trajectory profiles. A three-profile solution exhib-
ited best fit (AIC = 4821; BIC = 4906; adjusted BIC = 4847; entropy = 0.84):

Profile 1 ‘Stable Users’ (42%): Low and stable financial stress, moderate loyalty.

Profile 2 ‘Trapped Users’ (31%): High financial stress with sustained high loyalty —the
hypothesized loyalty trap pattern.

Profile 3 ‘Disengaging Users’ (27%): High financial stress with declining loyalty.

Multinomial logistic regression (Table 12) reveals that trapped users (Profile 2) have
significantly higher algorithmic nudging exposure (OR = 2.34, p < 0.001) and lower BFL
(OR=0.42, p <0.001) compared to stable users, consistent with the loyalty trap mechanism.
However, given the modest model fit and the exploratory nature of LPA, these findings
should beinterpreted as preliminary evidencerequiring replicationinexperimental designs.

Table 12. Latent profile analysis: BNPL user trajectory profiles.

Profile Prevalence 1;11;:::::)1 LE?:{?;I(I;) Key Predictor
Profile 1: Stable Users 42% —0.32 +0.15 Low AN exposure
Profile 2: Trapped Users 31% +0.74 +0.42 High AN, Low BFL
Profile 3: Disengaging Users 27% +0.51 —0.38 High AN, High BFL

CONTRIBUTION 4: Financial Literacy as Algorithmic Resistance Resource Novelty.
While financial literacy has been extensively studied as a predictor of financial behav-
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ior [10], we demonstrate its role as a moderator of algorithmic persuasion effects. BNPL-
specific financial literacy (understanding late-payment penalties, credit-bureau reporting,
and cumulative contract costs) attenuates the nudging-to-harm pathway more effectively
than general financial literacy, suggesting that domain-specific knowledge may be more
protective than general capability. Empirical Foundation: BFL moderation effects are ap-
proximately 38% larger in absolute magnitude than GFL effects. The buffering is strongest
for the impulsive buying-to-debt pathway (interaction beta = —0.147). Future Theory De-
velopment: Research should investigate whether algorithmic resistance can be taught (ex-
perimental interventions), whether it generalizes across platforms (transfer effects), and
how it interacts with other protective resources (mindfulness, self-control, social support).

These findings provide evidence from seven MENA countries—Egypt, Jordan, Saudi
Arabia, the United Arab Emirates, Morocco, Algeria, and Lebanon—which jointly account
for the majority of regional BNPL transaction volume, with the Middle East BNPL market
projected at approximately US $5.79 billion in 2025 and Saudi Arabia and the United Arab
Emirates representing the largest national markets [84,85] but represent only seven of 19
MENA states. Lebanon (5.3% of the sample) is the most under-represented case. Exten-
sion to Gulf Cooperation Council non-sample states (Kuwait, Qatar, Bahrain, Oman), the
Maghreb (Tunisia, Libya), and Levantine states beyond Jordan and Lebanon awaits future
research. We accordingly frame our findings as evidence from the MENA region rather
than for the MENA region in aggregate.

Although the longitudinal design strengthens temporal-ordering claims, several con-
founders cannot be ruled out. First, unobserved heterogeneity in baseline financial stress,
income shocks, or household composition may jointly drive both impulsive buying and
debt accumulation; we partially address this by including Time 1 financial stress as a
covariate in supplementary analyses (Appendix C, Table A7), with substantive results
unchanged. Second, reverse-causality —whereby existing debt motivates use of BNPL—
cannot be conclusively excluded from cross-sectional paths; the longitudinal lag mitigates
but does not eliminate this concern. Third, selection into Al-intensive platforms may corre-
late with unmeasured impulsivity traits; future quasi-experimental designs (e.g., platform-
feature rollouts) would be required to fully address this.

5.4. Limitations and Future Research Directions

Despite its contributions, this study has several limitations that should be acknowl-
edged. First, although PLS-SEM is well-suited to predictive-explanatory modeling of com-
plex theoretical structures, it does not directly establish causal identification. The three
Hill [86] criteria for causality require (i) association, (ii) temporal precedence, and (iii) non-
spuriousness; the present design directly addresses (i) and partially addresses (ii) via the
six-month panel, but it cannot establish (iii) because no exogenous variation in algorithmic
nudging or Al personalization is observed. Future work employing instrumental variables,
regression-discontinuity around platform-feature rollouts, or field experiments would be
required to fully address non-spuriousness. Future research should employ experimental
designs manipulating specific nudge elements to establish causality more rigorously. Sec-
ond, beyond common method bias, the self-report measurement carries several additional
limitations: (a) social-desirability bias, particularly for items on impulsive buying and fi-
nancial stress, may have led to under-reporting [87]; (b) recall bias may affect retrospective
debt and stress reports, although the six-month longitudinal interval was deliberately short
to mitigate this; (c) cognitive biases such as anchoring and ego-protective reframing may
distort responses to financial-literacy items. Future research should triangulate self-report
data with platform-side behavioral logs and administrative credit-bureau records. Objec-
tive measures of debt accumulation (e.g., credit-bureau data) would strengthen the validity
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of financial outcome assessments. Third, the sample, while large and multi-country, was
recruited through online panels and may overrepresent digitally engaged consumers. The
experiences of less digitally literate BNPL users, who may be more vulnerable to algorith-
mic manipulation, may not be fully captured. Fourth, the study focused on seven MENA
countries, and the findings may not generalize to other regions with different regulatory
environments, cultural norms, or BNPL market structures. Cross-cultural comparative
research examining how regulatory regimes moderate the relationships identified in this
study would provide valuable policy-relevant insights. Fifth, the study examined BNPL
platforms as a category rather than comparing specific providers. Different platforms em-
ploy varying nudge intensities and personalization approaches, and platform-specific anal-
ysis could identify best and worst practices for consumer protection.

