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Abstract 
 
This research explores the role of behavioral conditioning in AI-driven marketing strategies. There is 
limited research on the extent to which classical and operant conditioning impact consumer 
autonomy. While AI enables hyper-personalized marketing, conditioning methods could improve 
associative learning and habit creation in consumers. This article is the third in a series of works that 
extend research and explore the intersection of conditioning and AI marketing. The authors conducted 
quantitative research. Using non-probability snowball and convenience sampling, 789 participants 
voluntarily participated in this research. Using SPSS 30, the descriptive, correlation, and regression 
analyses were conducted. Moreover, two theoretical frameworks, the Technology Acceptance Model 
(TAM) and Self-Determination Theory (SDT), were used to better understand the existing research 
gap. The survey results showed a significant correlation between AI-driven conditioning strategies 
and their impact on buyer behaviors, engagement rates, and brand loyalty. Moreover, the need for 
adaptive frameworks was identified to manage the integration of AI with classical and operant 
conditioning. Moreover, these results offer valuable insights into the academic discourse on human-AI 
integration in Marketing. Hence, the authors propose actionable insights for businesses to balance 
innovation and consumer trust in the AI era. 
 
Keywords: AI Marketing, Artificial Intelligence, Conditioning Behavior, Digital Marketing.   
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Introduction 
 
AI-driven marketing is challenged by the 
"complex consumer." Due to the current 
intersection of multiple generations, consumers 
buying behavior and purchasing decisions are 
characterized by careful considerations of 
alternatives. This is quite apparent when 
consumers make infrequent and routine 
purchases. Understanding consumer stimuli is 
crucial to developing timely and evidence-based 
marketing strategies (Gabelaia & Tracy, 2025). 
 
Today, integrating AI and behavioral psychology 
methods challenges the digital marketing 
landscape. Moreover, conditioning behavior is a 
form of learning in which a given stimulus 
becomes increasingly effective in producing a 
response (Kirsch et al., 2004). However, the 
results depend on the type of reinforcements. 
The global AI in marketing market was valued at 
$15.8 billion in 2023 and is projected to increase 
at a 27.7% CAGR through 2030 (Grand View 
Research, 2023). AI assists in analyzing vast 
datasets to predict consumer preferences and 
behaviors. Simultaneously, classical and operant 
conditioning influence consumer behavior 
through associative learning and support 
mechanisms. However, there is limited research 
on the integration of AI and conditioning 
methods concerning the combined effectiveness 
and impact on consumer autonomy. 
 
Furthermore, today's available data highlight 
the importance of AI in consumer purchase 
decisions and buying habits. For instance, 
during the 2024 holiday season, U.S. online sales 
surpassed $282 billion, showing an almost 5.1 % 
growth from the previous year, driven by a 42% 
incline in AI-driven chatbot usage compared to 
2023 (Business Insider, 2024). Additionally, 
roughly 37% of consumers would permit AI to 
make purchases on their behalf, demonstrating 
a shift toward greater acceptance of AI in 
consumer decision-making processes and 
purchasing habits (Omnisend, 2024; Reuters, 
2025). Despite this progress, consumer trust 
remains a significant barrier, accounting for 
27% of consumers reporting high mishandling 
based on data practices. 
 
The authors explored the relevance of AI-driven 
conditioning techniques influencing purchasing 
decisions, engagement rates, and brand loyalty. 
Moreover, two theoretical frameworks were 
used: first, the Technology Acceptance Model 

(Davis, 1989) was used to understand how 
users come to accept and use new technology, 
and, second, the Self-Determination Theory 
(Deci & Ryan, 1985) was used to understand 
human motivation. This research holds both 
theoretical and practical value for practitioners 
as well as for researchers. 
 
