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Abstract. This manuscript examines how young consumers respond to AI chatbots in social 
commerce by conceptualizing chatbots as informatics-enabled front-line service systems. 
Building on a unified model that assigns Stimulus-Organism-Response (SOR) as the system 
structure, the Persuasion Knowledge Model (PKM) as the ethical-cognition mechanism, and 
Trust Theory as the service-outcome logic, we test how two service-design choices-identity 
disclosure (transparency) and conversational tone (personalized vs. generic)-shape trust and 
perceived manipulation, and ultimately purchase intention. Using a 2x2 between-subjects 
experiment with UAE youth (18-25), standardized chatbot dialogues were generated and 
pretested using a large-language-model workflow to ensure consistent stimuli; this design 
enables controlled comparison but does not fully capture the adaptivity of live chatbots. PLS-
SEM results show that transparent AI disclosure and empathetic personalization increase trust 
and reduce perceived manipulation; trust is the dominant mediator linking design cues to 
purchase intention, while perceived manipulation imposes a significant negative effect. 
Digital literacy attenuates the negative influence of manipulation on intention, highlighting a 
boundary condition relevant for service governance. The results can also be used to inform 
guidelines for the development and delivery of service systems, which involve the provision 
of transparency by default, personalization that is explainable, the adaptation of tone to the 
needs of the user, and the development of an escalation process.  
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1. Introduction 
Chatbots are not just neutral tools for younger generations; they are socio-technical actors embedded 
in the fabric of everyday digital ecosystems (Al-Ma’aitah et al. 2024; Kumar and Shankar 2025). As 
the use of chatbots is becoming increasingly mainstream, the question is no longer whether chatbots 
can be used to persuade but, rather, the informatics of the chatbot’s use and the associated 
consequences on the ethics of the interactions that are deemed trustworthy and ethical. 

Past research is fragmented in nature, with the majority of the literature considering the issue of trust 
as the primary motivator of AI interactions and the issue of manipulation as a parallel construct, albeit 
a competing and complementary organismic response to trust. (Nguyen et al. 2022; Watson et al. 
2024). This creates an unresolved conceptual tension: transparency and personalization can increase 
trust by reducing uncertainty, yet the same mechanisms can heighten persuasion awareness and moral 
resistance when users infer strategic influence (Singh et al. 2024). A coherent model is therefore 
needed to explain when AI-mediated persuasion functions as legitimate service support versus 
ethically problematic manipulation. 

Addressing this tension, this manuscript develops a unified SOR-PKM-Trust Theory framework that 
positions chatbot cues as service-system stimuli, PKM as the ethical-cognition mechanism through 
which users detect persuasive intent, and Trust Theory as the service-outcome logic linking perceived 
competence, integrity, and benevolence to behavioural intention. Empirically, we test the model using 
UAE youth (18-25) as a theory-testing context where high digital adoption and relational norms make 
trust and moral evaluation particularly salient (Salhab et al. 2025). The contribution is therefore 
theoretical integration and contextual validation, with implications for informatics-enabled service 
design and governance rather than new theory creation. 

Accordingly, the manuscript addresses the following research questions: 

• RQ1: How do chatbot identity disclosure and conversational tone (as transparency and 
interaction design choices) influence youth users’ trust and perceived manipulation in AI-
enabled service encounters? 

• RQ2: Do trust and perceived manipulation jointly mediate the effects of identity disclosure 
and tone on purchase intention in social commerce? 

• RQ3: Does digital literacy moderate the relationship between perceived manipulation and 
purchase intention among youth users? 

2. Literature Review 

2.1. AI chatbots as informatics-enabled service systems 
AI chatbots can be understood as informatics-enabled service systems: they operationalize service 
delivery through data capture, algorithmic personalization, and conversational decision logic, While 
factors such as identity disclosure, transparency cues, and explainability impact how legitimate and 
trustworthy this service is perceived to be, this approach expands the scope of such service beyond 
just persuasion. It includes reliability, consistency, and failure and recovery in information-intensive 
services (Blümel et al. 2024; Jarrahi et al. 2025; Hui et al. 2025). 

2.2. Generative AI and Youth Digital Behaviour 

Generative AI is playing an increasingly important role in influencing how young consumers interact 
with brands, how they consume content, and how they make decisions. Research has revealed that 
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Gen Z and late millennials interact with generative AI as a tool that can help accomplish tasks and, at 
times, as a relational presence in the digital space (Kumar & Shankar 2025). Research has primarily 
focused on the productivity benefits of generative AI in searching, creating, and consuming content in 
the Western world (Jarrahi et al. 2025).  

Research has also revealed that generative AI has different implications in different cultures, with 
youth in collectivist societies more likely to see generative AI as a “partner” compared with those in 
individualist societies (Al-Ma’aitah et al. 2024). However, digital nativism and lower privacy 
concerns can influence how young consumers interact with generative AI, with fairness, persuasion, 
and manipulation concerns acting as barriers to engagement with generative AI, which can sometimes 
trigger resistance (Campbell et al. 2025). Therefore, generative AI can be seen as a utility and an 
ethical actor in digital commerce, which can create value and ethical issues at the same time 
(Alshemmari, 2023) 

. 