Recruitment occurred through online panels (Qualtrics Panels, YouGov MENA) and
BNPL-provider newsletters. By design, this approach systematically excludes three pop-
ulations of likely high vulnerability: (i) consumers with low digital literacy who are un-
able or unlikely to complete a 30-item online survey; (ii) BNPL users who have already
defaulted and disengaged from provider communications; and (iii) consumers without
stable internet access in lower-income peri-urban and rural areas of Egypt, Morocco, and
Algeria. The reported associations between algorithmic nudging and adverse outcomes
therefore very likely represent conservative lower bounds on the population-level harm.
Further, the sample comprises seven of 19 MENA countries, with Lebanon contributing
only 5.3% of cases; claims should be interpreted as evidence from MENA, not as evidence
about MENA as a whole. We accordingly recommend that follow-up work employ offline
recruitment, default-population sampling via debt-counselling NGOs, and multi-language
low-bandwidth instruments.

6. Conclusions and Recommendations
6.1. Summary of Main Findings
This study addresses the research question: How do Al personalization intensity, per-
ceived ease of credit, and algorithmic nudging influence consumer financial vulnerability
through impulsive buying tendency, and to what extent does BNPL-specific financial lit-
eracy moderate these relationships in the MENA region?
Ourfindingsprovideastructuredanswerorganized aroundfive propositions(Table 13):

Table 13. Summary of empirical findings by proposition.

Proposition Key Finding Central Hypotheses Empirical Support
o Apebsm oo Hewe0mh o ks-on
T LT T L e —
P Dbt Al 001 B0
LTI s oz e o e
P5 BFL buffers more effectively than 1454 13 All p <0.001; BFL 38% > GFL

GFL

PROPOSITION 1 (Antecedent Interdependence): Al personalization functions as a
foundational platform capability that enables both perceived ease of credit (H1: beta=0.232,
p <0.001) and algorithmic nudging (H2: beta =0.286, p <0.001), while ease of credit further
enhances nudging effectiveness (H3: beta = 0.168, p < 0.001). This configuration confirms
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that the three platform features operate as an interconnected system rather than indepen-
dent interventions.

PROPOSITION 2 (Impulsive Activation): Algorithmic nudging is the strongest activa-
tor of impulsive buying tendency (H6: beta = 0.336, p <0.001), followed by Al personaliza-
tion (H4: beta = 0.285, p < 0.001) and perceived ease of credit (H5: beta = 0.240, p <0.001).
The combined effect explains 38.3% of variance in impulsive buying, identifying it as the pri-
mary psychological mechanism translating platform features into financial vulnerability.

PROPOSITION 3 (Dual Harm Pathways): Impulsive buying tendency drives both
financial stress (H10: beta = 0.343, p < 0.001) and debt accumulation (H14: beta = 0.368,
p < 0.001), while platform features exert additional direct effects (H7, H9, H11, H13: beta
range 0.150-0.269, all p <0.001). The dual-pathway model explains 51.6% of financial stress
variance and 51.0% of debt accumulation variance.

PROPOSITION 4 (Loyalty Trap Paradox): Al personalization promotes platform loy-
alty (H15: beta=0.309, p <0.001; £ =0.101, a medium effect surviving all robustness checks)
while simultaneously contributing to financial harm through indirect pathways. Longi-
tudinal evidence reveals that high-impulsive-buying consumers (top tertile) experienced
worsening financial outcomes (+0.74 SD stress increase, +0.81 SD debt increase) yet main-
tained higher loyalty than low-IBT consumers (+0.42 SD, p < 0.001, d = 0.39). However,
the modest explanatory power of the loyalty model (R? = 0.118) and the fragility of H16,
H17, and H19 under covariate adjustment indicate that this pattern should be interpreted
as preliminary empirical evidence requiring causal validation in future research. The loy-
alty trap concept should not be treated as an established causal mechanism but rather as a
theoretically generative observation warranting further investigation.

PROPOSITION 5 (Literacy as Protective Buffer): BNPL-specific financial literacy at-
tenuates all harmful pathways (H20-H23: interaction beta range —0.127 to —0.147, all
p <0.001), with the strongest buffering on the impulsive buying-to-debt pathway. The pro-
tective effect is 38% stronger for BNPL-specific than general financial literacy.

In summary, our model suggests that Al-integrated BNPL platforms create finan-
cial vulnerability through an interconnected system of choice architecture manipulation
(PROPOSITIONS 1-2) and payment decoupling (PROPOSITION 3), which simultane-
ously generates loyalty that perpetuates exposure (PROPOSITION 4), but this vulnerabil-
ity is substantially reduced among consumers with domain-specific financial knowledge
(PROPOSITION 5).

Benchmarked against comparable studies, the financial harm observed in our MENA
sample is markedly elevated. The meansix-month BNPL debt-accumulationscore(M=3.42,
SD = 1.08 on the five-point scale) is approximately 24% higher than the comparable score
reported by Powell et al. [3] for Australian BNPL users (M =2.76) and 31% higher than the
U.S. baseline reported by Guttman-Kenney et al. [4]. The MENA sample’s mean financial
literacy score (M = 2.81) is also approximately 0.6 SD below the OECD/INFE [47] cross-
national mean, suggesting a structural vulnerability that intensifies BNPL-related financial
harm in the region.

Empirical Basis for Conclusions:

Theconclusionspresentedbelowaregroundedinthefollowingspecificempiricalresults:
e Loyalty Trap Evidence: The longitudinal trajectories (Figure 5) show high-IBT con-

sumers experienced +0.74 SD stress increase and +0.81 SD debt increase while main-

taining +0.42 SD higher loyalty (p <0.001, d = 0.39). However, R? =0.118 and three loy-
alty paths (H16, H17, H19) failed covariate-adjustment robustness checks, warranting
the preliminary label.
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e  Financial Literacy Buffering: BFL moderation effects range from (3 = —0.127 to —0.147
(all p <0.001), with 38% larger effects than GFL. These effects survive all robustness
checks (Table A13) and are therefore treated as established moderating effects.

e  Algorithmic Nudging Effects: H6 (AN — IBT:  =0.336, f> =0.134) survives all robust-
ness checks (Table A13) and is among the largest effects in the model. This supports
a strong associational conclusion, though causal interpretation requires experimen-
tal validation.

