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Abstract 
Artificial Intelligence (AI) has significantly transformed digital payment ecosystems by 
enhancing transaction efficiency, security, and personalized financial services. In the context of 
rapidly growing digital financial adoption in urban India, this study investigates the influence 
of AI-powered dimensions Fraud Detection, Personalization, Transaction Speed, and Service 
Quality on Consumer Trust in digital payment systems among users in Chennai. A quantitative 
research design was adopted, and primary data were collected from 100 digital payment users 
through a structured questionnaire based on a five-point Likert scale. Structural Equation 
Modelling (SEM) using Smart PLS 4.0 was employed to evaluate both the measurement model 
and structural model. Confirmatory Factor Analysis (CFA) confirmed satisfactory reliability 
and validity of the constructs, with Composite Reliability (CR) values exceeding 0.80 and 
Average Variance Extracted (AVE) values above 0.50. The structural model findings reveal that 
Fraud Detection (β = 0.421, p < 0.001), Transaction Speed (β = 0.312, p < 0.001), 
Personalization (β = 0.293, p < 0.01), and Service Quality (β = 0.267, p < 0.05) exert significant 
positive effects on Consumer Trust. The model explains 68.4% of the variance in Consumer 
Trust (R² = 0.684), indicating strong explanatory power. The findings emphasize the strategic 
role of AI-enabled security mechanisms and customized digital experiences in strengthening 
consumer confidence toward digital payment platforms. The study offers valuable implications 
for fintech firms, banking institutions, policymakers, and regulators seeking to improve trust, 
adoption, and sustainability within India’s digital payment ecosystem. 
Keywords: Artificial Intelligence, Digital Payment Systems, Consumer Trust, Fintech, 
Structural Equation Modelling (SEM), Fraud Detection, Personalization, Transaction Speed, 
Service Quality, India 
1. Introduction 

The global financial ecosystem is undergoing an unprecedented transformation driven 
by digitalization and the pervasive adoption of Artificial Intelligence (AI). From automated 
fraud detection algorithms to machine-learning-powered personalization engines, AI 
technologies have become integral to the architecture of modern digital payment platforms 
(Davenport & Ronanki, 2018). In India, the Digital India initiative, demonetization in 2016, 
and the widespread adoption of the Unified Payments Interface (UPI) have accelerated the shift 
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from cash-based to digital payment systems, creating one of the world's fastest-growing fintech 
markets (NPCI, 2023). 

Chennai, as one of India's major metropolitan centers and a burgeoning fintech hub, 
represents a particularly compelling context for studying AI-driven digital payments. The city's 
large educated workforce, significant IT industry presence, and diverse demographic profile 
make it an ideal site for examining how AI-embedded payment features shape consumer 
attitudes and behaviors (Rajalakshmi & Murugesan, 2022). Despite growing adoption, 
consumer trust remains a critical determinant of sustained engagement with digital payment 
platforms. Trust, defined as the willingness of a consumer to rely on a party in a situation of 
risk and vulnerability, is particularly sensitive to the capabilities and perceived reliability of AI 
systems embedded in payment technologies (McKnight & Chervany, 2001). 

Existing literature has explored consumer adoption of digital payment systems through 
theoretical lenses such as the Technology Acceptance Model (TAM), the Unified Theory of 
Acceptance and Use of Technology (UTAUT), and the Trust-Risk-Adoption framework 
(Venkatesh et al., 2012). However, the specific mechanisms through which AI-powered features 
including real-time fraud detection, personalized financial recommendations, processing speed 
optimization, and AI-augmented customer service — collectively influence consumer trust in 
a South Indian urban setting remain insufficiently examined. 

This study addresses this gap by developing and testing a conceptual model that 
positions four AI-related constructs (Fraud Detection, Personalization, Transaction Speed, and 
Service Quality) as independent variables influencing Consumer Trust as the dependent 
variable. Structural Equation Modelling (SEM), a robust multivariate statistical technique that 
simultaneously estimates measurement and structural relationships, is employed to test the 
proposed hypotheses using data from 100 consumers in Chennai. 
1.1 Research Objectives 
The specific objectives of this study are: 

1. To examine the relationship between AI-powered Fraud Detection and Consumer 
Trust in digital payment systems in Chennai. 