Literature Review 
 
Classical and Operant Conditioning 
Psychology 

 
In today's hyper-connected digital ecosystem, 
businesses are challenged in how they 
communicate with their customers (Chowdhury 
et al., 2024). Besides, big data technologies and 
digital marketing approaches have modified the 
way businesses create and implement their 
comprehensive marketing strategies 
(Theodorakopoulos & Theodoropoulou, 2024). 
Cognitive involvement is seen in classical and 
operant conditioning (Kirsch et al., 2004; Akpan, 
2020; Brewer, 2024). Moreover, according to 
Blackman (2022), classical and operant 
conditioning are two foundational theories of 
learning and behavior. They assist in 
understanding how consumers learn and 
respond to stimuli relevant to marketing 
strategies (Akpan, 2020; Wittich et al., 2024). 
Furthermore, Artificial Intelligence has 
significant potential to transform the marketing 
ecosystem, as it is the most current disruptive 
technology (Kumar et al., 2023). Besides, today, 
to understand the customer journey, smart data 
are required, as customers are increasingly 
aware of the offerings and continue to 
constantly evaluate their purchasing behavior 
and brand engagement (Theodorakopoulos & 
Theodoropoulou, 2024). 
 
Psychologists Pavlov and Skinner presented 
these theories, which focus on how behaviors 
are acquired, developed, and reinforced. For 
instance, classical Conditioning, as presented by 
Pavlov (1927), applies learning through 
associations. Moreover, classical conditioning 
explains the learning process through which a 
stimulus achieves an emotional response by 
being paired with an unpleasant or pleasant 
event (Hermann & Sperl, 2023). Pavlov's most 
fundamental experiment shows how dogs can 
be conditioned to respond to a neutral stimulus 
(a bell) by pairing it with an unconditioned 
stimulus (food). At last, this pairing produces a 
conditioned response (salivation).  
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In marketing, brands try to associate positive 
emotions or desirable experiences with 
offerings, thereby creating long-lasting 
consumer preferences (Efendioğlu, 2024). 
Okeleke et al. (2024) explored the 
transformative potential of AI in understanding 
consumer behavior and foreseeing market 
trends. For instance, marketing practitioners 
usually use imagery in advertisements to 
activate an emotional response, thereby 
conditioning the consumer's behavior toward 
brand loyalty (Elliot, 2015).  
 

On the contrary, Operant Conditioning focuses 
on the outcomes of behaviors and how 
reinforcement or punishment can influence 
future behaviors (Skinner, 1938). Moreover, 
positive reinforcement promotes the repetition 
of desired behaviors, while negative discourages 
undesired behaviors by removing an unpleasant 
stimulus (Abadi et al., 2025). Additionally, Foxall 
et al. (2006) used behavioral psychology to 
understand consumer behaviors that negatively 
impact the conditions.  
 

Furthermore, in marketing, operant 
Conditioning is mainly used in loyalty programs, 
where customers are rewarded for repeat 
purchases, thereby increasing customer 
retention (Ferreira et al., 2019). Also, marketing 
practitioners use feedback loops to reinforce 
purchasing behaviors (Efendioğlu, 2024). 
However, while AI has the potential to improve 
consumer experiences, its integration in 
marketing, especially with conditioning 
behavior, introduces significant ethical and 
operational challenges (Vlačić et al., 2021). 
Thus, both classical and operant Conditioning 
provide valuable psychological frameworks for 
consumer behavior in marketing. 
 
AI-driven Marketing 

 
Businesses are aiming to overcome challenges 
and improve customer value through innovative 
solutions (Sharma et al., 2023). Moreover, 
businesses function more effectively due to 
disruptive technologies (Kumar et al., 2023). As 
a result, the ability to analyze large data has 
improved marketing strategies that acclimate to 
the distinct interests and habits of individual 
consumers (Theodorakopoulos & 
Theodoropoulou, (2024). Consumers' 
awareness of the relationship between 
conditioned stimuli, advertisements, and 
unconditioned stimuli, products, improves the 
effectiveness of marketing strategies (Allen & 
Janiszewski, 1989). The convergence of AI and 

consumer behavior offers a framework for 
understanding how AI technologies impact 
consumer engagement, loyalty, and decision-
making (Jain et al., 2024; Till et al., 2008). 
Moreover, this principle can be used by 
marketing practitioners in AI-driven advertising 
strategies. Furthermore, AI's capability to 
predict system failures and improve operational 
efficiency supports its relevance in 
understanding consumer behavior (Nabeel, 
2021).  
 

