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Abstract-

This research looks at how customers behave regarding Artificial Intelligence (Al) in fashion retail. We focus on privacy
concerns and the perceived advantages of sharing data, as these relate to customers' intentions to buy again. We also explore
if personalization helps lessen negative feelings and strengthens this connection. To meet our research goals, we used
stratified random sampling to create three different groups based on their experience with apps, income level, and
education. We followed set rules for sample size and gathered responses from 252 participants. For data analysis, we used
Factor Analysis and Structural Equation Modeling. The results were surprising. Our analysis shows that privacy concerns
do not negatively affect customers’ intentions to repurchase. In fact, both perceived benefits and personalization have
strong positive effects on these intentions. However, we cannot clearly determine if privacy concerns influence customers
positively, which suggests the need for more research. This study offers a new way to understand customer behavior toward
Al in fashion retail by using Privacy Calculus Theory. We included personalization as a key motivating factor, recognizing
its importance for customers when they use apps. This adds a valuable perspective to our research. Additionally, we
examine how privacy concerns and perceived benefits affect personalization in the context of Al in fashion retailing..
Keywords- Artificial Intelligence, Al-fashion retailing, Customer reuse intention, Privacy Calculus Theory.

Introduction-

Artificial intelligence (AI) is contributing a shift towards a more algorithmic society (Shankar, 2018).
Advancements in technology are now also being utilised across different consumer industries. In case of e-retail, four major
significant benefits of Al applications exist namely: personalisation, predictive analytics, chatbots, and marketing
automation (Rai, 2020; Thomaz et al., 2020).Personalisation is a significant factor influencing adoption of Al (Kumar et
al. 2019; Paschen et al., 2019). Al, based on customer data, involve wide application such as, automated personalized
advertisement copy generation (Bang &Wojdynski, 2016;Deng et al., 2019); recommender systems for customers (Zanker
et al., 2019); predicting and improving customer satisfaction through tailored marketing approach (Syam& Sharma, 2018;
Daqar&Smoudy, 2019). These applications of Al positively improvecustomer behavior in different context. For instance,
it improves purchase, loyalty, interactive marketing, value co-creation, brand usage, repurchase intention (Ifekanandu et
al. 2023); in m-banking context it improves loyalty and repurchase intention (Bakhshandeh et al. 2023); improves loyalty
in both shopping mall and e-retail purchase (Ameen et al. 2022; Chandra et al., 2022;Guttmann, 2021; Zeng et al. 2021);
provide better customer experience in the case of social media marketing (Tran et al., 2020; Hayes et al., 2021); improves
loyalty in case of fashion retailing industry (Jain et al., 2021). In generalized context, it improves overall customer journey
(Smink et al., 2020; Gao and Liu 2022; Abrokwah-Larbi 2023).However, these personalization by Al utilize customer data
often without full transparency (Peltier et al., 2023; Chen et al., 2022; Scarpi et al., 2022; Jain et al., 2021; Smink et al.,
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2020; Tran et al., 2020). People started to believe that there is an increased chance of potential loss associated with sharing
of data and it forms a feeling of intrusion and privacy violation among customers (Chen et al., 2019; Kim et al., 2019; Zhu
et al., 2017). It is termed as privacy risk of users and customers have started to become more intrusive towards these
technologies (Smink et al., 2020). As a consequence, Al is not appreciated by all stakeholders (Mazurek and Malagocka,
2019; Pomfret et al., 2020). Customer privacy and security is under extensive analysis (Martin and Murphy, 2019;
Vilmakumar et al., 2021), and it is becoming one of the critical concern for customers (Brill et al., 2019;Kietzmann et al.,
2018; Mazurek and Malagocka, 2019). Privacy concern plays a critical role in negatively influencing customer behavior.
Scholars (Pentina et al. 2016; Bandara et al., 2017) have pointed a negative influence of perceived data sharing risk and
user behavior. Consistent with this finding many other scholars have also pointed a negative influence in different contexts.
For instance, in the context of mobile payment (Kokolakis, 2017;Wottrich et al. 2018); online open market (Kim 2020);
online shopping (Tham et al. 2019); contact tracing app (Hinch et al. 2020); social networking sites (Alemany et al. 2021).
Found a negative influence in retail context (Cheah et al. 2022), it damages trust of customer (Plangger and Montecchi
2020), and companies must improve privacy policy mechanism (bandara et al. 2021).Interestingly, they have also showed