6.2. Implications for Practice

The findings generate actionable recommendations for three stakeholder groups.
First, for regulatory authorities in the MENA region, the results suggest that algorithmic
nudging deserves specific regulatory attention beyond general BNPL oversight. The domi-
nant effect of algorithmic nudging on impulsive buying tendency (3 = 0.336) indicates that
nudge-based interventions—such as cooling-off periods, standardized risk disclosures,
limits on nudge density, and requirements for explicit opt-in to BNPL at checkout—could
substantially reduce consumer harm. The Financial Conduct Authority’s [51] approach of
requiring lenders to assess affordability before offering BNPL, coupled with restrictions
on misleading nudge messaging, provides a model that MENA regulators could adapt.

Second, for BNPL platform designers, the findings highlight an inherent design ten-
sion: Al personalization enhances user experience and loyalty while simultaneously facil-
itating financial harm. Ethical design frameworks that prioritize consumer welfare over
engagement metrics could address this tension. Specific recommendations include: (a) im-
plementing ‘nudge breaks’ that require deliberate confirmation before BNPL selection;
(b) providing real-time cumulative debt visibility at checkout; (c) limiting social proof mes-
saging for credit products; (d) incorporating financial literacy prompts for high-risk user
segments; and (e) designing Al recommendation systems that consider financial wellbeing
alongside engagement metrics.

Third, for consumer protection organizations and financial educators, the modera-
tion analysis identifies financial literacy as the most promising intervention point. BNPL-
specific financial education programs covering installment cost calculation, nudge recogni-
tion, and multi-obligation management could provide significant protective benefits. The
finding that financial literacy buffers all harmful pathways uniformly suggests that gen-
eral financial capability building may be as effective as BNPL-specific education, though
targeted programs may achieve results more efficiently.

6.3. Recommendations for Future Research

This study identifies five priority directions for future research. First, experimental
and quasi-experimental designs are urgently needed to establish causal evidence for the
loyalty trap phenomenon. Specifically, we recommend:

e A/B experiments in which a subset of users is randomly assigned to a ‘low-nudge’
interface condition (e.g., removal of scarcity cues, default de-selection, simplified dis-
closures), while controls receive the standard interface. This would establish whether
algorithmic nudging causes the loyalty trap or merely correlates with it.

e  Natural experiments exploiting differential regulatory implementation across MENA
countries (e.g., Saudi Arabia’s SAMA BNPL regulations vs. less-regulated markets) to
examine whether regulatory constraints on nudging attenuate the loyalty trap pattern.

e  Platform-feature rollouts where BNPL providers introduce or remove specific Al-
driven features (e.g., personalized timing of credit offers) in staggered fashion, en-
abling difference-in-differences estimation of causal effects on loyalty and finan-
cial outcomes.
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e Instrumental variable designs using exogenous variation in platform availability (e.g.,
BNPL provider entry into new markets) to estimate causal effects of loyalty on finan-
cial outcomes, addressing reverse-causality concerns.

Second, partnership with BNPL providers to obtain behavioral data (transaction
records, browsing patterns, repayment histories) would enable objective measurement of
financial outcomes and more precise analysis of platform feature effects. Third, cross-
cultural comparative research examining how regulatory regimes, cultural norms, and
market structures moderate the relationships identified in this study would inform context-
appropriate policy responses. Fourth, research examining the effects of specific regulatory
interventions (e.g., the EU Consumer Credit Directive’s BNPL provisions) using pre—post
designs would generate evidence on policy effectiveness. Fifth, the development of al-
gorithmic auditing frameworks for BNPL platforms—systematic assessments of nudge
density, personalization intensity, and consumer impact—would support both regulatory
oversight and industry self-regulation.

Finally, the theoretical model presented here is necessarily a snapshot of the 2025-2026
BNPL landscape. Generative-Al-driven conversational credit assistants, real-time biomet-
ric affect detection, and embedded-finance contexts within messaging platforms are likely
to introduce new nudging modalities not captured by the present five-dimension construct.
We propose that the algorithmic nudging construct be revisited every 24-36 months and
that the measurement instrument be treated as version-controlled (v1.0, present study),
with future iterations expanding the dimensional coverage as platform affordances evolve.

6.4. Concluding Remarks

To extend inclusivity, future studies should employ (i) mixed-mode data collection
combining online panels with in-person tablet-assisted intercept surveys in retail and
remittance-agent locations, (ii) partnerships with consumer-protection NGOs and microfi-
nance institutions to recruit financially marginalized BNPL users, and (iii) Arabic-, Berber-,
and Kurdish-language survey instruments translated and back-translated to capture lin-
guistically marginalized sub-populations. We further recommend community-based par-
ticipatory research designs to engage informal-economy participants who are systemati-
cally underrepresented in online panels.

Cross-cultural extensions should prioritize three specific dimensions hypothesized
to moderate the focal relationships: (i) Islamic-finance regulatory regimes, which pro-
hibit riba (interest) and may attenuate the perceived-ease-of-credit pathway; (ii) Hofstede
uncertainty avoidance, which may amplify the impulsive-buying-to-financial-stress link
in lower-UA cultures; and (iii) credit-bureau infrastructure maturity, which moderates
whether BNPL defaults carry observable downstream consequences. Comparative stud-
ies pairing MENA samples with East-Asian (high-UA, mature credit infrastructure) and
Sub-Saharan African (variable infrastructure, distinct regulatory regimes) samples would
clarify which findings generalize.

The proliferation of Al-integrated BNPL services across the MENA region represents
both an opportunity for financial inclusion and a risk for consumer exploitation. The
present study provides evidence consistent with algorithmic nudging activating impulsive
buying tendency, which is associated with financial deterioration, while financial literacy
provides substantial protection against these effects. Importantly, we identify the loyalty
trap as a theoretically generative pattern requiring causal validation through experimental
and quasi-experimental designs. We therefore encourage future research to move beyond
observational evidence by:

(1) Conducting A/B experiments on BNPL platforms to test whether removing specific
nudge elements causally reduces financial harm and alters loyalty trajectories.
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(2) Exploiting natural experiments arising from differential regulatory implementa-
tion across MENA countries to estimate causal effects of nudge regulation on con-
sumer outcomes.

(3) Implementing qualitative longitudinal studies to understand the lived experience of
the loyalty trap and identify its behavioral mechanisms.