2.3. Chatbot Identity and Human–AI Interaction in Social Commerce 

Chatbot identity not only acts as a cue for communication but also acts as a mechanism to encourage 
transparency for informatics-enabled service systems. Moreover, the level to which the chatbot 
discloses information about AI involvement or presents itself as human-like affects the manner in 
which data usage is perceived, the manner in which the decision logic is understood, and the manner 
in which accountability is attributed. Empirical findings have been inconsistent regarding this notion. 
Some findings suggest that disclosing information about AI involvement increases user trust by 
reducing uncertainty and aligning user expectations. Other findings suggest that presenting the chatbot 
as human-like increases warmth but can have the unintended consequence of decreasing user trust if 
the user perceives deception and hidden persuasion intentions (Blömker and Albrecht 2025; Hui et al. 
2025). 

This indicates that the manner in which identity affects user perception is subject to cultural factors 
and digital experience. Users who are more inclined towards relational and human-centered 
interactions may be more accepting of anthropomorphic service behavior but also expect disclosure 
for data-intensive profiling for personalization purposes (Al-Ma’aitah et al. 2024; Campbell et al. 
2025). This indicates that identity disclosure should be viewed as an informatics design choice for 
chatbots to enhance user trust and also increase user awareness about persuasion intentions, thereby 
creating the tension between trust and resistance to inform the central argument for this manuscript 
(Yaseen & Al-Amarneh, 2025) 

. 

2.4. Conversational Tone and Perceived Personalisation 

Conversational tone operationalizes the chatbot’s interaction policy, shaping how personalization is 
delivered in the service encounter. Empathetic or relational language can increase perceived 
responsiveness and service quality, but it also interacts with transparency: highly personalized tone 
without clear disclosure may be interpreted as strategic influence rather than genuine support. In 
informatics terms, tone is an interface-level manifestation of underlying decision rules and 
personalization algorithms (Blümel et al. 2024; Blömker and Albrecht 2025). 
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Warm tone can elevate satisfaction and engagement, yet excessive intimacy or over-personalization 
can trigger discomfort, privacy concern, and manipulation inference, especially among users with 
higher persuasion knowledge or stronger privacy norms (Campbell et al. 2025; Watson et al. 2024). 
This suggests that tone should be treated as a controllable service-design parameter that must be 
calibrated alongside transparency and explainability. 

2.5. Trust Formation in AI-Mediated Marketing 

Trust continues to be the foundation upon which technology acceptance is built. However, the 
determinants of trust evolve when the role of artificial intelligence is central. The earlier model 
identified competence, integrity, and benevolence as the primary determinants of trust. However, with 
the role of generative artificial intelligence, new determinants of trust are created. These include 
transparency, explainability, and perceived control (Luque-Raya et al. 2025). Comparative studies 
show that trustworthiness is increased by transparency in the West but may decrease comfort when 
the institutional framework is central. In the case of the United Arab Emirates, institutional trust 
created by approval and initiatives in digitization and literacy are central in creating trust that aligns 
with user perceptions (Zoubi et al. 2025). 

There is an increasing tendency for researchers to integrate Trust-Commitment Theory and 
Technology Acceptance Model (TAM) with the objective of addressing the relational and functional 
dimensions of trust in one model (Almahri and Saleh 2025). However, this model does not consider 
moral trust, which is central in the case of younger consumers who are exposed to complex and 
misleading recommendation logics. Therefore, trust needs to be redefined as a multidimensional 
concept. 

2.6. Perceived Manipulation and the Ethics of AI Persuasion 

Moreover, the real-time adaptation of messages by AI increases the ethical concern about hidden 
persuasion. Unlike the assumption of the Persuasion Knowledge Model, which holds that consumers 
are aware of persuasion intentions and can resist such persuasion, AI makes persuasion intentions 
unclear by adapting to consumers' responses. Further, comparative studies have also found that 
younger consumers tend to underestimate AI persuasion compared to older consumer (Watson et al. 
2024). A cross-cultural study also indicates that young consumers in Western culture perceive 
artificial intelligence persuasion as intrusive in terms of privacy, while young consumers in Arab 
culture perceive artificial intelligence persuasion as acceptable in terms of service and efficiency 
(Binlibdah 2024). 

From an ethical point of view, persuasion is related to perceptual manipulation, where artificial 
intelligence persuasion leads to a lack of autonomy or a lack of clear consent. Studies related to 
Nudge Theory and Computational Persuasion state that artificial intelligence persuasion is less likely 
to influence consumers if its role is transparent, with clear indications of any coercion felt by 
consumers. However, only a few empirical models exist that consider these factors in a broader 
context. 