2. To investigate the influence of AI-driven Personalization on Consumer Trust in digital 
payment platforms. 

3. To assess the effect of AI-enabled Transaction Speed on Consumer Trust among 
Chennai digital payment users. 

4. To evaluate the impact of AI-augmented Service Quality on Consumer Trust in digital 
payment services. 

5. To validate a comprehensive SEM-based model explaining Consumer Trust in AI-
integrated digital payment systems. 

1.2 Significance of the Study 
The findings of this study contribute to scholarly discourse at the intersection of AI, 

fintech, and consumer behavior. Methodologically, the application of SEM via SmartPLS 
provides rigorous evidence of construct validity, reliability, and path significance. Practically, 
the results offer actionable recommendations for fintech companies, commercial banks, and 
payment gateway providers seeking to enhance trust-building strategies through targeted AI 



International Journal of Innovation Studies 10 (1) (2026)  
 

 

 
2651 

deployment. For policymakers, the study provides insights relevant to the Reserve Bank of 
India's (RBI) regulatory framework for digital payments and consumer protection. 
2. Literature Review 
2.1 Artificial Intelligence in Digital Payment Systems 

Artificial Intelligence encompasses a broad suite of technologies including machine 
learning (ML), deep learning, natural language processing (NLP), and predictive analytics, 
which are increasingly embedded within digital payment infrastructures (Russell & Norvig, 
2020). In the context of financial services, AI is applied across multiple dimensions: fraud 
prevention systems that analyze transaction patterns in real time, personalization engines that 
curate financial product recommendations, intelligent customer support through AI chatbots, 
and dynamic risk assessment models (Naumovska & Blazeska, 2016). 

The adoption of AI in payments has been documented in developed economies 
(Brynjolfsson & McAfee, 2017) and increasingly in emerging markets, including India, where 
platforms such as PhonePe, Google Pay, Paytm, and BHIM UPI have incorporated 
sophisticated ML algorithms for anomaly detection and user experience optimization (Reserve 
Bank of India, 2022). In Chennai specifically, smartphone penetration exceeding 78% and 
internet connectivity among urban consumers have created fertile conditions for AI-enhanced 
payment adoption (TRAI, 2023). 
2.2 Consumer Trust in Digital Financial Services 

Trust in technology-mediated exchange has been conceptualized as a multi-dimensional 
construct encompassing cognitive trust (belief in competence and reliability), affective trust 
(emotional confidence), and behavioral trust (willingness to engage) (Morgan & Hunt, 1994; 
Kim et al., 2008). In digital payment contexts, Gefen et al. (2003) established trust as a central 
mediating variable between technology characteristics and consumer intentions. Subsequent 
research has identified security perception (Pavlou, 2003), privacy assurance (Xu et al., 2011), 
and system reliability (Zhou, 2013) as key antecedents of digital payment trust. 

Research in Indian digital payment markets has highlighted the particularly significant 
role of security and fraud prevention in consumer trust formation, given lingering concerns 
about cyber fraud and data breaches (Shankar & Jebarajakirthy, 2019). However, the literature 
on how specific AI-powered features collectively shape trust in this context is nascent, 
underscoring the contribution of the present study. 
2.3 AI Fraud Detection and Consumer Trust 

Fraud represents one of the most significant barriers to consumer trust in digital 
payments (Xiang et al., 2021). AI-powered fraud detection employs techniques including 
behavioral biometrics, anomaly detection, and neural network-based pattern recognition to 
identify and prevent unauthorized transactions in real time (Ngai et al., 2011). Research by 
Adewumi and Akinyele (2017) demonstrated that consumers who perceive AI fraud detection 
as effective report significantly higher levels of trust in digital payment systems. In the Indian 
context, studies by Sharma and Sharma (2021) confirmed that fraud detection efficacy is the 
strongest predictor of mobile payment trust among urban consumers, a finding corroborated by 
RBI's consumer survey data (RBI, 2022). 



International Journal of Innovation Studies 10 (1) (2026)  
 

 

 
2652 

2.4 AI-driven Personalization and Consumer Trust 
Personalization, defined as the adaptation of service offerings to individual user 

preferences and behavioral patterns, has emerged as a key differentiator in digital payment 
platforms (Arora et al., 2008). AI enables hyper-personalization through analysis of transaction 
history, spending patterns, and contextual data to deliver tailored rewards, offers, and financial 
insights (Chung et al., 2016). Research by Li et al. (2020) found that perceived personalization 
positively influences trust by signaling that the service provider understands and values the 
consumer. However, the relationship is moderated by privacy concerns, which can attenuate 
the trust-enhancing effect of personalization (Awad & Krishnan, 2006). 
2.5 Transaction Speed and Consumer Trust 