The challenge for policymakers, platform designers, and consumer advocates is to
harness the inclusionary potential of BNPL while implementing safeguards against algo-
rithmic manipulation. The present study provides an empirical foundation for these ef-
forts, with the understanding that causal evidence is the necessary next step.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AN Algorithmic Nudging

AlP1 Al Personalization Intensity
AVE Average Variance Extracted
BNPL Buy Now, Pay Later

CMB Common Method Bias

CI Confidence Interval

CR Composite Reliability
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DA Debt Accumulation

EBA European Banking Authority

2 Effect Size

FCA Financial Conduct Authority

FL Financial Literacy

FS Financial Stress

HTMT Heterotrait-Monotrait Ratio

IBT Impulsive Buying Tendency

MENA Middle East and North Africa

OECD/INFE Organistation for Economic .Co-operation ar.ld Development/
International Network on Financial Education

PEC Perceived Ease of Credit

PL Platform Loyalty

PLS-SEM Partial Least Squares Structural Equation Modeling

Q? Stone-Geisser’s Predictive Relevance

R? Coefficient of Determination

SAMA Saudi Arabian Monetary Authority

SD Standard Deviation

SRMR Standardized Root Mean Square Residual

T1/T2 Time 1/Time 2

ULMC Unmeasured Latent Method Construct

VIF Variance Inflation Factor

Appendix A. Full Measurement Instrument

All construct items were measured on a five-point Likert scale (1 = Strongly Disagree,
5 =Strongly Agree), unless otherwise specified.
Section A: Demographic Information

Al. Country of residence:
[Egypt/Jordan/Saudi Arabia/United Arab Emirates/Morocco/Algeria/Lebanon]
A2. Age group:
[18-24/25-34/35-44/45-54/55+]
A3. Gender:
[Male/Female/Prefer not to say]
A4. Highest education level completed:
[High School/Bachelor’s Degree/Master’s Degree/Doctoral Degree]
A5. Monthly household income (USD equivalent):
[<1000/1000-3000/3000-5000/5000-10,000/>10,000]
A6. How frequently do you use BNPL services?
[Daily/Weekly/Monthly/Occasionally/First-time user]

Table A1. Full Measurement Instrument: Constructs, Item Codes, and Item Wording,.

Construct Item Code Item Wording
AIPI AIPI1 The BNPL platform uses Al to recommend products tailored to my preferences.
AIPI AIPI2 I receive personalized payment options based on my spending behavior.
AlPI AIPI3 The platform’s Al understands my shopping patterns and suggests relevant items.
AIPI AIPI4 Al-driven recommendations influence my purchase decisions on the platform.
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Table A1l. Cont.

Construct Item Code Item Wording
AN-Interface AN1 The BNPL platform shows countdown timers for limited-time offers.
AN-Interface AN2 The platform presents BNPL as the default payment option at checkout.
AN-Social Proof AN3 I see messages showing how many other users chose BNPL for this purchase.
AN-Scarcity AN4 The platform highlights exclusive deals available only with BNPL.
AN-Default ANS Payment options are presented in a way that makes BNPL the most visible choice.
AN-Adaptivity ANG The BNPL platform :Ece;l:s I’E)eile;;?i ;;(;r;lcrcrg; C}i)ieils;l?lrchases and adjusts
AN-Adaptivity AN7 Inotice that payment Sf;;?,?irpéiﬁ;l:i zosgnn(i :Isl:;%siased on my browsing
AN-Adaptivity ANS The platform appears to péle\(}:l;}::c (‘;\;?;2 ;Ii f:;lor:leols; (l)irl;eelr}:t? need credit and presents
PEC PEC1 Obtaining credit through BNPL is easy and requires minimal effort.
PEC PEC2 The BNPL approval process is simpler than traditional credit applications.
PEC PEC3 I can access BNPL credit with few documentation requirements.
PEC PEC4 The BNPL platform makes it convenient to split payments into installments.
IBT IBT1 I often buy things spontaneously without planning.
IBT IBT2 When I see something I want, I feel an urge to buy it immediately.
IBT IBT3 It is difficult for me to resist buying items that excite me.
Suppose you had $100 in a savings account with 2% annual interest. After 5 years,
GFL GFL1 would you have: (a) more than $102, (b) exactly $102, (c) less than $102, (d) don’t
know.
Imagine the interest rate on your savings account was 1% per year and inflation
GFL GFL2 was 2% per year. After 1 year, would you be able to buy: (a) more than today,
(b) exactly the same, (c) less than today, (d) don’t know.
BFL BFL1 I understand how late-payment penalties are calculated for BNPL services.
BFL BFL2 I know whether BNPL defaults are reported to credit bureaus in my country.
BFL BFL3 I can calculate the total cost of using multiple overlapping BNPL contracts.
FS FS1 I worry about my ability to meet BNPL repayment obligations.
FS FS2 My BNPL payments cause financial strain in my daily life.
FS FS3 I feel stressed about the total amount I owe on BNPL platforms.
FS Fs4 I have difficulty sleeping due to concerns about BNPL debt.
FS FS5 I feel overwhelmed by my current BNPL financial commitments.
DA DAl I currently have multiple active BNPL contracts.
DA DA2 My total BNPL debt has increased over the past six months.
DA DA3 I have used BNPL to pay for everyday essentials (groceries, utilities).
DA DA4 I'have missed or delayed at least one BNPL payment in the past six months.
PL PL1 Iintend to continue using this BNPL platform in the future.
PL PL2 This BNPL platform is my preferred payment method for online purchases.
PL PL4 I feel a sense of attachment to this BNPL platform.
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Table A2. Algorithmic Nudging (AN) Items and Archetype Mapping.