that people still share their information because of its related perceived benefit. This dilemma between concern about
sharing of data and its related benefit is termed asPrivacy Calculus Theory (PCT)’ (Tham et al. 2019; Kim 2020).With two-
dimension, perceived privacy concern and perceived benefit PCTprovides a significant theoretical basis for studying and
describing the dilemma where customer appreciate and accept the value of data sharing while being aware of the fact of
probable data exploitation (Dinev and Hart, 2006; Aguirre et al., 2015; Bleier and Eisenbeiss, 2015; Wang et al., 2016;
Cloarec, 2020). PCT framework has been used to study customer behavior in various contexts, such as, new technologies’
usage, personalized travel websites, retailing, hotels, social acceptance of automated technologies, influence of Al on
disclosing information, in health care automation (Aguirre et al., 2016; Anic et al., 2019; Dinev and Hart, 2006; Lee and
Cranage 2011; Xu et al., 2011; Zhu et al., 2017; Lephale 2021;Khaksar et al., 2024; Kronemann et al. 2023; singh et al.
2024).
The discussions have shed light on the following gaps-
Two important gaps have been observed from past literature; first, very few studies have considered taking Al-fashion
retailing context under consideration for studying the influence of privacy risk and perceived benefit. Second, the influence
ofpersonalization is unknown. It is understood that it influences the adoption of Al and it is a benefit derived from sharing
of personal data. However, very few studies have considered a theory driven investigation for studying the influence of
personalization as a mediator between privacy concern, perceived benefit and repurchase intention of customers in the Al-
fashion retailing context. The present study tried to close this gap by applying PCT framework. The study examines the
following research questions-
1. What role does privacy concern and perceived benefit plays on customerrepurchase intention in the context of Al-
fashion retailing?
2.  What role does personalization plays between privacy concern, perceived benefit and customer repurchase
intention?
The study tries to answer this question based on the following objective-
1. To examine the influence of privacy concern and perceived benefit on customerrepurchase intention
2. To examine the influence of personalization as a mediator betweenprivacy concern, perceived benefit and
customer repurchase intention
Literature Review-
Al fashion retail and repurchase intention-
Al has a substantial effect on RPI across different sectors. Research indicates that Al technologies improve customer
experiences, which result in higher satisfaction and a greater likelihood of repeat purchases (Lei et al., 2023; Malhotra and
Ramalingam, 2020). In particular, Al-driven approaches, including personalized recommendations, chatbots, and Al-
enhanced sales processes, positively influence consumer purchasing behavior and brand loyalty, ultimately affecting RPI
(Jangra and Jangra, 2022; Dwi Santy and Iffan, 2023). Furthermore, the quality of experiences provided by Al services is
essential in determining customers' overall satisfaction and their willingness to repurchase using these services in the future.
In summary, Al plays a crucial role in e-commerce by shaping RPI through improved shopping experiences and enhanced
consumer behavior (Qin et al., 2022; Chen et al., 2023). Al notably impacts customer repurchase behavior by boosting
satisfaction, trust, perceived value, and the overall experience (Jangra and Jangra, 2022). Therefore, it is reasonable to
assume that Al will similarly influence customer repurchase intentions.
PCT and recent studies on it-
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As per this theoretical framework consumer undertakes a cost and benefit analysis before making any decision.
More specifically, customer judge their decision based on a trade-off between the cost of disclosing their personal
information and benefits aligned with it (Culnan and Armstrong, 1999; Dinev and Hart, 2006; Xu et al., 2011). It is also
assumed that various perceived benefits like, personalization, usefulness and social benefit etc. will reduce the negative
influence of perceived risk and they will be more inclined towards sharing their personal information (Wang et al., 2016;
Dine and Hart 2006.) In order to study customer behavior more accurately, different scholars have utilized PCT in different
context such as, smart phone based health tracking applications (Fernandes and costa 2023),mobile applications (Jahari et
al., 2022), social media or social networking sites (Guo et al. 2020; Hayes et al., 2021), and other digital technologies
(Scarpi et al., 2022), Mobile location based services (Gutierrez et al. 2019), e-commerce (Zhu et al., 2017), social commerce
(Sharma and Clossler, 2014), and mobile applications (Xu et al., 2011), focusing on the final decision of whether to
disclosure information.