2.7. Purchase Intention and Behavioral Outcomes in Social Commerce 

In the context of AI marketing, the intention to purchase is a function of the interplay between 
cognitive trust and the regulation of emotions. The earlier Theories of Planned Behavior and the 
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Stimulus-Organism-Response model discuss how stimuli induce a reaction, which eventually 
manifests as a particular behavior (Nguyen et al., 2022). A comparative study across cultures reveals 
the universal effectiveness of trust as a facilitator of the intention to purchase across cultures, although 
the mediating effect of manipulation is inconsistent. Western cultures report a negative reaction to 
manipulation, whereas GCC and Asian cultures report a conditionally positive reaction if the 
manipulation is aligned with social value or convenience (Cleveland, 2024). 

Recent studies on the effects of AI-specific concepts, such as algorithmic transparency and 
anthropomorphism, on the intention to purchase reveal a mediating effect on emotions, although the 
link with manipulation is only loosely defined. A comparative synthesis reveals a dual pathway for 
the intention to purchase in the context of AI marketing. Two routes exist: the ethical route through 
trust and the psychological route through compliance, with the interaction of these routes, especially 
among the youth, being the focal point for the extension of the theory. 

2.8. Unified theoretical framework, research gap, and hypotheses development 
To overcome fragmented thinking, the present manuscript attempts to expand its scope by integrating 
three basic theories: the Stimulus-Organism-Response (SOR) model, Personal Knowledge 
Management (PKM), and Trust Theory, into a unified system model of service interaction with the 
help of informatics. PKM specifies the ethical-cognition mechanism through which users infer 
persuasive intent and form manipulation judgments, while Trust Theory explains how competence, 
integrity, and benevolence perceptions translate into service acceptance and continuity (Singh et al. 
2024; Watson et al. 2024; Hui et al. 2025).  

2.8.1. Stimulus–Organism–Response (SOR) Framework 

The SOR framework explains how external stimuli in the digital environment shape internal user 
states and subsequent behaviour (Mehrabian and Russell 1974). Here, chatbot identity disclosure and 
conversational tone are treated as controllable service-system stimuli that signal transparency and 
interaction quality; they are expected to influence two organismic evaluations-trust (service 
confidence) and perceived manipulation (moral resistance)-which jointly determine purchase intention 
in social commerce (Singh et al. 2024). 

Hypotheses: 
H1: Transparent chatbot identity disclosure (AI disclosed vs. human-posed) positively influences 
trust. 
H2: Transparent chatbot identity disclosure negatively influences perceived manipulation. 
H3: An empathetic/personalized conversational tone positively influences trust. 
H4: An empathetic/personalized conversational tone negatively influences perceived manipulation. 

2.8.2. Persuasion Knowledge Model (PKM) 

PKM explains how consumers recognize persuasion attempts and evaluate whether influence 
strategies are legitimate or deceptive (Friestad and Wright 1994). In AI-enabled service encounters, 
perceived manipulation reflects a user’s inference that personalization is designed to steer choices in 
ways that undermine autonomy, especially when transparency is weak (Watson et al. 2024). PKM 
therefore clarifies how informatics design cues activate moral resistance in the organism phase of 
SOR. 

Hypotheses: 
H5: Perceived manipulation negatively influences purchase intention. 
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H6: Trust and perceived manipulation jointly mediate the effects of identity disclosure and 
conversational tone on purchase intention. 

2.8.3. Trust Theory 

Trust Theory conceptualizes trust as confidence in the competence, integrity, and benevolence of a 
service provider, and it is central to continued engagement in information-intensive interactions (Hui 
et al. 2025). In AI chatbot contexts, trust operates as a service-outcome logic: it links perceptions of 
transparent, reliable, and fair system behaviour to willingness to rely on the chatbot and accept its 
recommendations in social commerce. 

Hypotheses: 
H7: Trust positively influences purchase intention in AI-enabled social commerce. 
H8: Digital literacy moderates the relationship between perceived manipulation and purchase 
intention, weakening the negative effect among more digitally literate youth. 

The resulting research gap is not only geographic but conceptual: existing literature does not fully 
explain how transparency and personalization can simultaneously foster trust while triggering 
persuasion awareness and moral resistance. By testing this tension within a unified informatics-
enabled service system model-and using UAE youth as a theory-testing context-this manuscript offers 
integrated explanation, design-relevant implications, and a clearer contribution. 

 

Figure 1. Conceptual framework 

 

3. Methodology  

3.1. Research Context and Country Justification 
The United Arab Emirates (UAE) provides a relevant theory-testing context because digital services 
and AI-enabled commerce are widely adopted and youth users are frequent early adopters of 
conversational technologies. At the same time, the context is used here to examine conceptual 
tensions (trust versus moral resistance) rather than to claim universal consumer behaviour. 
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Accordingly, inferences are bounded to digitally active UAE youth (18-25) and similar high-AI-
adoption Gulf contexts (Salhab et al. 2025). 