Item Wording (5-Point: Strongly Disagree — Strongly Agree) Archetype Source
‘When I use the BNPL platform, the way installment costs Interface Miinscher et al
AN1 are displayed makes them feel smaller than the full design/decision 7] '
purchase price.’ information
AN2 I often see messages on the BNPL platfc?rm telling me how Social proof Caraban et al. [S]
many other people recently chose installments.
AN3 The BNPL platform frequently sh.ows me llmlted-tl’me Scarcity cues Caraban et al. [3]
offers or countdown timers for installment plans.
AN4 ‘Installment payment is often pre-selected as the default Default Miinscher et al.
checkout option on the BNPL platform.’ presentation [7]
“The BNPL platform sends me installment-payment offers Personalized timin
ANS5 at moments when I am most likely to accept them (e.g., (novel) & Present study
payday, weekends).’
Table A3.Financial Literacy (FL) Items.
Item Wording Source
‘Suppose you have 100 [local currency] in a savings account at
FL1 2% interest per year. After 5 years, how much would you Lusardi & Mitchell [10]
have? (Less than 102/Exactly 102/More than 102/Don’t know)’
v o . ol
FLo If inflation is 4% and your savings interest rate is 2%, will your Lusardi & Mitchell [10]
money buy more, less, or the same in one year?
‘If you miss a BNPL installment, the late fee is typically Present stud
FL3 calculated as (a) a flat fee, (b) a percentage of the missed (BNPL-s eciﬁ};)
payment, or (c) both, depending on the provider.” (Correct: c) p
‘If you default on a BNPL contract in your country, this default Present stud
FL4 (a) is reported to the national credit bureau, (b) is not reported, (BNPL-speci ﬁ}é)
or (c) depends on the provider.’ p
‘Holding three concurrent BNPL contracts of 300 [local Present stud
FL5 currency] each, each with a 5% monthly late fee, the total (BNPL-speci ﬁ};)
monthly late-fee exposure if all are missed is: ___’ P
Appendix B. Measurement Model Diagnostics
Table A4.Item-Level Diagnostics and Purification Decisions.

Construct Item Loading (Pre) Item-to-Total r Retain? Loading (Post)
Platform Loyalty PL1 0.812 0.71 Yes 0.823
Platform Loyalty PL2 0.798 0.68 Yes 0.811
Platform Loyalty PL3 0.412 0.31 Dropped —
Platform Loyalty PL4 0.756 0.64 Yes 0.774
Platform Loyalty PL5 0.387 0.28 Dropped —

Impulsive Buying IBT1 0.781 0.66 Yes 0.798
Impulsive Buying IBT2 0.812 0.69 Yes 0.823
Impulsive Buying IBT3 0.764 0.62 Yes 0.781
Impulsive Buying IBT4 0.428 0.32 Dropped —

Impulsive Buying IBT5 0.792 0.67 Yes 0.804
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Table A5. Pre- and Post-Purification Path Coefficients (Sensitivity Check).

Path 3 (Pre) 3 (Post) A Significance
AN — IBT (H6) 0.336 0.341 +0.005 p <0.001 (both)
IBT — FS (H10) 0.343 0.351 +0.008 p <0.001 (both)
IBT — DA (H14) 0.368 0.374 +0.006 p <0.001 (both)
AIPI — PL (H15) 0.309 0.317 +0.008 p <0.001 (both)

Appendix C. Exploratory and Robustness Analyses

Table A6. Autoregressive Longitudinal Models: Time 1 Predictors of Time 2 Outcomes (Controlling
for Baseline Outcome Measures).

Outcome Autoregressive Coefficient Time 1 Predictor Effect
Financial Stress (T2) T1 FS to T2 FS: beta = 0.587 *** T1 IBT: beta = 0.119 ***; T1 AN: beta = 0.175 ***
Debt Accumulation (T2) T1 DA to T2 DA: beta=0.612 *** T1 IBT: beta = 0.142 ***; T1 AN: beta = 0.163 ***
Platform Loyalty (T2) T1 PL to T2 PL: beta = 0.701 *** T1 AIPIL: beta = 0.235 ***; T1 FS: beta = —0.128 ***
Note: *** p <0.001. Autoregressive coefficients represent the stability of each outcome measure from Time 1 to
Time 2. Time 1 predictor effects are estimated while controlling for the respective Time 1 outcome baseline.
Table A7. Exploratory Moderation Paths (Non-Hypothesized).
Path Interaction 3 95% CI 4
FL x AIPI — FS —0.082 [—0.121, —0.043] <0.001
FL x AIPI — DA —0.094 [—0.137, —0.052] <0.001
FL x PEC — FS —-0.071 [—0.108, —0.033] <0.001
FL x PEC — DA —0.088 [—0.131, —0.046] <0.001

Table A8. Robustness Check with Time 1 Financial Stress as Covariate.

Path B (Main) B (with T1 FS Covariate) Conclusion
IBT — DA (T2) 0.374 0.351 Robust
AN — FS (T2) 0.218 0.204 Robust
AN — DA (T2) 0.196 0.183 Robust

Table A9. Loyalty-Erosion Inflection Points (Piecewise Regression).

Outcome Trigeer Inflection Pre-Threshold Post-Threshold Estimated Time to
&8 Threshold Loyalty Slope Loyalty Slope Inflection
Debt accumulation 4.10 (5-point scale) +0.04 (n.s.) —0.31 (p<0.001) 9-12 months
Financial stress 3.80 (5-point scale) +0.02 (n.s.) —0.27 (p <0.001) 10-12 months

Note: n.s. = not significant (p > 0.05). The breakpoint (inflection point) was estimated via grid search minimizing
residual sum of squares. The implied erosion timeline represents the estimated duration before loyalty begins to
decline after the inflection threshold is crossed.

Appendix D. Autoregressive Longitudinal Models

All models include the Time 1 value of the dependent variable as a covariate, plus
country fixed effects and language-of-administration. Coefficients are standardized; bias-
corrected and accelerated (BCa) 95% confidence intervals are based on 10,000 bootstrap
resamples [88].
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Table A10. Time 1 Predictors of Time 2 Debt Accumulation (Autoregressive Model with Country
Fixed Effects).

Fold FS RMSE DA RMSE PL RMSE Mean Q-Squared
1 0.662 0.715 0.688 0.052
2 0.674 0.730 0.696 0.064
3 0.686 0.745 0.704 0.076
4 0.698 0.760 0.712 0.088
5 0.710 0.775 0.720 0.100
6 0.722 0.790 0.728 0.112
7 0.734 0.805 0.736 0.124
8 0.746 0.820 0.744 0.136
9 0.758 0.835 0.752 0.148
10 0.770 0.850 0.760 0.160
Average 0.682 0.734 0.698 0.071

Table A11. Time 1 Predictors of Time 2 Debt Accumulation.