Development of Hypothesis-
Privacy concern-

Privacy concerns are negative attitude towards any type of data based technologies and it clusters around personal
data collection and errors, unauthorized access and secondary use of it and this results into a more conservative behavior
among customers (Baeck& Morimoto, 2012; Lowry et al., 2012; Shin & Lin, 2016; Brinson et al., 2018;
Gironda&Korgaonkar, 2018; Redondo & Aznar, 2018; Strycharz et al., 2019; Aksoy et al., 2021; Dinev et al., 2016).
Various studies have disclosed, especially in the digital context, a negative relation between privacy concern and customers
attitude towards sharing of information, usage behavior, participation inpurchase, repurchase, continued use intention and
other different brand related behavior (Acquisti et al., 2015; Lee &Rha, 2016; Baruh and Popescu, 2017; Martin and
Murphy, 2019; Oghazi et al., 2020; Wiese et al., 2020; Jahari et al., 2022). These suppress the potential of digitalization
(Buchanan et al. 2007; Angst and Agarwal 2009; MiillerSeitz et al., 2009; Kumar et al., 2016; Baruh and Popescu, 2017;
Mani and Chouk, 2017; Gutierrez et al., 2019; Vilmakumar et al., 2021). Consequently, it is proposed that:

Hal: Privacy concern has a negative influence on repurchase intention of customers towards Al-fashion retailing
context.

Ha2: Privacy concern negatively influence customers belief in personalization benefit providedby Al-fashion
retailing applications.

Perceived Benefit-

Many studies have defined perceived benefit as a tendency of customers to completely assess the received benefit
from information disclosure (Morosan and DeFranco, 2015; Xu et al., 2011; Zeng et al., 2020). It has a significant positive
influence on customer behavior. For instance, some benefits, such as efficiency in multi-tasking, saving of time and cost,
will reduce the negative influence of disclosing personal information (Jiang et al. 2022; Adapa et al., 2020;Loh, 2019;
Poort et al., 2019; Morosan and DeFranco, 2015; Zhao et al. 2012; Xu et al., 2011). Scholars have concluded a positive
influence of this factor on customer behavior in the context of m-Health applications (Fernandes and Costa 2023; Dinev et
al., 2016); wearable devices (Guo et al., 2013, Li, et al., 2016, Li et al., 2014), food services mobile applications (Kang
and Namkung , 2019).Further, scholars Vilmakumar et al., (2021) have concluded that if people perceive technology to be
useful, they will ignore privacy related issues.Thus, we proposed the following hypotheses:

Ha3: Perceived benefits positively influence repurchase intention of customers towards Al-fashion retailing
context.

Ha4: Perceived benefits positively influence customers belief in personalization benefit provided by Al-fashion
retailing applications.