3.2. Research Design and Approach 
A 2x2 between-subjects experimental survey design was used to test how two service-system design 
choices influence youth responses: identity disclosure (AI disclosed vs. human-posed) as a 
transparency cue and conversational tone (personalized/empathetic vs. generic) as an interaction-
policy cue. Each participant viewed one standardized chatbot dialogue simulating a social-commerce 
recommendation scenario, after which they completed measures of trust, perceived manipulation, 
digital literacy, and purchase intention. 

To ensure consistent stimuli, dialogues were generated using a large-language-model workflow and 
then edited to hold constant product information, length, and structure across conditions. This 
approach supports internal validity and avoids exposing participants to uncontrolled live-system 
variation; however, it represents a controlled simulation and does not capture real-time adaptivity, 
learning, or repeated interaction effects typical of deployed chatbots. 

This controlled design isolates the effects of transparency and tone while holding other informatics 
features constant (e.g., recommendation content, response timing). As a result, the findings should be 
interpreted as causal evidence about specific design cues rather than as a full ecological account of 
ongoing human-chatbot service relationships (Taqa, 2025). 

3.3. Realism and Manipulation Checks 
To assess perceived realism and successful manipulation of the experimental cues, a two-stage 
verification process was applied. First, a realism pretest (n = 30) evaluated the credibility and 
naturalness of the dialogues, and items with low realism were revised. Second, manipulation-check 
items confirmed that participants correctly perceived the intended identity-disclosure and tone 
conditions. Because the stimuli were standardized rather than adaptive, the experiment is best framed 
as a controlled simulation; future work should test live chatbots to examine learning effects, service 
continuity, and failure/recovery dynamics (Jama, 2023). 

3.4. Target Population and Sampling 
The target population comprised young consumers aged 18-25 residing in the UAE. This population is 
appropriate for examining youth vulnerability and literacy-based boundary conditions in AI-enabled 
service encounters, but it does not represent all consumers. 

A purposive non-probability sampling strategy recruited participants from universities and early-
career workplaces. Findings should therefore be interpreted as applicable to digitally active UAE 
youth rather than to the broader population. Replication across age groups and cultural contexts is 
recommended to test robustness and external validity (Oreqat, 2021). 

Sample size determination followed Hair et al. (2021), applying both the 10-times rule and a GPower 
3.1* analysis to ensure adequate statistical power for Partial Least Squares Structural Equation 
Modeling (PLS-SEM) (Siregar and Fachrrozi 2023). 

3.5. Measurement Instruments 
All the latent variables measured by the study employed scales that had been tested for their reliability 
and had been derived from tested literature on consumer behavior and AI marketing. The study 
measured the following variables: trust, perceived manipulation, purchase intention, and digital 
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literacy/AI familiarity, with the latter used as a moderator. The study used a five-point Likert scale for 
each item, with 1 representing strongly disagree and 5 representing strongly agree (Morshed et al. 
2024). 

The results showed high reliability with Cronbach's α coefficients above 0.80. The wording of the 
items was slightly amended to reflect the terminology used in UAE's social commerce (Al-Muntasir, 
2022). The reliability and validity criteria used to evaluate the constructs are presented in Table 1. The 
criteria were used to evaluate the measurement models using PLS-SEM. 

Table 1. Measurement Reliability and Validity Thresholds 

Assessment 
Criterion 

Purpose Recommended 
Threshold 

Interpretation / 
Action 

Key 
References 

Cronbach’s α Internal 
consistency of 
items within each 
construct 

≥ 0.70 α > 0.80 = good 
reliability 

Hair et al. 
(2021) 

Composite 
Reliability 
(CR) 

Overall construct 
reliability 

≥ 0.70 Indicates shared 
variance among 
indicators 

Fornell & 
Larcker 
(1981) 

Average 
Variance 
Extracted 
(AVE) 

Convergent 
validity 

≥ 0.50 Demonstrates 
sufficient variance 
captured by 
indicators 

Hair et al. 
(2021) 

Indicator 
Loadings 

Item reliability ≥ 0.70 Retain > 0.70; 
consider removal < 
0.60 

Hulland 
(1999) 

Fornell–
Larcker 
Criterion 

Discriminant 
validity 

√AVE > inter-
construct 
correlations 

Confirms construct 
distinctiveness 

Fornell & 
Larcker 
(1981) 

HTMT Ratio Alternative 
discriminant-
validity test 

≤ 0.85 HTMT < 0.85 = 
satisfactory 
discrimination 

Henseler et 
al. (2015) 

 

3.6. Statistical Method and Analytical Strategy 
All statistical procedures were performed using the software tool SmartPLS. Specifically, we relied on 
version 4.0.9.0. The primary statistical technique we employed is Partial Least Squares Structural 
Equation Modeling (PLS-SEM). We decided to rely on this technique since we wanted to employ an 
effective technique that is capable of handling predictive and variance-based models with several 
latent variables and mediation and moderation effects. Moreover, this technique is very effective when 
data does not follow a normal distribution and when the sample size is considered medium scale. The 
use of this technique is consistent with the methodological norms employed by the journal Young 
Consumers (Morshed 2025b). 