Today, Artificial intelligence is a pivotal 
technology that significantly impacts marketing 
strategies (Sharma et al., 2023). AI-driven 
marketing uses technologies to develop 
personalized customer experiences (Anayat 
Rasool, 2024). Consumers appreciate 
personalized marketing, as over-reliance on 
automation can lead to disengagement between 
consumer and business (Danninger & Krenn, 
2024). AI can analyze vast datasets in real-time 
and help to predict consumer preferences and 
purchase patterns (Chaffey, 2020). For instance, 
AI algorithms can track individual preferences 
and past interactions to create personalized 
product recommendations and dynamic pricing 
(Freeda et al., 2024). Thus, AI algorithms can 
improve user experiences by offering 
personalized recommendations (Raji et al., 
2024). 
 

Moreover, AI can scale conditioning techniques 
in marketing strategies (Freeda et al., 2024). 
Emotional advertisements are extremely 
effective for lesser-known brands (Smith et al., 
1998). For instance, AI can facilitate classical 
Conditioning by using data-driven insights to 
automatically present conditioned stimuli that 
have been associated with positive responses in 
previous campaigns. Moreover, this creates 
clearer emotional connections between 
consumers and brands (Wittich et al., 2024). 
Additionally, AI can use operant conditioning 
principles by automating reinforcement 
strategies (Sharma et al., 2023). In both cases, AI 
systems ensure that reinforcements align with 
consumer expectations, thereby increasing the 
effectiveness of the marketing strategy (Chung 
et al., 2019). 
 

Artificial Intelligence has revolutionized the 
marketing ecosystem (Labib, 2024). One key 
advantage of AI in marketing is its ability to 
continually refine its strategies based on 
consumer interaction data (Yaiprasert & 
Hidayanto, 2023). Unlike traditional methods, AI 
allows adaptive learning, where marketing 
campaigns grow in real-time based on the 
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actions and reactions of the target audience 
(Efendioğlu, 2024). This real-time 
responsiveness improves classical and operant 
conditioning methods by allowing marketing 
specialists to adjust stimuli and reinforcements 
(Kumar et al., 2020). 
 

Similarly, AI significantly improves behavioral 
tracking in marketing, that helps to predict 
consumer behavior and improve individual 
customer experiences (Allil, 2024). AI-driven 
tools can monitor and analyze responses to 
campaigns, allowing marketers to quickly 
identify the most effective strategies and make 
data-backed decisions on which stimuli or 
reinforcements to use for specific consumer 
segments (Anayat & Rasool, 2024; Whig et al., 
2024). 
 
Theoretical Framework 
 
To explore the relevance of integrating Classical 
and Operant Conditioning Psychology in AI-
driven marketing, the authors used two 
theoretical frameworks: the Technology 
Acceptance Model and Self-Determination 
Theory. The Technology Acceptance Model 
(Davis, 1989) helps to understand how users 
accept and use new technology. Additionally, 
TAM argues that perceived ease of use and 
perceived usefulness are fundamental 
characteristics impacting the adoption of 
technology. Notably, Perceived Usefulness (PU) 
is the degree of belief that using the AI-driven 
marketing tool would improve their shopping 
experience. On the contrary, Perceived Ease of 
Use (PEOU) is the belief that using the AI tool 
would require minimal effort. For this research, 
this model is particularly relevant to consumer 
acceptance of AI-driven marketing, which 
directly impacts the effectiveness of AI in 
changing behavior through conditioning 
strategies. 
 
Furthermore, the Self-Determination Theory 
(Deci & Ryan, 1985) helps to understand human 
motivation. SDT highlights intrinsic and 
extrinsic motivation, indicating that individuals 
are motivated to act based on the fulfillment of 
basic psychological needs for autonomy, the 
sense of control over one's actions and 
decisions, competence, the feeling of being 

capable and effective in one's actions, and 
relatedness, the need to feel connected to 
others. For this research, AI-driven marketing 
and conditioning, SDT, can be applied to 
understand how consumers perceive their 
autonomy when interacting with AI 
technologies. 
 

Research Methodology 
 
Research Design, Sampling Method and 
Survey Design 
 
The authors used quantitative research 
methodology to explore the relevance of 
integrating classical and operant conditioning 
psychology in AI-driven Marketing. The survey 
was created using Quantrics software. The aim 
was to explore the impact of AI-driven 
conditioning strategies on purchasing decisions, 
engagement rates, and brand loyalty. 
Furthermore, the authors used non-probability 
snowball and convenience sampling methods. 
This approach was used to reach a wide range of 
respondents who have had exposure to AI 
marketing strategies. However, the authors 
recognize limited generalizability due to the 
non-random nature of the selection. 
 