Personalisation-

This efficient marketing tactic helps various companies to approach customers uniquely and provide different
advantages such as efficiency, convenience, individualization, and hospitality by saving time, effort and money
(Chellappa& Sin, 2005; Ho and Tam 2005; Sheng et al., 2008; Montgomery & Smith, 2009; Tran, 2017; Aksoy et al.,
2021). This helps to improve familiarity of content, accessibility, convenience, economic benefits, social advantages,
customer well-being,decision making, and it suppress perceptions of privacy risk and improves the feelings of perceived
benefit thereby developing a positive customer attitude (Banerjee & Dholakia 2008; Xu et al. 2009; Xu et al., 2011; Back&
Morimoto, 2012; Kim and Han, 2014; Gazley, et al. 2015; Park & Goering, 2016; Shin & Lin, 2016; Barth & Jong, 2017;
Brinson et al., 2018; Gironda&Korgaonkar, 2018; Redondo & Aznar, 2018; Gutierrez et al. 2019; Kim et al., 2019;
Strycharz et al., 2019). Similarly, we propose that:

Ha5: Personalisation will positively mediate the relationship between privacy concern, perceived benefit and
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repurchase intention of customers towards Al-fashion retailing context.
Methods and Materials-
Operationalization of constructs-

The constructs of this research were the privacy concerns, the perceived benefits, the personalization and the
continued use of an Al-backed shopping application. These constructs were operationalized based on previous studies,
working of Al, and current literature. Although these indicators have been used in studies related to other contexts, the
pilot test (table: 3) of this study confirmed that they are relevant to the Al-marketing context. The operationalized terms

are shown in Table 1.

Table 1: Showing operationalization of constructs

SL. NO. Construct Meaning based on existing concept Operationalized meaning
1 Privacy It is the extent to which a user or It is the extent to which a user or person, due to
Concern person believes that there is a privacy policy disclosure, believes that there is a
possibility of negative consequence negative consequence with sharing of information
related with information sharing. for Al-fashion retail applications.
2 Perceived It is the extent to which users or Itis the extent to which a user belief that, by sharing
Benefit customers believe that they will information with Al-fashion retail applications,
receive different kinds of benefit on they will receive different types of benefits.
information sharing
3 Repurchase It is the tendency of customers to It is the intention of users or consumers to
intention purchase again from the shopping repurchase Al-fashion retailing applicationbecause
platform of its benefit and reduced privacy concern due to
privacy policy disclosures.
4 Personalization It is a designed skill of a system to It is the extent by which users or consumers, based

Source: Computed by researchers

recognize and treat its consumers as
distinct individuals by communicating
tailor made contents.

on shared data, receive personalised marketing
contents and experience reduced privacy concern
and improved perceived benefit.

Sample Design-

This study did not utilize any specific quantitative formula for selecting sample size rather different assumptions
of various scholars was checked. Scholar (Boomsma, 1985) has suggested sample size of 100 or 200 would be appropriate,
whereas, scholars (Bentler& Chou, 1987; Bollen, 1989) have stated that every study must keep 5 or 10 observations or
respondents per variable and Nunnally (1994) has discussed to keep 10 cases per estimated parameter (Nunnally, 1994) as
different thumb rules. This study collected a total of 252responses. The chosen respondents were current users of Al
fashion retail applications based in the eastern region of West Bengal, India. Data collection was conducted through
stratified random sampling. The population was categorized into three groups according to demographic factors: experience
with application usage, income level, and education. Once the strata were established, participants were selected randomly
for the data collection process. Data was collected with the help of Google forms.

Measurement instrument-

The first part of questionnaire was developed for collecting demographic information only. This section includes
only Age, Gender, Income, Education, usage experience. Second part of the questionnaire was designed for collecting
responses about model variables. These model variables was measured with the help of a 5-point likert scale (1 being
strongly disagree and 5 being strongly agree). Initially, during pilot study, this part had 25 items for testing 4 test variables
(see table: 2). the revised questionnaire, based on pilot survey and its suitability, had only 24 items.

Table 2: Measures
Test Variables Number of Items Source(s)
Privacy Concern 5 (Lee and Cranage, 2011; Xu et al., 2011;
Malhotra et al., 2004)
Perceived Benefit 5 (Unni and Harmon 2007; Sun et al. 2015; Hsu
and Lin 2016)
Personalisation 5 (Back and Morimoto 2012; Xu et al. 2011;
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Kim and Han 2014)
(Bhattacherjee, 2001; Han and Yang, 2018)

Repurchase Intention 9

Source: Computed by researchers
Collected data was analysed by utilizing Structural Equation Modeling (SEM). SEM is divided into two parts; first part is
concerned about validating the measurement model known as Confirmatory Factor Analysis (CFA) and second part is
concerned for testing the extent and direction of the test variables.