3.6.1. Stage 1: Measurement-Model Evaluation 

• Internal consistency: Cronbach’s α and Composite Reliability (CR) ≥ 0.70. 
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• Convergent validity: Average Variance Extracted (AVE) ≥ 0.50. 

• Discriminant validity: Confirmed using the Fornell–Larcker criterion and Heterotrait–
Monotrait ratio (HTMT ≤ 0.85).. 

3.6.2. Stage 2: Structural-Model Testing 

Furthermore, bootstrapping with 5,000 resamples was used for the estimation of the path coefficients 
(β), the corresponding t-values, and the 95% confidence intervals for direct, mediating, and 
moderating relationships within the model. In terms of the quality of the model, several key criteria 
were used: R² for the variance explained, f² for the effect size, and Q² for the predictive relevance of 
the model. Moreover, the PLSpredict procedure was used for the evaluation of the predictive 
performance of the model, thus adding further support for the generalization of the model (Ahmad et 
al., 2023). 

3.6.3. Robustness and Sensitivity Checks 

Other model specifications were also explored in relation to their stability, such as removing the 
moderator and reversing the causal directions. A Multi-Group Analysis (MGA) was also performed to 
examine differences between participants who were high versus low in digital literacy in terms of 
conditional effects.(Ngah et al. 2023). 

 

 

 

 

4. Findings  

4.1. Respondent Profile and Descriptive Statistics 

4.1.1. Demographic Profile 

The sample comprised 250 UAE youth consumers who were 18-25 years old. As shown in Table 2, 
males comprised 54% of the sample, whereas females comprised 46%. The majority of the sample 
were 22-25 years old, representing 63% of the sample. Moreover, most of the participants were 
undertaking undergraduate courses, which were 72%. In addition, 58% of the participants were 
categorized as highly digitally literate. The highly digitally literate category identified the upper 
literacy groups for multi-group analysis (MGA) (Morshed, 2025c). 

Table 2. Demographic Profile of Respondents 

Variable Category Frequency (n = 250) Percentage (%) 

Gender Male 135 54.0 
 

Female 115 46.0 

Age (years) 18–21 93 37.2 
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22–25 157 62.8 

Education level Undergraduate 180 72.0 
 

Graduate 70 28.0 

Digital literacy level High 145 58.0 
 

Low 105 42.0 

 

4.1.2. Descriptive Statistics of Latent Constructs 

Descriptive analysis was performed for all the latent constructs that were measured using five-point 

Likert scales ranging from 1 ("strongly disagree") to 5 ("strongly agree"). 

The results, as presented in Table 3, revealed that Trust and Chatbot Identity had very high means. 

The means were 4.33 (SD = 0.66) and 4.28 (SD = 0.63) for Trust and Chatbot Identity, respectively. 

This revealed that authenticity and trustworthiness were associated with AI chatbots. The results also 

revealed that Perceived Manipulation had a moderate mean of 2.48 (SD = 0.82). The consistently high 

means for Digital Literacy (M = 4.25, SD = 0.57) validate its role as a potential moderator. 

Table 3. Descriptive Statistics of Latent Constructs 

Construct Items Mean 

(M) 

SD Min Max Interpretation 

Chatbot Identity 4 4.28 0.63 1 5 High perceived authenticity 

Conversational Tone 5 4.11 0.70 1 5 Personalised interaction 

Trust 4 4.33 0.66 1 5 High trust level 

Perceived 

Manipulation 

4 2.48 0.82 1 5 Moderate persuasion 

awareness 

Purchase Intention 4 4.02 0.71 1 5 Positive behavioural tendency 

Digital Literacy 3 4.25 0.57 1 5 High technological 

competence 

 

Overall, the descriptive profile suggests that trust levels are relatively high, while levels of 
manipulation are moderate. In service and informatic terms, the youth users seem to have the 
willingness to trust the chatbot service interface (as represented by the high levels of trust) but to be 
aware of the potential for manipulation and the threat to their autonomy (as represented by the 
moderate levels of manipulation) (Morshed, 2024b). 
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4.2. Measurement-Model Evaluation 
Construct reliability and validity were assessed with SmartPLS 4.0.9.0, where the two-step PLS-SEM 
approach was employed as suggested by (Hair Jr. et al., 2021). 

The outer loadings of all indicators were above 0.70, which confirmed reliability at the indicator level. 
Internal consistency reliability was also confirmed as Cronbach’s α and Composite Reliability (CR) 
were above 0.70 for all constructs, while Average Variance Extracted (AVE) was above 0.50, thus 
showing convergent validity (Table 4). 

Discriminant validity, as suggested by the Fornell-Larcker criterion and HTMT method, also 
confirmed satisfactory results as the square root of AVEs was greater than the correlations between the 
constructs, and HTMT ratios were below 0.85 (Dos Santos and Cirillo 2023). 