The authors designed an inclusive survey, 
allowing participants to accept or decline 
consent and drop out at any time. The survey 
collected demographic and behavioral data from 
participants. The primary focus was on the 
effectiveness of AI-driven conditioning 
strategies, including classical and operant 
conditioning, on consumer behavior. The 
questionnaire included: first, Likert-scale 
questions to measure the perceived 
effectiveness of AI-driven marketing tools, 
consumer trust, and engagement, and second, 
multiple-choice questions to evaluate 
participants' exposure to and experiences with 
AI in marketing. 
 

The authors used two different sets of variables 
to explore the relevance of the integration of AI-
driven marketing with classical and operant 
conditioning. Table 1 demonstrates the 
variables that were used for the survey study. 
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Table 1. Description of Independent and Dependent Variables  
 

Classical Conditioning Variables Operant Conditioning Variables 

• Demographic variables included age, 
gender, and income level. 

• Unconditioned Stimulus (US). A 
stimulus that naturally triggers a 
response without prior conditioning. 

• Unconditioned Response (UR). The 
natural, unlearned reaction to the 
unconditioned stimulus. 

• Conditioned Stimulus (CS). A 
previously neutral stimulus that, after 
being associated with the 
unconditioned stimulus, begins to 
trigger a conditioned response. 

• Conditioned Response (CR). The 
learned response to the conditioned 
stimulus. 

• Acquisition. The initial stage of 
learning is where the neutral stimulus 
becomes associated with the 
unconditioned stimulus, leading to the 
conditioned response. 

• Extinction. The process by which the 
conditioned response weakens and 
eventually disappears when the 
conditioned stimulus is repeatedly 
presented without the unconditioned 
stimulus. 

• Discrimination. The ability to 
distinguish between similar stimuli 
and respond only to the specific 
conditioned stimulus. 

• Perceived Usefulness (PU). The degree 
to which a person believes that using 
the AI-driven marketing tool would 
enhance their shopping experience. 

• Perceived Ease of Use (PEOU). The 
degree to which a person believes that 
using the AI tool would be free of 
effort. 

• Buyer Behavior  
• Engagement Rate  
• Brand Loyalty  

• Demographic variables included age, 
gender, and income level. 

• Reinforcer. A stimulus or event that 
increases the likelihood of a behavior 
being repeated. Reinforcers can be 
positive or negative. 

• Punisher. A stimulus or event that 
decreases the likelihood of a behavior 
being repeated. Punishing can be 
positive or negative. 

• Continuous Reinforcement. 
Reinforcing the behavior every time it 
occurs. 

• Partial Reinforcement. Reinforcing the 
behavior intermittently, which can be 
Fixed or Variable Ratio (VR) and Fixed 
Interval (FI) or Variable Interval (VI). 

• Shaping. Gradually reinforcing 
successive approximations of a 
desired behavior to increase the 
likelihood of that behavior. 

• Extinction. The disappearance of a 
behavior when reinforcement is no 
longer provided. 

• Discriminative. A stimulus that signals 
the availability of reinforcement or 
punishment. 

• Perceived Usefulness (PU). The degree 
to which a person believes that using 
the AI-driven marketing tool would 
enhance their shopping experience. 

• Perceived Ease of Use (PEOU). The 
degree to which a person believes that 
using the AI tool would be free of 
effort. 

• Buyer Behavior  
• Engagement Rate  
• Brand Loyalty  
 

(Developed by the Author) 
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Data Collection and Processing  
 
The survey was distributed through online 
platforms, mainly LinkedIn and Facebook. The 
authors shared a Qualtrics link, which was 
accompanied by a message inviting participants. 
Participants were informed about this research 
purpose and confidentiality measures. A total of 
834 participants voluntarily partook in the 
survey. The authors conducted a rigorous data-
cleaning process to ensure that the dataset was 
accurate, consistent, and ready for statistical 
analysis. The data cleaning process was 
conducted using SPSS Software, version 30. The 
data cleaning process involved the following 
steps: 
 

• Step 1. Removal of Missing Data and 
response completeness. The authors had 
a condition: if a respondent skipped or 
had incomplete responses for more 
than 20%, they were flagged, and those 
responses were excluded from the 
dataset. Additionally, the survey was 
designed so that skipping or 
overlooking any main questions would 
invalidate the survey; therefore, if 
participants did not respond to those 
questions but answered others, they 
were excluded from the dataset. 