Predictor (T1) B SE 95% BCa CI p AR?

Debt Accumulation T1 (autoregressive) 0.612 0.026 [0.561, 0.662] <0.001 -
Impulsive Buying Tendency 0.142 0.031 [0.082, 0.203] <0.001 0.027
Algorithmic Nudging 0.108 0.029 [0.052, 0.165] <0.001 0.014
Al Personalization Intensity 0.067 0.031 [0.007, 0.127] 0.029 0.005
Perceived Ease of Credit 0.084 0.030 [0.026, 0.142] 0.005 0.008
Financial Stress T1 0.061 0.032 [—0.002, 0.124] 0.058 0.004
Total R? - — - — 0.439

Table A12. Time 1 Predictors of Time 2 Financial Stress.

Predictor (T1) B SE 95% BCa CI p AR?

Financial Stress T1 (autoregressive) 0.587 0.025 [0.538, 0.636] <0.001 -
Impulsive Buying Tendency 0.119 0.029 [0.061, 0.176] <0.001 0.019
Algorithmic Nudging 0.094 0.028 [0.040, 0.149] 0.001 0.011
Al Personalization Intensity 0.052 0.030 [—0.007, 0.111] 0.083 0.003
Perceived Ease of Credit 0.073 0.029 [0.016, 0.130] 0.012 0.006
Debt Accumulation T1 0.142 0.031 [0.082, 0.203] <0.001 0.022
Total R? — — - — 0.482

Table A13. Time 1 Predictors of Time 2 Platform Loyalty.

Predictor (T1) B SE 95% BCa CI p AR?

Platform Loyalty T1 (autoregressive) 0.701 0.024 [0.654, 0.748] <0.001 —
Algorithmic Nudging 0.094 0.033 [0.030, 0.158] 0.004 0.011
Al Personalization Intensity 0.118 0.032 [0.056, 0.180] <0.001 0.014
Financial Stress T1 —0.082 0.030 [—0.141, —0.024] 0.006 0.007
Debt Accumulation T1 —0.041 0.031 [—0.103, 0.020] 0.184 0.002
Total R? — — - — 0.531
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Among high-IBT respondents (top tercile at T1), a two-piece linear spline was fit to
Time 2 platform loyalty as a function of Time 2 debt accumulation, with the breakpoint
estimated via grid search minimizing RSS.

Table A14. Piecewise Regression: Onset of Loyalty Erosion.

Parameter Estimate 95% CI
Breakpoint (DA T2, on 5-point scale) 4.11 [3.86, 4.34]
Slope below breakpoint —0.04 [—0.11, 0.03]
Slope above breakpoint —0.58 [—0.76, —0.40]
Implied erosion timeline post-breakpoint 9-12 months —

Note. Loyalty remains essentially flat with respect to debt below DA = 4.1 and declines steeply thereafter —the
empirical signature of the ‘loyalty trap.’

Appendix E. Sensitivity Analyses and Robustness Checks

Five controls added as exogenous predictors of all endogenous constructs: income
tercile, education (years), employment status (employed/other), household size, and self-
reported pre-BNPL debt (yes/no). Country fixed effects retained.

Table A15. Structural Model with Socio-Demographic Controls.

Hypothesis Path Original 3 Adjusted p A% p (Adjusted) Conclusion
H1 AIPI — PEC 0.232 0.197 —15.1% <0.001 Supported
H2 AIPI — AN 0.286 0.241 —15.7% <0.001 Supported
H3 PEC — AN 0.168 0.149 —11.3% <0.001 Supported
H4 AIPI — IBT 0.285 0.231 —18.9% <0.001 Supported
H5 PEC — IBT 0.240 0.198 —17.5% <0.001 Supported
Hé6 AN — IBT 0.336 0.288 —14.3% <0.001 Supported
H7 AIPI — FS 0.201 0.142 —29.4% <0.001 Supported
H8 PEC — FS 0.156 0.061 —60.9% 0.087 No longer supported
H9 AN — FS 0.269 0.211 —21.6% <0.001 Supported
H10 IBT — FS 0.343 0.298 —13.1% <0.001 Supported
Hi11 AIPI — DA 0.150 0.108 —28.0% 0.002 Supported
Hi12 PEC — DA 0.201 0.149 —25.9% <0.001 Supported
H13 AN — DA 0.242 0.189 —21.9% <0.001 Supported
H14 IBT — DA 0.368 0.317 —13.9% <0.001 Supported
H15 AIPI — PL 0.309 0.264 —14.6% <0.001 Supported
Hilé6 PEC — PL 0.104 0.058 —44.2% 0.102 No longer supported
H17 AN — PL 0.132 0.108 —18.2% 0.002 Supported
H18 FS — PL —0.248 —0.198 —20.2% <0.001 Supported
H19 DA — PL —0.109 —0.067 —38.5% 0.071 No longer supported

Summary: Sixteen of nineteen direct hypotheses survive adjustment; three (HS, H16,
H19) become non-significant. The reviewer’s concern about universal support is thereby
addressed transparently. The surviving paths represent the conceptually central nudging-
mediation chain (AN/AIPI/PEC — IBT — FS, DA) plus the Al personalization — loy-
alty path.
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Table A16. Alternative Structural Model Comparison.

Model Specification AIC BIC SRMR Vuong z vs. Focal p
M-Focal AN/AIPI/PEC — IBT — FS, DA, PL 32,418 32,591 0.058 — —
M-Altl FS, DA — IBT (reversed mediation) 32,565 32,738 0.094 4.81 <0.001
M-Alt2 FL moderates first-stage (antecedent — IBT) 32,507 32,683 0.071 3.22 <0.001
M-Alt3 Direct paths only (no IBT mediator) 32,684 32,829 0.118 6.74 <0.001

Conclusion. The focal model fits significantly better than three theoretically motivated alternatives, including the
reversed-mediation specification recommended by the reviewer.

Table A17. Bonferroni-Holm Family-Wise Correction Across 19 Direct Paths.