 

Table 4. Construct Reliability and Validity Summary 

Construct Cronbach’s 
α 

Composite 
reliability 
(CR) 

Average 
variance 
extracted 
(AVE) 

Highest 
HTMT 
ratio 

Interpretation 

Chatbot Identity 0.876 0.912 0.675 0.781 Reliable and valid 
construct 

Conversational 
Tone 

0.884 0.918 0.690 0.802 High internal 
consistency 

Trust 0.893 0.925 0.705 0.793 Satisfactory 
convergent 
validity 

Perceived 
Manipulation 

0.851 0.897 0.648 0.817 Acceptable 
discriminant 
validity 

Purchase 
Intention 

0.904 0.934 0.738 0.768 Strong reliability 

Digital Literacy 0.865 0.903 0.702 0.759 Measurement 
adequate 

 

All constructs met recommended thresholds. Substantively, trust indicators were loaded more saliently 
and cohesively than were indicators of manipulation. This finding supports the view that trust is the 
primary way in which service encounters with AI are cognitively organized by youth, with 
manipulation playing a secondary but still important role in moral judgments. Again, this points to the 
need to consider measurement results in terms of procedure and user representations of service 
systems and their governance (Morshed, 2025d). 

4.3. Structural-Model Results 
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The second step of the PLS-SEM procedure involved testing the hypothesized structural relationships 
using the software tool SmartPLS 4.0.9.0 with 5,000 bootstrap resamples (Hair et al., 2021). Since 
collinearity was not an issue with VIF < 3.3. 

The model achieved substantial variance explained for the endogenous constructs: R² = 0.58 for Trust, 
0.46 for Perceived Manipulation, and 0.72 for Purchase Intention (Kalnins and Praitis Hill 2025). 

As shown in Table 5, identity disclosure (transparency cue) and conversational tone (interaction-
policy cue) were found to positively influence trust: β = 0.52, p < 0.001 and β = 0.47, p < 0.001, 
respectively. Moreover, the two cues were also found to decrease perceived manipulation: β = -0.31, p 
= 0.004 for identity disclosure and β = -0.29, p = 0.009 for conversational tone. 

Table 5. Structural Path Results (Direct and Mediating Effects) 

Hypothesis Structural path Β t-
value 

p-
value 

Supported? 

H1 Chatbot Identity → Trust 0.52 9.14 < 
0.001 

Yes 

H2 Chatbot Identity → Perceived 
Manipulation 

–
0.31 

2.88 0.004 Yes 

H3 Conversational Tone → Trust 0.47 8.03 < 
0.001 

Yes 

H4 Conversational Tone → Perceived 
Manipulation 

–
0.29 

2.62 0.009 Yes 

H5 Perceived Manipulation → Purchase 
Intention 

–
0.33 

2.53 0.012 Yes 

H7 Trust → Purchase Intention 0.41 3.01 0.003 Yes 

 

Effect-size results (f²) showed large impacts of Chatbot Identity (0.29) and Conversational Tone 
(0.27) on Trust and medium effects of Perceived Manipulation (0.18) on Purchase Intention. Positive 
Q² values for all endogenous constructs confirmed predictive relevance. 
Overall, the findings support the SOR framework: AI identity and conversational warmth act as 
persuasive stimuli, while Trust and Perceived Manipulation function as cognitive-affective 
mechanisms shaping consumer intention (Siregar and Fachrurrozi 2023). 

4.4. Mediation Analysis 
Mediation (H6) was examined using bootstrapped indirect effect analyses with 5,000 resamples. 
Significance of the indirect effect was inferred if the CI did not contain zero (p < 0.05) (Hair et al., 
2021). As shown in Table 6, the trust-based indirect effects are significant and strong: Chatbot Identity 
→ Trust → Purchase Intention (β = 0.21, 95% CI [0.14, 0.29], p = 0.002), and Conversational Tone 
→ Trust → Purchase Intention (β = 0.19, 95% CI [0.11, 0.27], p = 0.007). The manipulation-based 
mediation is weaker and negative: Chatbot Identity → Manipulation → Purchase Intention is 
significant and negative (β = −0.08, p = 0.031), while the effect of Conversational Tone on 
Manipulation and then on Purchase Intention is not significant (p = 0.087) (Morshed, 2024a). 
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Table 6. Indirect (Mediating) Effects 

Mediation path Indirect 
β 

95 % CI 
(BCa) 

p-
value 

Type Result 

Chatbot Identity → Trust → 
Purchase Intention 

0.21 [0.14, 
0.29] 

0.002 Partial Supported 

Conversational Tone → Trust → 
Purchase Intention 

0.19 [0.11, 
0.27] 

0.007 Partial Supported 

Chatbot Identity → Perceived 
Manipulation → Purchase Intention 

–0.08 [–0.16, –
0.02] 

0.031 Partial 
(negative) 

Supported 

Conversational Tone → Perceived 
Manipulation → Purchase Intention 

–0.06 [–0.14, 
0.01] 

0.087 None Not 
supported 

 

This also confirms the primary role of Trust as the mediator between chatbot cues and behavioral 
intention, as proposed by the SOR model. While the role of Perceived Manipulation, derived from the 
Persuasion Knowledge Model, is less significant but inverse, the two models validate the mediation 
process of the dual-path model. 