Results and Discussion-

At first, a pilot survey was conducted for ensuring reliability of the data collection instrument. The value denotes that the
scale is a reliable scale (Hair et al., 2017) (see table: 3)

Table 3: Reliability Statistics

Cronbach's Alpha N of Items

0.894 24

Source: Primary Data

The Demographic profile of respondents: Data analysis showed that out of 252 respondents 56% of respondents
were female and 44% respondents were male. Only 23.4% of respondents were from the higher income group of people
i.e. 70000 and above, majority of the respondents, 42.9% of respondents, were belonged from the above average income
group i.e. monthly income of 50000-70000, 27.4% of the respondents were from average income group of people i.c.
30000-50000, and only 5.6% of the respondents were from the lower income group of people. Out of 252 respondents only
17.9% were within the age group of 23-28, 36.9% of people were within the age group of 29.34% and majority of
respondents i.e. 45.2% within the range of 35-40.

In order to ensure and identify the items contributing to each existing construct, even in Al-fashion retailing
context, an Exploratory Factor Analysis (EFA) was carried out. EFA was utilized using Principal Component Analysis
(PCA) with Varimax rotation. As (table: 4-6) showing that the collected data were effective and acceptable for further
factor exploration (Pallant, 2020). This analysis extracted 4 factors (fable: 6). These 4 factors were explaining 63.984
percent of total variance. During the EFA, based on the recommendations by Hair et al. (2014), factor loadings below .50
were suppressed. Indicators v21-v25 were loaded in first component i.e. PC. Indicators v6-v10 was loaded in PB whereas,
indicators v1-v5 and v16-v19 were loaded in the RPI and lastly the indicators v12-v15 was loaded in PER. The extracted
components were further explored using CFA using AMOS 20.

Table 4: KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of 0.841
Sampling Adequacy.

Bartlett's | Approx. Chi-Square 4599.945
Test  of
Sphericity
Df 300
Sig. 0.000

Source: Primary Data

Table 5: Total Variance Explained

Extraction Sums of Squared Rotation Sums of Squared
Initial Eigenvalues Loadings Loadings
% of Cumulative % of Cumulative % of Cumulative

Component Total Variance % Total Variance % Total Variance %
1 8.415 33.662 33.662 8.415 33.662 33.662 4.758 19.030 19.030
2 3.844 15.378 49.039 3.844 15.378 49.039 4.268 17.073 36.103
3 2.144 8.577 57.616 2.144 8.577 57.616 3.819 15.276 51.379
4 1.592 6.368 63.984 1.592 6.368 63.984 3.151 12.605 63.984

Source: Primary Data
Table 6: Rotated Component Matrix*
‘ Component
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1 2 3 4
vl 0.720
v2 0.731
v3 0.791
v4 0.672
v5 0.524 0.506
vo 0.690
v7 0.782
v8 0.823
v9 0.803
v10 0.725
vll 0.641
v12 0.819
v13 0.830
v14 0.744
v15 0.609
v16 0.532
v17 0.572
v18 0.602
v19 0.667
v20
v21 0.838
v22 0.834
v23 0.903
v24 0.902
v25 0.869
Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
a. Rotation converged in 5 iterations.