Rank Hypothesis Raw p Holm-Adjusted « Decision
1 H14 <0.001 0.0026 Reject Hy
2 H10 <0.001 0.0028 Reject Hy
3 Hé6 <0.001 0.0029 Reject Hy
4 H15 <0.001 0.0031 Reject Hy
5 H4 <0.001 0.0033 Reject Hy
6 H2 <0.001 0.0036 Reject Hy
7 H9 <0.001 0.0038 Reject Hy
8 H13 <0.001 0.0042 Reject Hy
9 H5 <0.001 0.0045 Reject Hy
10 H18 <0.001 0.0050 Reject Hy
11 H1 <0.001 0.0056 Reject Hy
12 H7 <0.001 0.0063 Reject Hy
13 H12 <0.001 0.0071 Reject Hy
14 H11 <0.001 0.0083 Reject Hy
15 H3 <0.001 0.0100 Reject Hy
16 H17 <0.001 0.0125 Reject Hy
17 HS8 0.001 0.0167 Reject Hy
18 Hle6 0.001 0.0250 Reject Hy
19 H19 0.004 0.0500 Reject Hy

Summary: All nineteen paths survive Holm correction at family-wise o« = 0.05. How-
ever, H16 and H19 become non-significant once socio-demographic controls are added
(Table A13), indicating their fragility under model misspecification rather than under
multiple-comparison correction.

Table A18. Negative-Control Variable (Physical-Grocery Shopping Frequency) as Predictor.

Endogenous Construct B (Negative Control) SE 95% CI p
Impulsive Buying Tendency —0.018 0.029 [—0.075, 0.039] 0.531
Financial Stress —0.024 0.028 [—0.079, 0.030] 0.385
Debt Accumulation —0.011 0.031 [—0.072, 0.049] 0.717
Platform Loyalty 0.031 0.030 [—0.027, 0.090] 0.293
Algorithmic Nudging —0.037 0.027 [—0.090, 0.016] 0.171

Conclusion. No path from the negative control reaches significance (all || <0.04, all p >0.17). This pattern sup-
ports discriminant validity of the substantive paths and substantially reduces concern about pervasive common-
method bias inflation [89].
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Table A19. Power Analysis for Moderation Effects.

Detectable 2 (= 0.05,

.o . 2 .
Specification Power = 0.80, df =1, N = 1247) Observed - Range Conclusion
Two-stage interaction (BFL x AN) 0.0063 0.018-0.041 Adequate power
Two-stage interaction (BFL x IBT) 0.0063 0.022-0.057 Adequate power
Two-stage interaction (BFL x PEC) 0.0063 0.011-0.029 Adequate power
Power calculations via G*Power 3.1 [61].
Appendix F. Bifurcated Financial Literacy: Psychometrics
and Moderation
Table A20. Re-Estimated Psychometrics for GFL and BFL.
Construct Items AVE CR  Cronbach’s & McDonald’s HTMT (with Focal
w Constructs, Max)
General Financial .
Literacy (GFL) 2 0.617 0.762 0.71 0.74 0.42 (with PEC)
BNPL-Specific :
Financial Literacy (BFL) 3 0.583 0.806 0.79 0.81 0.51 (with AN)
. r=0.39
Correlation GFL <« BFL (v <0.001) — — —

Note: Both subscales now exceed the 0.50 AVE threshold and 0.70 reliability threshold. The HTMT between GFL
and BFL is 0.51, well below the 0.85 conservative threshold, supporting discriminant validity between the two.

Table A21. Simple-Slopes Analysis for the Strongest Interaction (BFL x IBT — DA). Predicted Time 2
debt accumulation (standardized) at +1 SD of IBT and BFL.

BFL Level IBT=-1SD IBT =+1SD A Predicted DA
Low BFL (—1 SD) —-0.31 +0.58 +0.89

Mean BFL —0.24 +0.34 +0.58
High BFL (+1 SD) —0.18 +0.11 +0.29

Interpretation: Among low-BFL consumers, a 1 SD increase in IBT is associated with
a 0.89 SD increase in T2 debt; among high-BFL consumers, the same IBT increase is as-
sociated with only a 0.29 SD increase—a 67% reduction in the harmful trajectory. (This
replaces the earlier ‘47%’ claim from the original abstract, which had been calculated on
the combined undifferentiated literacy scale.)

Appendix G. Measurement Invariance (MICOM) and
Multi-Group Analysis

Step 1— Configural Invariance

Identical indicator sets, identical data treatment, identical algorithm settings (path
weighting scheme, 5000 bootstrap iterations) applied across all seven countries. Configural
invariance supported for all eight constructs.

Step 2— Compositional Invariance

Correlations between composite scores in country-specific samples and pooled-sample
scores, evaluated against the 5% quantile from permutation-based reference distribution
(5000 permutations).
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Table A22. MICOM Step 2—Compositional Invariance.

Construct Correlation (Ir}in Permutatif)n 5% Comp0§itiona1
Across Countries) Quantile Invariance
Algorithmic Nudging 0.998 0.991 v
Al Personalization Intensity 0.999 0.989 v
Perceived Ease of Credit 0.997 0.986 v
Impulsive Buying Tendency 0.998 0.992 v
Financial Stress 0.996 0.988 v
Debt Accumulation 0.997 0.984 v
Platform Loyalty 0.998 0.990 v
BNPL-Specific Financial Literacy 0.996 0.987 v
Note: v indicates that compositional invariance is supported (permutation-based correlation p > 0.05 for all
countries).
Step 3—Equal Means and Variances
Table A23. MICOM Step 3—Equal Means and Variances.
Construct AR Within-C  Vorianee KaO yypin.cp - Pl 00
Algorithmic Nudging 0.082 v 1.14 v v Full
Al Personalization Intensity 0.094 v 1.09 v v Full
Perceived Ease of Credit 0.071 v 1.07 v v Full
Impulsive Buying Tendency 0.103 v 1.12 v v Full
Debt Accumulation 0.111 v 1.18 v v Full
Financial Stress 0.187 X 1.21 v Partial
Platform Loyalty 0.164 X 1.19 v Partial
BNPL-Specific Financial Literacy 0.119 v 1.16 v v Full
Note: v indicates that the construct meets the respective invariance criterion (mean equivalence and/or variance
equivalence) based on the permutation-based 95% confidence intervals. Constructs with v in the ‘Full Invariance’
column satisfy both mean and variance equality across all seven countries; constructs without v* satisfy compo-
sitional invariance only (partial invariance), which is sufficient for valid cross-group structural comparisons [70].
Conclusion: Five constructs achieve full invariance; two (FS, PL) achieve partial (compositional but not full mean-
equality) invariance. Partial invariance is sufficient for valid cross-group structural-path comparison [70].
Table A24. Multi-Group Analysis—Country-Level Variation in Key Paths.
Country n B (AN — IBT) B (IBT — DA) B (BFL x IBT — DA)
Saudi Arabia 287 0.39 *** 0.41 *** —0.23 ***
United Arab Emirates 241 0.37 *** 0.39 *** —0.22 ***
Egypt 234 0.34 *** 0.37 *** —0.21 ***
Jordan 184 0.32 *** 0.35 *** —0.20 ***
Morocco 142 0.29 *** 0.34 *** —0.18 **
Algeria 93 0.28 ** 0.32 *** —-0.17 *
Lebanon 66 0.28 ** 0.33 ** —0.15 (n.s.)
Pairwise PLS-MGA largest A3 — 0.11 0.09 0.08
Permutation test (p) — 0.06 0.14 0.21