• Step 2. Identification of Duplicate 
Responses. Some participants may have 
completed the survey multiple times, 
either intentionally or unintentionally. 
Duplicates were excluded from the final 
dataset. Additionally, the authors used 
time-based checking. In some cases, 
participants might have completed the 
survey too quickly, suggesting they did 
not carefully read the questions. Any 
survey completed under 5 minutes was 
excluded from the final dataset.  

• Step 3. Outlier Detection. Outliers or 
extreme values in responses were 
flagged. Responses that were extremely 
high or low on Likert-scale questions 
were evaluated for accuracy. 
Participants who answered all 
questions in an identical or reverse 
order were suspected of not engaging 
with the survey meaningfully and were 
excluded. 

• Step 4. Handling Missing Data. Where 
missing data were not substantial, mean 
imputation or regression imputation 
was applied to fill in gaps for non-
essential questions. However, if the 

main questions had missing data, they 
were excluded from the final dataset.  

• Step 5. Final Dataset. After these 
cleaning steps, the final cleaned dataset 
included 789 valid responses, which 
were then analyzed for descriptive 
statistics, correlation analysis, and 
regression modeling to explore the 
impact of AI-driven conditioning on 
purchasing decisions, engagement, and 
brand loyalty. 

 
Results 
 
The survey was conducted between November 
2nd, 2024, and May 8th, 2025. The authors 
analyzed classical and operant conditioning 
variables across demographic categories, 
including age, gender, and income level, to 
determine whether significant differences exist 
in how diverse consumer groups respond to AI-
driven classical and operant conditioning 
strategies. 
 
At first, the authors performed one-way ANOVA 
to determine whether age, gender, or income 
level significantly impacted conditioned 
responses in the context of AI-driven marketing. 
The results revealed no significant effect of age, 
F(4,784) = .55, p = .702, and gender, F(2,786) = 
.54, p =. 583, on conditioned response scores. 
However, income level had a statistically 
significant effect, F(2,786) = 4.64, p = .010, 
suggesting that consumers with different 
income levels respond differently to classical 
conditioning stimuli as part of AI-based 
marketing strategies. Additionally, an 
independent samples t-test was performed to 
analyze gender differences in conditioned 
responses between male and female consumers. 
The results revealed no significant difference, 
t(524.78) = .97, p =. 335, meaning that gender 
does not appear to impact conditioned 
behavioral responses in this context. 
These results indicate that, among the 
demographic variables, income level is the most 
relevant predictor of responsiveness to classical 
conditioning stimuli. This demonstrates the 
significance of developing AI-driven 
conditioning strategies based on economic 
segmentation rather than general demographic 
profiling. 
 
Furthermore, the authors performed a one-way 
ANOVA to analyze whether age, gender, or 
income level impacted brand loyalty within 
operant conditioning frameworks. The results 
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revealed no significant effects for age, F(4,784) = 
.41, p = .800, and gender, F(2,786) = 1.02, p = 
.360. Income level revealed a marginally 
significant effect, F(2,786) = 2.39, p = .092, 
suggesting the need for further research. 
Additionally, an independent samples t-test 
revealed no significant difference in brand 
loyalty between male and female respondents, 
t(563.78) = −.98, p = .328. 
 
A Pearson correlation analysis was performed to 
analyze the relationships between classical 
conditioning constructs and consumer behavior 
outcomes. Table 2 shows the classical 
conditioning matrix, which includes variables 
such as demographics, classical conditioning 
constructs (US, UR, CS, CR, Acquisition, 
Extinction, Discrimination), perception variables 
(PU, PEOU), and behavioral outcomes (Buyer 
Behavior, Engagement Rate, Brand Loyalty). 
 
The results revealed that Unconditioned 
Response was positively and weakly correlated 

with Brand Loyalty, r = .06, but not statistically 
significant at p > .05. Moreover, Conditioned 
Stimulus revealed an insignificant relationship 
with Engagement Rate, r = .01, suggesting 
minimal impact. Besides, no classical 
conditioning variable revealed strong or 
moderate correlations with Buyer Behavior, 
Engagement Rate, or Brand Loyalty. Lastly, 
demographic variables (Age, Gender, Income) 
did not show significant correlations with 
conditioning or behavioral constructs. 
 