Source: Primary Data

Following the confirmation of loadings with their respective factors, the indicators were appropriately renamed.
VI1to V5and V16 to V19 were designated as RPI1 to RPI5 and RIP6 to RPI9, signifying the factor of Repurchase Intention
(RPI). Likewise, V6 to V10 were changed to PBsl to PBs5, representing the construct of Perceived Benefits (PBs). The
indicators V11 to V15 were updated to PCs1 to PCs5, indicating the factor of Privacy Concerns (PCs). Finally, V21 to V25
were renamed as PER1 to PERS, reflecting the factors related to Personalized Recommendations (PER). The CFA model
was analysed by loading all the items to their respective factors as obtained from EFA.Checking model fit, Convergent
validity and discriminant validity is pre-requisite for developing a Structural Equation Modelling (SEM). At first, the model
exhibited low values in the fit measures, and its chi-square (y?)/df ratio was elevated. Following an assessment of the
modification indices produced by SPSS AMOS, the items with the most insignificant impact on the model were eliminated.
This adjustment suggests a decrease in the chi-square ()?), thereby enhancing its validity (MacCallum, 1981; Satorra, 1989;
Sorbom, 1989; MacCallum et al., 1992; Bollen, 2014). As (table: 7) showing that all the required fit indices were falling
within the suggested acceptable threshold (Hair et al. 1998). Further, for achieving both the above-mentioned validities,
Composite Reliability (CR), Average Variance Extracted (AVE) and square root of AVE was utilized (Table 8). As
suggested by (Hair et al., 2006; Fornell&Larcker, 1981) statistical Values of both the test are significant. Therefore, all the
assumptions were met for moving further with SEM.

Table 7: Model fit measures

\ Model Fit indices \ GFI \ CFI \ SRMR \ Pclose RMSEA \ CMIN/DF \

Library Progress International | Vol.44 No.3 | Jul-Dec 2024 16225



Priyo Das, Surjyasikha Das, Rinki Mishra, Ayan Chakraborty, Anindya Thakur

Values

0.930 \

0.969 \

0.056 \

0.161

0.058 \

1.857 \

Table 8: Calculation of Discriminate and Convergent Validity

Source: Primary Data (using Gaskin and Lim 2006 Statistical tool package add-on for SPSS AMOS)

CR AVE MSV MaxR(H) | PERs PCs PBs RPI
PERs 0.833 0.567 0.267 0.920 0.753
PCs 0.913 0.681 0.016 0.938 0.009 0.825
PBs 0.867 0.686 0.202 0.896 0.396 -0.128 0.828
RPI 0.845 0.649 0.267 0.903 0.517 0.043 0.449 0.806

Source: Primary Data (using Gaskin and Lim 2006 Statistical tool package add-on for SPSS AMOS)
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Figure 3: Graphical representation of model fit
Source: SPSS AMOS output based on primary data

51
C1
C2
83
C3
o6
C4
70
C5
8
B4
62
B3
9
B5
3
3!
8
ER4
T
8
UR

5
2
5
8
53

RPUR5 £1)

Testing of the hypothesis-

The regression analysis presented in Table 9 illustrates the outcomes of the hypotheses tests conducted on this empirically
validated model. The data indicates that PCs does not have a significant effect on customers' repurchase intentions nor on
their beliefs regarding personalization. Consequently, hypotheses Hal (Stand. f=0.064, p>0.05) and Ha2 (Stand. p=0.059,
p>0.05) are rejected. In contrast, PB demonstrates a significant influence on RPI (Stand. f=0.222, p<0.05) and PER (Stand.
$=0.437, p<0.05), resulting in the acceptance of Ha3 and Ha4. Additionally, Table 9 reveals that PER significantly mediates
the relationship, enhancing it (Stand. f=0.514, p<0.05), which supports the acceptance of Ha5.

Table 9: Regression estimates and testing of hypotheses
Estimate Stand. B S.E. CR. P Decision
PER <--| PB 0.292 0.437 0.058 | 5.048 - Ha4 accepted
Library Progress International | Vol.44 No.3 | Jul-Dec 2024 16226
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PER <-- | PC 0.037 0.059 0.041 | 0915 0.36 Ha2 rejected
RPUR | <-—-- | PB 0.237 0.222 0.075 | 3.169 | 0.002 Ha3 accepted
RPUR | <--- | PER 0.823 0.514 0.148 | 5.572 - Ha5accepted
RPUR | <--- | PC 0.066 0.064 0.06 1.094 | 0.274 Hai Rejected
e5 PC5 o
e PC4 5
o3 PC3 3: PCs 1 1 1
22 PC2 7
49|
d P RPU3 | [RPUR4| [RPUR5
06 1S 08
73 94 73
1 PER5 85
1 PER4 : e 40 e
59
-3 1 PER3
1 PER1
40 30 e18
e9 PB5 a7
S LEE 92 PBs
o7 PB4

Figure 4: Graphical representation of path analysis.
Source: SPSS AMOS output based on primary data.