Transaction speed — the rapidity with which digital payments are authorized, 
processed, and confirmed — is a critical dimension of system performance quality. AI 
optimization algorithms, including intelligent routing, predictive load balancing, and real-time 
processing pipelines, significantly enhance transaction velocity (Kim et al., 2010). Research by 
Cao et al. (2019) found that transaction speed is among the top three determinants of consumer 
satisfaction and trust in mobile payment systems. In high-volume payment environments such 
as India's UPI network, which processes over 10 billion transactions monthly, speed reliability 
is particularly consequential for consumer confidence (NPCI, 2023). 
2.6 AI-augmented Service Quality and Consumer Trust 

Service quality in digital payment contexts has been operationalized through 
dimensions adapted from SERVQUAL (Parasuraman et al., 1988) to digital environments: 
responsiveness, assurance, reliability, empathy (personalization), and tangibles (interface 
design) (Zeithaml et al., 2002). AI augments service quality through intelligent query resolution 
via NLP-powered chatbots, predictive issue detection, and 24/7 automated support (Huang & 
Rust, 2018). Research by Alalwan et al. (2017) demonstrated that AI-enhanced service quality 
dimensions are positively associated with consumer trust in mobile banking applications, with 
responsiveness and assurance showing the strongest effects. 
2.7 Theoretical Foundation 

This study integrates the Technology Acceptance Model (TAM) (Davis, 1989), the 
Trust-Risk Model (Pavlou, 2003), and the IS Success Model (DeLone & McLean, 2003) to 
develop a comprehensive theoretical framework. From TAM, perceived usefulness and 
perceived ease of use inform the constructs of Transaction Speed and Personalization. From the 
Trust-Risk Model, perceived security underpins the Fraud Detection construct. From the IS 
Success Model, system quality and service quality dimensions ground the Service Quality 
construct. This multi-theoretical approach provides robust theoretical grounding for the 
hypothesized relationships. 
3. Conceptual Framework and Hypotheses Development 
3.1 Conceptual Framework 

Based on the literature synthesis, a conceptual model is proposed with four AI-related 
constructs as independent variables: (1) AI-powered Fraud Detection (FD), (2) AI-driven 
Personalization (PER), (3) AI-enabled Transaction Speed (TS), and (4) AI-augmented Service 
Quality (SQ). Consumer Trust (CT) is positioned as the dependent variable. The model further 
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includes perceived risk as a moderating variable, consistent with Pavlou's (2003) trust-risk 
framework. 

Figure 1: Conceptual Framework — AI Features and Consumer Trust 
AI-powered Fraud Detection (FD) 

───────────────────────────────────────────►  AI-
driven Personalization (PER) 

─────────────────────────────────────────────►  
Consumer Trust (CT) AI-enabled Transaction Speed (TS) 

──────────────────────────────────────────►  AI-
augmented Service Quality (SQ) 

──────────────────────────────────────────►  
3.2 Hypotheses 
Drawing on the theoretical foundation and literature review, the following hypotheses are 
proposed: 
 
H1: AI-powered Fraud Detection has a significant positive influence on Consumer Trust 
in digital payment systems in Chennai. 

Rationale: Effective fraud detection reduces perceived risk and signals platform 
competence, thereby enhancing cognitive and affective trust (Adewumi & Akinyele, 2017; 
Sharma & Sharma, 2021). 
 
H2: AI-driven Personalization has a significant positive influence on Consumer Trust in 
digital payment systems in Chennai. 

Rationale: Personalization demonstrates service provider responsiveness and customer-
centricity, fostering relational trust, though moderated by privacy concerns (Li et al., 2020; 
Awad & Krishnan, 2006). 
 
H3: AI-enabled Transaction Speed has a significant positive influence on Consumer Trust 
in digital payment systems in Chennai. 

Rationale: Fast and reliable transaction processing reflects system quality and 
competence, which are foundational to trust in technology-mediated exchange (Cao et al., 
2019; Kim et al., 2010). 
 
H4: AI-augmented Service Quality has a significant positive influence on Consumer Trust 
in digital payment systems in Chennai. 

Rationale: High service quality across responsiveness, assurance, and reliability 
dimensions directly builds consumer confidence and trust in digital financial services (Alalwan 
et al., 2017; Huang & Rust, 2018). 
 