Note: *** p < 0.001; ** p < 0.01; * p < 0.05; n.s. = not significant (p > 0.05). Lebanon’s small cell size (n = 66)
contributes to wider confidence intervals and the non-significant moderation effect. The H6 (AN — IBT) path
varies modestly across countries (largest AB =0.11; marginally non-significant at p = 0.06), with Gulf states (Saudi
Arabia, United Arab Emirates) exhibiting larger coefficients than the Maghreb (Morocco, Algeria). We interpret
this pattern tentatively given small subgroup cell sizes for Lebanon (n = 66) and Algeria (n = 93).
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Appendix H. Item-Level Descriptive Statistics and CROSS-Loadings

Table A25. Item Means, Standard Deviations, Skewness, Kurtosis (Selected Constructs).

Item Mean SD Skewness Kurtosis
AN1 4.82 1.39 —-0.41 —0.18
AN2 4.67 1.44 -0.31 -0.27
AN3 5.01 1.31 —0.52 0.04
AN4 4.79 1.42 —0.37 —-0.21
AIPI1 491 1.34 —0.46 —0.09
AIPI2 4.88 1.37 —0.42 —0.14
IBT1 431 1.48 —0.18 —0.51
IBT2 427 1.51 —-0.14 —0.58
FS1 4.04 1.62 —0.07 -0.71
FS2 4.11 1.59 -0.11 —0.66
DA1 3.87 1.71 0.04 —0.84
PL1 5.18 1.21 —0.61 0.31
PL2 5.04 1.27 —0.54 0.18
Note: All absolute skewness values are <1.0, and absolute kurtosis values are <2.0, supporting the assumption of
approximate univariate normality [90]. Full table for all 30 items available from the corresponding author.
Table A26. Cross-Loadings (Selected, for Discriminant-Validity Assessment). Each item should load
most strongly on its parent construct.
Item AN AIPI PEC IBT FS DA PL GFL BFL
AN1 0.78 0.41 0.32 0.39 0.27 0.24 0.18 -0.11 -0.14
AN4 0.81 0.43 0.34 0.42 0.29 0.27 0.21 -0.13 -0.17
AIPI1 0.39 0.82 0.29 0.34 0.21 0.18 0.34 —0.09 —0.11
AIPI3 0.42 0.79 0.31 0.36 0.23 0.21 0.31 —0.10 -0.13
PEC1 0.31 0.28 0.84 0.31 0.18 0.24 0.14 -0.07 —-0.12
IBT1 0.41 0.34 0.32 0.78 0.39 0.42 0.17 -0.18 —0.24
FS1 0.28 0.21 0.19 0.41 0.85 0.51 -0.21 —0.14 —0.19
DA1 0.27 0.19 0.26 0.44 0.52 0.82 —0.08 —0.16 —-0.22
PL1 0.21 0.34 0.16 0.18 —0.22 —0.09 0.81 0.04 0.06
GFL1 -0.12 —0.10 —0.08 -0.19 -0.15 -0.17 0.04 0.78 0.31
BFL1 —0.15 —0.12 —0.13 —-0.25 -0.19 —-0.23 0.06 0.29 0.76

Conclusion: Each item loads at least 0.20 higher on its parent construct than on any other, supporting discriminant

validity at the item level.

Appendix I. Open-Ended Qualitative Themes (Brief)

The Time 1 instrument included one open-ended item: ‘In your own words, describe

one positive and one negative experience you have had with this BNPL platform in the

past three months.” Of 1247 respondents, 1089 (87.3%) provided substantive responses,

coded thematically using the procedure of Braun and Clarke [91]. Five themes emerged:

Convenienceandspeed (mentioned by 71% of respondents) — overwhelmingly positive.

Loss of spending control (mentioned by 46%) — predominantly negative; respondents

explicitly attributed this to ‘the way the app reminds me’ or ‘the easy one-tap approval.’
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Surprise fees and unclear total cost (mentioned by 34%)—negative; concentrated
among low-BFL respondents.

Sense of being targeted personally (mentioned by 28%)—mixed valence; some respon-
dents valued relevance, others described discomfort.

Difficulty disengaging (mentioned by 19%)—negative; cited continued use despite
financial discomfort, consistent with the quantitative ‘loyalty trap’ finding.

Themes 2, 4, and 5 are convergent with the quantitative findings on algorithmic nudg-
ing, personalization, and the loyalty trap, supporting the construct interpretation.

Appendix J. Data and Code Availability Statement

De-identified Time 1 and Time 2 data, the SmartPLS 4 project file (.splsm), the R 4.4
analysis script (.R) covering item purification, bootstrap Cls, autoregressive longitudinal
models, MICOM, multiple imputation, and all sensitivity analyses reported in Appen-
dices D-G, are available at the project’s Open Science Framework repository: [anonymized
link provided upon acceptance]. The translation and back-translation logs, the cognitive-
pretest debrief notes, and the full codebook for qualitative thematic coding are included

in the OSF package.
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