The results suggest that classical conditioning 
constructs alone do not show a significant 
impact on key consumer behavior metrics in AI-
driven marketing contexts. This is supported by 
theoretical works that suggest higher-order 
cognitive and motivational factors, such as trust, 
autonomy, and relevance, are fundamental in 
developing consumer loyalty and engagement, 
especially in digital contexts. 

 
Table 2. Correlation Matrix for Classical Conditioning (n = 789) 

 
 
Furthermore, the authors performed a Pearson 
correlation for operant conditioning constructs 
and consumer outcomes, including Buyer 
Behavior, Engagement Rate, and Brand Loyalty. 
The variables are illustrated in Table 3, the 
correlation matrix for operant conditioning. The 
results revealed two statistically significant 
correlations. First, extinction and engagement 
rate revealed a weak positive correlation, r = 
.09, p = .015, indicating that as extinction (the 
weakening of conditioned behavior) grows, 
consumer engagement shows a slight upward 
trend. Second, partial reinforcement and 
discrimination also revealed a weak positive 
correlation, r = .09, p = .015, suggesting that 
exposure to partial reinforcement is modestly 
associated with improved stimulus  
 

 
discrimination among consumers. Furthermore, 
all other pairwise relationships were 
statistically non-significant (p > .05), and the 
effect sizes were minimal (r < .10), meaning that 
there were only limited linear associations 
among the variables. 
 
The results emphasize limited yet statistically 
accurate associations between specific operant 
strategies and consumer engagement results. 
These results suggest that operant conditioning 
alone may not be sufficient to drive significant 
changes in consumer behavior, particularly 
within sophisticated AI-driven marketing. 
Furthermore, these results suggest future 
research to explore how reinforcement patterns 
interact with emotional appeal, trust signals, 
and contextual variables. 
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Table 3. Correlation Matrix for Operant Conditioning (n = 789) 

 

 
 
The authors performed a hierarchical multiple 
regression to analyze the validity of classical 
conditioning variables and perception metrics in 
predicting buyer behavior beyond demographic 
characteristics. Three models predicting Buyer 
Behavior for classical conditioning. 
 
The results revealed that Model 1, including 
only age, gender, and income level, 
demonstrated a small proportion of variance in 
buyer behavior, R2 = .004, F(2,786) = 1.76, p 
>.05. Adding classical conditioning variables in 
Model 2 slightly increased variance, ΔR2 = .008, 
but the change was not statistically significant. 
Model 3, which included perceived usefulness 
and perceived ease of use, accounted for only a 
marginal increase in variance, ΔR2 = .002, again 
non-significant. Overall results showed that 
none of the models demonstrated strong 
predictive power. However, the income level 
suggests a trend that lower-income respondents 
may exhibit slightly higher buyer behavior 
preferences in this AI-driven context, although 
not statistically significant. 
 
Furthermore, the authors performed 
hierarchical regression to predict buyer 
behavior based on operant conditioning 
strategies and user perceptions. In Model 1, 

demographics alone (age, gender, income level) 
accounted for small variance in brand loyalty, R2 

= .007, F(2,786) = 2.86, p > .05. The addition of 
operant conditioning variables in Model 2 
increased the variance to R2 = .021, but the 
improvement remained marginal. In Model 3, 
perceived usefulness and perceived ease of use 
were added, resulting in only a minor additional 
gain, R² = .025, with no statistically significant 
predictors. 
 
The results suggest that operant conditioning 
constructs, significant to behavioral psychology, 
have a limited statistical impact on buyer 
behaviors in an AI-led marketing context. 
Despite a few significant correlations, reflecting 
very small effect sizes and emphasizing the 
complexity of consumer behavior in digital 
environments, where variables such as trust, 
personalization, and emotional relevance may 
play larger roles. 
 
Discussions 
 
The author developed Table 4 which highlights 
the integration of Technology Acceptance Model 
and Self-determination Theory with classical 
and operant conditioning.  