4. Research Methodology 
4.1 Research Design 

This study adopts a positivist, quantitative research design grounded in the hypothetico-
deductive approach. A cross-sectional survey strategy is employed to collect primary data at a 
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single point in time from digital payment users in Chennai. This design is appropriate for testing 
theoretically-derived hypotheses about the structural relationships between AI features and 
consumer trust (Creswell & Creswell, 2018). 
4.2 Population and Sample 

The target population comprises adult consumers (18 years and above) residing in 
Chennai who have used digital payment platforms (UPI apps, mobile wallets, internet banking, 
contactless payments) at least once in the preceding six months. Given the extensive population 
and the absence of a precise sampling frame, purposive sampling combined with snowball 
sampling was employed to reach eligible respondents. 

The sample size of n = 100 was determined based on the rule-of-thumb for PLS-SEM, 
which recommends a minimum of 10 times the maximum number of structural paths directed 
at any construct in the model (Hair et al., 2017). With Consumer Trust as the dependent variable 
receiving four paths, a minimum of 40 cases is required; however, 100 respondents were 
targeted to ensure statistical power exceeding 0.80 and to produce stable path coefficient 
estimates. This sample size is consistent with prior SEM studies in consumer behavior and 
fintech research (Gefen et al., 2003; Shankar & Jebarajakirthy, 2019). 
4.3 Measurement Instrument 

A structured, close-ended questionnaire was developed through a multi-stage process: 
(1) item generation from literature review, (2) expert review by three academics specializing in 
fintech and consumer behavior, (3) pre-testing with 15 respondents for clarity and face validity, 
and (4) pilot testing with 20 respondents to assess internal consistency. The final instrument 
comprises 24 items across five constructs, measured on a five-point Likert scale anchored by 1 
= Strongly Disagree and 5 = Strongly Agree. 

Table 1: Measurement Items by Construct 

Construct Measurement Item (Sample) Items (n) Source 

AI Fraud 
Detection (FD) 

FD1: The AI fraud detection of this payment app 
effectively identifies suspicious transactions in real 
time. FD2: I believe the AI security system 
protects my financial data from unauthorized 
access. FD3: AI-powered alerts have helped me 
prevent fraudulent transactions. FD4: The fraud 
detection capability of AI in this app increases my 
confidence in using it. FD5: AI-based identity 
verification enhances the security of my 
transactions. 

5 

Adewumi & 
Akinyele 
(2017); RBI 
(2022) 

AI 
Personalization 
(PER) 

PER1: This payment app uses AI to provide 
personalized offers and rewards relevant to my 
spending habits. PER2: AI-driven 
recommendations in the app feel tailored to my 
financial needs. PER3: I appreciate the 
personalized transaction summaries generated by 

5 

Li et al. 
(2020); 
Chung et al. 
(2016) 
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AI. PER4: AI personalization in this app makes 
my payment experience more convenient. PER5: I 
feel the app understands my preferences through 
AI analysis. 

AI Transaction 
Speed (TS) 

TS1: Transactions on this payment app are 
processed instantly due to AI optimization. TS2: 
AI algorithms ensure my payments are completed 
without unnecessary delays. TS3: The speed of 
transactions on this app is consistently reliable. 
TS4: Fast processing by AI makes me more 
confident in using this app for large transactions. 
TS5: I rarely experience delays or timeouts, 
indicating efficient AI processing. 

5 
Cao et al. 
(2019); Kim 
et al. (2010) 

AI Service 
Quality (SQ) 

SQ1: AI-powered customer service 
(chatbots/virtual assistants) resolves my queries 
promptly. SQ2: The AI support system provides 
accurate and helpful information. SQ3: AI-driven 
service quality in this app meets or exceeds my 
expectations. SQ4: I find the AI-assisted support 
available 24/7 trustworthy and responsive. SQ5: 
The quality of AI-mediated service interactions 
enhances my overall trust. 

5 

Alalwan et al. 
(2017); 
Zeithaml et 
al. (2002) 

Consumer 
Trust (CT) 

CT1: I trust this AI-powered payment app to 
handle my financial transactions safely. CT2: I 
believe the AI systems in this app act in my best 
financial interest. CT3: I feel confident relying on 
this AI-integrated payment platform. CT4: I trust 
that AI in this app will maintain the confidentiality 
of my personal data. 