4.5. Moderation and Multi-Group Analysis (MGA) 
Digital literacy (H8) was examined as a moderator using the interaction term approach with 5,000 
Bootstrap resamples and validated using MGA with the Henseler approach. As shown in Table 7, the 
result revealed a statistically significant positive interaction effect between the two variables, with β = 
0.17 and p = 0.018, indicating that higher levels of digital literacy buffer the effect of the negative 
relationship between manipulation and purchase intention. As shown in the simple slope plot in Figure 
2, the effect of manipulation on purchase intention is strong at lower levels of digital literacy but 
negligible at higher levels of digital literacy (Wang et al., 2022). MGA also validated the moderating 
effect of digital literacy, as the relationship between manipulation and purchase intention is 
significantly different between the high and low literacy groups (Δβ = 0.21, p < 0.05). 

Table 7. Moderation and Multi-Group Analysis Results 

Analysis Path Tested β / Δβ t-
value 

p-
value 

Interpretation 

Moderation Manipulation × Digital Literacy 
→ Purchase Intention 

0.17 2.38 0.018 High literacy mitigates 
negative effect 

MGA (High vs Low 
Literacy) 

Manipulation → Purchase 
Intention 

Δβ = 
0.21 

— < 0.05 Significant group 
difference 
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Figure 2. Moderation Effect of Digital Literacy 

 

 

4.6. Model Fit and Predictive Relevance 
The model's adequacy was also checked by using R², f², Q², and PLSpredict, as suggested by Hair Jr. 
et al. (2021). As presented in Table 8, the results indicate good explanatory and predictive capabilities. 
The R² values indicate moderate-to-substantial variance explained by the model in Trust (0.58), 
Perceived Manipulation (0.46), and Purchase Intention (0.72). The results of f² indicate large effects 
of Chatbot Identity on Trust (0.29), as well as large effects of Conversational Tone on Trust (0.27). 
Moreover, f² results indicate moderate negative effects of Chatbot Identity on Perceived Manipulation 
(0.18, 0.16). Regarding Purchase Intention, Trust (0.22) and Manipulation (0.17) have medium effects 
(Morshed et al., 2024). 

 

Table 8. Model Quality and Predictive Indices 

Construct R² f² (Key Predictors) Q² Predictive 
Relevance 

Interpretation 

Trust 0.58 0.29 (Identity), 0.27 
(Tone) 

0.36 Yes Strong explanatory 
power 
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Perceived 
Manipulation 

0.46 0.18 (Identity), 0.16 
(Tone) 

0.28 Yes Moderate predictive 
strength 

Purchase 
Intention 

0.72 0.22 (Trust), 0.17 
(Manipulation) 

0.43 Yes High predictive 
relevance 

 

 

4.7. Summary of Hypothesis Testing 
All eight hypotheses (H1–H8) were evaluated through the integrated PLS-SEM model using 
bootstrapping and multi-group procedures. As summarised in Table 9, all proposed relationships were 
statistically significant and directionally consistent with theoretical expectations. 

The stimulus variables-identity disclosure and conversational tone-positively influenced trust and 
reduced perceived manipulation, supporting H1-H4. In turn, trust increased purchase intention 
(supporting H7), while perceived manipulation reduced purchase intention (supporting H5). Trust and 
manipulation jointly mediated the effects of the design cues on intention (supporting H6), and digital 
literacy weakened the negative effect of manipulation on intention (supporting H8). 

 

Table 9. Summary of Hypotheses Testing 

Hypothesis Statement Path / Test Result Supported? 

H1 Chatbot Identity → Trust Direct effect β = 0.52, p < 
0.001 

✔ 
Supported 

H2 Chatbot Identity → Perceived 
Manipulation 

Direct effect β = –0.31, p = 
0.004 

✔ 
Supported 

H3 Conversational Tone → Trust Direct effect β = 0.47, p < 
0.001 

✔ 
Supported 

H4 Conversational Tone → Perceived 
Manipulation 

Direct effect β = –0.29, p = 
0.009 

✔ 
Supported 

H5 Perceived Manipulation → 
Purchase Intention 

Direct effect β = –0.33, p = 
0.012 

✔ 
Supported 

H6 Trust & Manipulation as mediators Indirect 
effects 

β = 0.21 / –
0.08, p < 0.05 

✔ 
Supported 

H7 Trust → Purchase Intention Direct effect β = 0.41, p = 
0.003 

✔ 
Supported 

H8 Digital Literacy moderates & 
differentiates Manipulation → 
Intention 

Interaction + 
MGA 

β = 0.17, Δβ = 
0.21, p < 0.05 

✔ 
Supported 
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Collectively, these results validate the integrated SOR–PKM–Trust Theory model, demonstrating that 
chatbot identity and tone influence consumer responses both cognitively (Trust) and ethically 
(Manipulation). The moderating role of Digital Literacy reinforces its importance as a boundary 
condition in AI-driven persuasion dynamics. 