 
 

Table 4. Technology Acceptance Model and Self-determination Theory with conditioning 
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Technology Acceptance Model (TAM) 
 
In the Technology Acceptance Model, Perceived 
Usefulness (PU) and Perceived Ease of Use 
(PEOU) are fundamental determinants of 
technology acceptance and behavioral choice. 
Consequently, in this research, the authors 
explored the TAM with classical and operant 
conditioning to assess their predictive power on 
Buyer Behavior, Engagement Rate, and Brand 
Loyalty. The results revealed that, in both the 
classical and operant conditioning regression 
models, PU and PEOU revealed minimal or non-
significant predictive power on brand loyalty 
and buyer behavior. For instance, hierarchical 
regression showed that the addition of TAM 
variables marginally increased the variance 
from R² = .021 to R² = .025. However, none of 
the variables were statistically significant. 
Additionally, the correlation analyses verified 
this trend, indicating weak associations between 
PU/PEOU and behavioral results. 
 
Hence, to summarize, TAM in marketing 
suggests that PU and PEOU are insufficient to 
explain affective and trust-based results. In AI-
driven marketing contexts, technology 
acceptance is necessary but not sufficient for 
consumer behavior. Nevertheless, the results 
suggest that emotional relevance, perceived 
authenticity, and value congruence might be 
more substantial than ease or usefulness alone. 
 

Self-Determination Theory (SDT) 
 
Self-determination theory addresses three 
psychological needs such as autonomy, 
competence, and relatedness. The results 
showed that the failure of classical and operant 
conditioning variables to significantly predict 
buyer behavior emphasizes the limited role of 
extrinsic motivators such as stimuli, reinforcers, 
and punishers when intrinsic needs are unmet. 
For instance, extinction and partial 
reinforcement in operant conditioning 
correlated only weakly with consumer 
engagement and discrimination, respectively. 
Similarly, conditioned stimuli and responses in 
the classical framework revealed insignificant 
associations with brand-related outcomes.  
 
Results demonstrate that consumers may 
perceive AI-driven conditioning as externally 
controlling. These results can limit autonomy, 
therefore decreasing intrinsic motivation to 
engage or remain loyal. Unlike traditional media, 

AI-driven conditions require marketers to 
design experiences that improve user agency 
and emotional relevance, not just behavioral 
predictability. Moreover, operant instruments 
must be aligned with personal relevance and 
consumer-driven meaning-making, while 
classical associations must support the felt 
authenticity.  
 
To conclude, marketers must move beyond 
behaviorist models alone. The results 
recommend user agency by offering 
transparency and customization. Moreover, 
business needs to use conditioning mechanisms 
as contextual enhancers. Lastly, the results 
suggest prioritizing value congruence and 
authentic brand narratives to align classical 
conditioning signals with intrinsic motivations.  
 
Conclusion 
 
The authors explored the relevance of 
integrating classical and operant conditioning 
psychology in AI-driven marketing. The 
extensive data collection and analysis delivered 
a significant insight. This research offers more 
insights, especially statistical, and its integration 
within theoretical frameworks such as TAM and 
SDT. 
 
The existing secondary data highlighted a 
fundamental need for AI in consumer behavior 
and marketing strategies, demonstrating the 
relevance of AI-driven marketing with 
conditioning mechanisms. Hence, from 
predictive analytics to classical conditioning, AI 
offers opportunities to further understand 
buyer behaviors which are connected to certain 
theoretical frameworks. However, data privacy 
and the need for transparency is a limitation.  
 
To deliver relevant insights, the authors ensured 
the final dataset was accurate, reliable, and 
ready for analysis. Analysis based on 789 
respondents yielded significant results, 
providing valuable insights into how AI-driven 
conditioning strategies impact consumer 
behavior in marketing. Both hypotheses were 
statistically rejected. The minimal predictive 
power of AI-driven behavioral conditioning 
strategies shows the need for integrated 
psychological frameworks. Marketing strategies 
that depend only on AI-enhanced conditioning 
may be insufficient. 
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This research demonstrates that while classical 
and operant conditioning theories present 
insights into stimulus-response dynamics, they 
fall short in predicting higher-end consumer 
behaviors. The Technology Acceptance Model 
and Self-Determination Theory offer critical 
psychological dimensions, and, together, they 
signal a paradigm shift from controlling 
behavior to co-creating meaning and motivation 
in digital consumption. 
 
Disclosure: The authors used Grammarly 
Premium to fix minor grammatical and sentence 
errors. 
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