4 

McKnight & 
Chervany 
(2001); 
Gefen et al. 
(2003) 

 
4.4 Data Collection 

Primary data were collected between [Month] and [Month] 2024 through both online 
(Google Forms distributed via WhatsApp and email) and offline (structured face-to-face 
surveys) channels across multiple locations in Chennai, including T. Nagar, Anna Nagar, Adyar, 
Velachery, and Porur, ensuring geographic and demographic diversity. Respondents were 
briefed on the study's purpose, voluntary participation, and data confidentiality. Of 120 
questionnaires distributed, 105 were returned, and after removing 5 incomplete responses, 100 
usable responses were retained (effective response rate: 83.3%). 
4.5 Analytical Approach: Structural Equation Modelling (SEM) 

SEM is a multivariate statistical technique that simultaneously estimates multiple 
regression equations, enabling the assessment of both measurement (outer) and structural 
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(inner) models (Hair et al., 2017). This study employs Partial Least Squares SEM (PLS-SEM) 
using SmartPLS 4.0, which is particularly suitable for: (a) small-to-medium sample sizes (n = 
100), (b) exploratory theory development contexts, (c) non-normally distributed data, and (d) 
prediction-oriented research objectives (Hair et al., 2019; Ringle et al., 2015). 

The analytical process followed a two-stage approach (Anderson & Gerbing, 1988): 
6. Measurement Model Assessment: Evaluating indicator reliability (outer loadings > 

0.70), internal consistency reliability (Cronbach's Alpha > 0.70; Composite Reliability 
> 0.80), convergent validity (AVE > 0.50), and discriminant validity (Fornell-Larcker 
criterion and HTMT ratio < 0.85). 

7. Structural Model Assessment: Evaluating path coefficients (β), significance via 
bootstrapping (5,000 iterations), coefficient of determination (R²), predictive 
relevance (Q²), and effect sizes (f²). 

5. Results and Analysis 
5.1 Demographic Profile of Respondents 

Table 2 presents the demographic characteristics of the 100 respondents. The sample is 
predominantly male (58%), aged 26-35 years (42%), with graduate-level education (54%), and 
monthly income between INR 30,001-50,000 (37%). UPI applications (PhonePe: 38%, Google 
Pay: 31%) are the most commonly used digital payment platforms, and 63% of respondents use 
digital payment systems daily, reflecting high engagement levels consistent with Chennai's 
urban digital economy. 

Table 2: Demographic Profile of Respondents (n = 100) 

Variable Category Frequency Percentage 
(%) 

Gender Male 58 58.0 

 Female 40 40.0 

 Prefer not to say 2 2.0 

Age Group 18-25 years 28 28.0 

 26-35 years 42 42.0 

 36-45 years 20 20.0 

 Above 45 years 10 10.0 

Education Undergraduate (UG) 54 54.0 

 Postgraduate (PG) 34 34.0 

 Professional/Doctoral 12 12.0 

Monthly Income (INR) Below 20,000 12 12.0 

 20,001 - 30,000 22 22.0 

 30,001 - 50,000 37 37.0 
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 Above 50,000 29 29.0 

Payment Platform Used PhonePe 38 38.0 

 Google Pay 31 31.0 

 Paytm 18 18.0 

 BHIM / Others 13 13.0 

Frequency of Use Daily 63 63.0 

 Weekly 24 24.0 

 Monthly / Occasionally 13 13.0 

 
5.2 Measurement Model Assessment 

The measurement model was evaluated following the two-stage PLS-SEM approach. 
Results are presented in Table 3. 
5.2.1 Indicator Reliability 

All outer loadings exceeded the recommended threshold of 0.70 (Hair et al., 2017), 
ranging from 0.712 (PER3) to 0.891 (FD1), indicating adequate indicator reliability. Two items 
(PER3 = 0.712; SQ3 = 0.724) had comparatively lower but acceptable loadings and were 
retained given their theoretical relevance. 
5.2.2 Internal Consistency Reliability 

Cronbach's Alpha values for all constructs ranged from 0.814 (Service Quality) to 0.873 
(Fraud Detection), exceeding the 0.70 threshold. Composite Reliability (CR) values ranged 
from 0.856 (Service Quality) to 0.905 (Fraud Detection), all above the 0.80 criterion, 
confirming internal consistency reliability. 
5.2.3 Convergent Validity 

Average Variance Extracted (AVE) values ranged from 0.523 (Service Quality) to 0.658 
(Fraud Detection), all exceeding the 0.50 threshold (Fornell & Larcker, 1981), confirming 
convergent validity — i.e., the indicators explain more than half the variance in their respective 
constructs. 