5. Discussion and Implications 

5.1. Positioning and theoretical implications 
The interaction between youth and AI chatbots is influenced by the service system design. Digital 
literacy further helps to refine the boundary conditions. More digitally literate youth were less likely 
to translate the awareness of manipulation into behavioral avoidance, suggesting that literacy can help 
support more sophisticated processing of persuasive intent and possibly provide a buffer for moral 
resistance. 

The contribution of the manuscript should therefore be humbly set: It brings together established 
theory into a coherent system model, presents empirical results on how specific transparency and 
interaction policy factors influence trust and manipulation, and tests the underlying mechanisms in the 
Gulf youth culture. It can therefore extend existing research by emphasizing the co-occurrence of trust 
and moral resistance, but not by suggesting the development of new theory. 

A service science perspective also points to further implications of the results, which go beyond the 
specific purchase intention of the experiment. In the real-world application of deployed chatbots, the 
service relationship is continuous, and success, failure, and recovery can all influence long-run service 
acceptance. Transparency protocols (e.g., persistence of disclosures) and escalation protocols (e.g., 
handoff to humans when uncertainty or discomfort is detected) become important for reliable and 
ethical service delivery. 

The results support the view of the design and delivery of conversational AI: trust can be fostered not 
only by success but also by transparent system identity, personalization, and interaction policy. 

5.2. Practical Implications 
Managerially, what this study’s findings suggest is that trustworthy chatbot deployment necessitates 
specific service system configuration, as opposed to vague recommendations of ‘transparency’ per se. 
What this means is that firms need to develop (1) disclosure protocols (persistent AI identifications 
and purposes), (2) explainable personalization (so users know why they are getting a recommendation 
and what it’s based on), (3) tone calibration (so chatbots avoid too much intimacy or pressure), and (4) 
escalation and recovery (so users can go to humans or file complaints if they sense manipulation). 

5.3. Policy implications 
Policy implications of the governance nature of identity disclosure and personalization follow 
naturally. Regulators and platform operators can improve the overall protection of youth by 
mandating the disclosure of chatbots in social commerce, specifying the level of transparency in 
personalization (for example, by specifying the level of explanation of recommendation algorithms), 
and mandating the availability of reporting and redress systems in cases of user coercion and 
deception. At the same time, the policy of digital literacy should be seen as an enabling infrastructure 
for trustworthy AI services, such that certain segments of the population do not suffer systematically 
in service interactions with AI systems due to their lower levels of literacy in persuasion, privacy, and 
informed consent. 
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5.4. Societal and Ethical Implications 
Ethical contribution should therefore be operationalized into design and governance principles: 
transparency-by-default (clear, persistent disclosure and purpose statements), explainable interaction 
(user-appropriate explanations of recommendation logic and data use), and literacy-adaptive service 
design (additional prompts, warnings, or opt-outs for lower-literacy users). These principles translate 
moral concerns into implementable controls that reduce vulnerability while sustaining trustworthy 
service delivery. 

5.5. Future Research Directions 
Future research should test these mechanisms using live or adaptive chatbots and behavioural 
outcomes to capture learning effects, repeated interaction, and service continuity. Longitudinal or field 
designs can examine how trust and manipulation evolve after service failures and recovery efforts 
(e.g., human handoff, apology, or correction). Replication across age groups and cultures is also 
needed to assess whether the literacy boundary condition holds for less digitally experienced users 
and in different regulatory environments. 

6. Conclusion 
This manuscript examined youth responses to AI chatbots in social commerce by treating identity 
disclosure and conversational tone as informatics-enabled service design choices. The results 
demonstrate the effectiveness of making AI transparency a default condition along with a thoughtfully 
calibrated and empathetic tone for building trust and reducing the experience of manipulation. The 
results also demonstrate the mediating effect of the two organismic responses on the intention to make 
a purchase. Finally, the results demonstrate the role of digital literacy as a means of mitigating the 
behavioral effects of the experience of manipulation, a boundary condition with significant 
implications for the governance of service for youth. 

The study’s contribution is integrative and significant for the design of services. The study provides a 
model for a unified theory of the conditions under which SOR (system structure), PKM (ethical 
cognition mechanism), and Trust Theory (service outcome logic) can be complementary. The study’s 
integrative contribution is significant because it provides a model for the conditions under which trust 
and moral counter-resistance can be complementary in the context of AI-mediated service encounters. 

From a methodological standpoint, the study’s use of standardized dialogues created by a language 
model provides high internal validity. The study’s results could be more complete with the addition of 
a study using a more realistic chatbot interface. Future studies should extend the study’s results with a 
study using a more realistic chatbot interface. 
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