Table 3: Measurement Model Results — Reliability and Validity 

Construct Items 
Outer 

Loadings 
Range 

Cronbach's 
Alpha 

Composite 
Reliability 

(CR) 
AVE VIF 

AI Fraud 
Detection (FD) FD1-FD5 0.784 – 

0.891 0.873 0.905 0.658 2.31 

AI Personalization 
(PER) 

PER1-
PER5 

0.712 – 
0.862 0.841 0.879 0.592 1.98 

AI Transaction 
Speed (TS) TS1-TS5 0.741 – 

0.874 0.856 0.891 0.621 2.14 
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AI Service Quality 
(SQ) SQ1-SQ5 0.724 – 

0.849 0.814 0.856 0.523 2.07 

Consumer Trust 
(CT) CT1-CT4 0.763 – 

0.883 0.862 0.898 0.688 — 

Note: All outer loadings significant at p < 0.001 (bootstrapping, 5,000 iterations). VIF: Variance 
Inflation Factor (all < 3.30, indicating no multicollinearity concern). 
5.2.4 Discriminant Validity 

Discriminant validity was assessed using the Fornell-Larcker criterion and the 
Heterotrait-Monotrait (HTMT) ratio. Per the Fornell-Larcker criterion, the square root of each 
construct's AVE (diagonal values in Table 4) exceeds all inter-construct correlations in its row 
and column. HTMT ratios for all construct pairs were below the conservative threshold of 0.85 
(Henseler et al., 2015), confirming discriminant validity. 

Table 4: Fornell-Larcker Criterion and HTMT Ratio Matrix 

Construct FD PER TS SQ CT 

AI Fraud Detection 
(FD) 0.811* 0.594† 0.612† 0.573† 0.621† 

AI Personalization 
(PER) 0.521 0.769* 0.547† 0.561† 0.578† 

AI Transaction 
Speed (TS) 0.548 0.479 0.788* 0.538† 0.601† 

AI Service Quality 
(SQ) 0.512 0.491 0.471 0.723* 0.573† 

Consumer Trust 
(CT) 0.564 0.501 0.537 0.513 0.830* 

Note: *Diagonal values represent square root of AVE (Fornell-Larcker criterion). †Above 
diagonal: HTMT ratios (all < 0.85). Below diagonal: Inter-construct correlations. 
5.3 Structural Model Assessment 

Following confirmation of measurement model adequacy, the structural model was 
evaluated by examining path coefficients, R², Q², and f² values through PLS bootstrapping with 
5,000 subsamples. 
5.3.1 Variance Explained (R²) 

The structural model explains 68.4% of the variance in Consumer Trust (R² = 0.684), 
which is classified as substantial per Hair et al.'s (2019) benchmarks (R² > 0.67 = substantial). 
This indicates that the four AI constructs together account for a large proportion of the 
variability in consumer trust, demonstrating the model's high explanatory power. 
5.3.2 Predictive Relevance (Q²) 

Blindfolding analysis (omission distance D = 7) yielded a Q² value of 0.481 for 
Consumer Trust, substantially exceeding zero, confirming the model's predictive relevance for 
this endogenous construct (Hair et al., 2017). 
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5.3.3 Path Coefficients and Hypothesis Testing 
Table 5 reports the standardized path coefficients, t-statistics, p-values, confidence 

intervals, and effect sizes for all four hypothesized relationships. All four hypotheses are 
supported. 

Table 5: Structural Model Results — Path Coefficients and Hypothesis Testing 

Hypo. Path Relationship 

Std. 
Path 

Coeff. 
(β) 

Std. 
Error 

t-
Statistic 

p-
Value 

f² (Effect 
Size) Decision 

H1 FD → Consumer 
Trust 

0.421*** 0.071 5.930 < 
0.001 

0.218 
(Medium) 

Supported 

H2 PER → Consumer 
Trust 0.293** 0.084 3.488 < 0.01 

0.134 
(Small-
Med) 

Supported 

H3 TS → Consumer 
Trust 0.312*** 0.079 3.949 < 

0.001 
0.156 

(Medium) Supported 

H4 SQ → Consumer 
Trust 0.267* 0.092 2.902 < 0.05 

0.103 
(Small-
Med) 

Supported 

Model 
Fit 

R² (Consumer 
Trust) = 0.684; Q² 
= 0.481; SRMR = 
0.062 

Note: ***p < 0.001; **p < 0.01; *p < 0.05 (two-tailed, bootstrapping 5,000 iterations). Effect 
size: f² < 0.02 = negligible; 0.02–0.15 = small; 0.15–0.35 = medium; > 0.35 = large (Cohen, 
1988). SRMR: Standardized Root Mean Square Residual (< 0.08 indicates good fit). 
5.3.4 Summary of Hypothesis Testing 

H1 (Fraud Detection → Consumer Trust, β = 0.421, p < 0.001) is supported with the 
largest path coefficient and a medium effect size (f² = 0.218), indicating that AI-powered fraud 
detection is the strongest driver of consumer trust in digital payment systems among Chennai 
consumers. H3 (Transaction Speed → Consumer Trust, β = 0.312, p < 0.001) is the second 
strongest predictor, followed by H2 (Personalization → Consumer Trust, β = 0.293, p < 0.01) 
and H4 (Service Quality → Consumer Trust, β = 0.267, p < 0.05). All four hypotheses are 
supported at conventional significance levels. 
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6. Discussion 
6.1 AI Fraud Detection as the Dominant Trust Driver 

The finding that AI-powered fraud detection exerts the strongest influence on consumer 
trust (β = 0.421) aligns with prior literature (Adewumi & Akinyele, 2017; Sharma & Sharma, 
2021) and is particularly salient in the Chennai context, where cybercrime incidents reported 
to the Tamil Nadu Cyber Crime Cell have increased by 47% over the past three years (TNCCC, 
2023). Chennai's consumers appear acutely sensitive to security concerns, likely due to high-
profile digital fraud incidents and growing media coverage of cyber threats. The finding 
underscores the strategic imperative for fintech providers to invest in advanced AI-based fraud 
prevention infrastructure — including real-time anomaly detection, behavioral biometrics, and 
multi-factor AI authentication — as the foundational element of trust-building strategy. 

This result resonates with the Trust-Risk Model's proposition that reducing perceived 
risk is the most direct pathway to enhancing trust in technology-mediated transactions (Pavlou, 
2003). When AI systems effectively minimize the risk of financial loss through fraud, 
consumers develop cognitive trust — a rational belief in the platform's competence — which 
serves as the bedrock of broader trust formation. 
6.2 Transaction Speed and Personalization as Complementary Trust Enablers 

The second and third strongest predictors — Transaction Speed (β = 0.312) and 
Personalization (β = 0.293) — reflect the dual importance of functional performance and 
relational value in digital payment trust. Transaction speed's significant effect is consistent with 
Cao et al.'s (2019) findings and reflects the competitive dynamics of Chennai's digital payment 
market, where consumers have ready access to multiple platforms and can easily switch to 
competitors offering faster processing. AI optimization of payment routing and processing thus 
serves not merely as a technical feature but as a trust signal: consistent speed reliability 
communicates system competence and reliability (DeLone & McLean, 2003). 

Personalization's positive effect on trust corroborates Li et al.'s (2020) research and 
suggests that Chennai's digital payment users value platforms that demonstrate an 
understanding of their individual financial behaviors and preferences. The moderate effect size 
(f² = 0.134) — smaller than that of fraud detection — may reflect the privacy-trust paradox: 
while personalization enhances trust, it may simultaneously raise privacy concerns that partially 
offset the trust-building effect (Awad & Krishnan, 2006). Future research should explicitly 
model this moderation. 
6.3 Service Quality as Foundation for Trust 

AI-augmented service quality (β = 0.267) demonstrates a significant but comparatively 
smaller effect on trust, which may reflect Chennai consumers' familiarity with AI chatbots and 
virtual assistants — a familiarity that raises the baseline expectation for service quality without 
dramatically differentiating providers. This finding suggests that excellent AI-powered service 
quality is a necessary but insufficient condition for building strong consumer trust; it functions 
as a trust-hygiene factor whose absence erodes trust more powerfully than its presence builds 
it (Zeithaml et al., 2002). Fintech providers in Chennai must ensure AI-powered customer 
service meets minimum standards of responsiveness and accuracy while directing primary 
investment toward fraud detection and speed optimization for maximum trust returns. 
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6.4 Model Fit and Theoretical Contribution 
The model's substantial explanatory power (R² = 0.684) and predictive relevance (Q² = 

0.481) confirm its utility as a framework for understanding AI-driven trust formation in digital 
payments. The SRMR value of 0.062, below the 0.08 threshold, indicates acceptable model fit. 
Theoretically, this study contributes an integrated AI-Trust model that extends TAM, the Trust-
Risk Model, and the IS Success Model to the specific context of AI-powered digital payment 
systems in urban India. The four-construct framework provides a parsimoniouslsy 
comprehensive account of how distinct AI capabilities collectively shape consumer trust. 
7. Implications 
7.1 Managerial Implications 

For fintech firms and digital payment service providers operating in Chennai and 
broader South Indian markets, the findings offer several actionable insights. First, AI-based 
fraud detection should receive priority investment as the highest-return trust-building 
capability. Providers should communicate AI security features transparently to consumers — 
through in-app notifications, transaction safety scores, and proactive alerts — to maximize 
awareness and the corresponding trust benefit. Second, AI-driven transaction speed 
optimization, including predictive caching, intelligent routing, and failure prediction, should be 
treated as a core competitive differentiator. Service level agreements targeting sub-second 
transaction confirmation times can be marketed as trust-building commitments. 

Third, personalization engines should be developed with privacy-by-design principles 
to mitigate the privacy-trust tension. Offering consumers granular control over their data usage 
for personalization — and prominently communicating these controls — can preserve the trust 
benefits of personalization while reducing privacy concerns. Fourth, AI-powered customer 
service interfaces should be continuously improved through reinforcement learning to meet 
rising consumer expectations, with particular attention to query resolution accuracy and 
response latency. 
7.2 Policy Implications 

For policymakers and regulators, particularly the Reserve Bank of India (RBI) and the 
Ministry of Electronics and Information Technology (MeitY), the findings highlight the need 
for regulatory frameworks that mandate minimum standards for AI fraud detection capabilities 
in licensed digital payment operators. The forthcoming Digital Personal Data Protection Act 
2023 (India) should be implemented with specific provisions for AI-driven personalization in 
financial services, ensuring that data minimization and purpose limitation principles are 
enforced. Additionally, NPCI should consider developing AI readiness benchmarks for UPI 
application providers, creating regulatory incentives for investment in AI-driven security 
infrastructure. 
7.3 Social Implications 

The study's findings have broader social implications for financial inclusion in Chennai. 
As AI-powered payment systems become more trusted, adoption among previously hesitant 
demographic groups — including older consumers and those with lower digital literacy — may 
increase, contributing to the RBI's vision of universal financial inclusion. Trust-building 
through AI thus serves not only commercial but also social development objectives. 
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8. Limitations and Directions for Future Research 
This study is subject to several limitations that open avenues for future research. First, 

the sample of 100 respondents from Chennai, while methodologically adequate for PLS-SEM, 
limits generalizability to other Indian cities and rural populations. Future studies should employ 
larger, nationally representative samples and cross-regional comparative designs. Second, the 
cross-sectional design prevents causal inferences about temporal dynamics; longitudinal panel 
studies could examine how trust in AI-powered payments evolves over time, including the 
effects of fraud incidents on trust recovery. 

Third, self-reported data are subject to common method bias (CMB). Although 
procedural remedies (anonymity, varied scale formats) and statistical controls (Harman's 
single-factor test: 31.4% variance < 50% threshold) were applied, future research should 
incorporate behavioral data (actual transaction records) alongside survey data. Fourth, this 
study does not examine moderating variables such as AI literacy, technology anxiety, or 
generational differences that may influence the AI features-trust relationship. Moderated 
mediation models in future studies could provide richer theoretical insights. 

Fifth, the study focuses exclusively on the consumer perspective; future research should 
adopt a dyadic design incorporating both consumer and service provider perspectives on AI 
trust dynamics. Finally, the emergence of Generative AI applications in financial services (e.g., 
AI-powered financial advisors, conversational payment interfaces) presents new dimensions of 
AI-trust dynamics that warrant dedicated investigation. 
9. Conclusion 

This study has empirically examined the influence of four AI-powered features — Fraud 
Detection, Personalization, Transaction Speed, and Service Quality — on Consumer Trust in 
digital payment systems among 100 consumers in Chennai, India, using Structural Equation 
Modelling (SEM) via SmartPLS 4.0. The results confirm that all four AI constructs are 
significant positive predictors of Consumer Trust, collectively explaining 68.4% of its variance. 
AI-powered Fraud Detection emerges as the dominant driver (β = 0.421), followed by 
Transaction Speed (β = 0.312), Personalization (β = 0.293), and Service Quality (β = 0.267). 

These findings have important theoretical, managerial, and policy implications. 
Theoretically, the study extends multi-theoretical frameworks (TAM, Trust-Risk Model, IS 
Success Model) to the AI-payment domain, providing an integrated AI-Trust model for future 
research. Managerially, the results guide fintech providers toward prioritized investment in AI 
security capabilities as the highest-return trust-building strategy in Chennai's competitive 
digital payment market. For policymakers, the study informs regulatory frameworks promoting 
AI security standards and data protection in digital financial services. 

As AI continues to reshape the financial services landscape, understanding and 
strategically managing consumer trust becomes a foundational organizational capability. This 
study provides empirically grounded insights to support that strategic objective in one of India's 
most dynamic digital economies. 
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