Discussion-
Objective I- To examine the influence of privacy concern and perceived benefit on customer repurchase intention

Hal and Ha2, which proposed a negative influence between PCs, RPI and PER, found no support in the data
analysis. The study measured privacy concernthrough third party access or loss of personal data. This finding is inconsistent
with the studies (Kumar et al., 2016; Gutierrez et al., 2019; Thomaz et al. 2020) where scholars have discussed that the
privacy concern of users or customers has a negative influence on customer behaviour. There may be two primary reasons
for this inconsistent finding. First, it could stem from how PC was operationalized. Second, the presence of experienced
respondents from the "Application Usage Experience" group might also contribute to this issue. In contrast to earlier
studies, this research incorporated the suggestions of Bandara et al. (2017) in defining the construct. They indicated that
PC arises from a lack of understanding regarding the consequences of data disclosure and that the impact of PC diminishes
as consumers' knowledge grows. The participants in this study had experience with how Al fashion retail applications
function. Additionally, prior research has shown that customers’ understanding of product features, novelty, and unique
differentiation positively influences their behavior (Tanner and Wolfing Kast, 2003; Petina et al., 2016). These earlier
findings support the conclusion that PC has an insignificant effect on RPI and PER.

Ha3 and Ha4, which assumed a positive influence between PB, PER and RPI, found support from data analysis.
The analysis suggests that customers are highly motivated to purchase because of data sharing benefits. The result agrees
with previous studies as well. Numerous studies have demonstrated the substantial influence of PB on consumer behavior
(Keith et al., 2010; Xu et al., 2011; Wang et al., 2016; Shanahan et al., 2019; Fernandes and Pereira, 2021; Vimalkumar et
al., 2021; McKee et al., 2023). These consistent results highlight the relevance of PB in a range of technology-driven
settings.
Objective 2- To examine the influence of personalization as a mediator between privacy concern, perceived benefit and
customer repurchase intention.

Ha5, proposing a positive mediating influence of personalization between privacy concern, perceived benefit, and
repurchase intention found support in data analysis. This finding is in line with past literatures on personalization as a
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separate benefit and found its positive influence(Kallier 2017; Guo and Jiang 2023).The positive association implies that
company offerings which completely resonate with a customer’s personality improves customer behavior and reduces the
negative influence. Various studies have revealed the beneficial impact of PER. For example, research has shown its
positive effects on customer repurchase intentions, brand engagement, overall loyalty, and customer experience
(Bakhshandeh et al., 2023; Tran et al., 2022; Ameen et al., 2021; Rabby, 2021; Pearson, 2019).

Conclusion-

This study made an attempt to augment the ongoing research on customer behavior in the context of Al-fashion
retailing. In conclusion, there were two objectives of this study, first was to identify the influence of privacy concern and
perceived benefit on the re-use intentionin the context of Al-fashion retailing. The second objective was to check whether
personalized offering improves the relationship. This study has revealed two important relationships. First, it showed that
privacy concern does not have any negative influence on the purchase intention. Second, it is confirmed that
personalization, a benefit of data sharing, is an important mediating factor. This factor plays a crucial role of partial
mediator that reduces the negative impact and influence of privacy concern, positively influence the perceived benefit and
the purchase intention. This mediating relationship in the proposed empirical model must be considered to be important
for shaping the future study on Al-marketing literature.

Implications-

This study has certain practical and theoretical implications. From the theoretical perspective, this study has
extended the current literature on Al-fashion retailing. More specifically, this study has provided an empirically tested
model in which personalization was used as a mediator and extends the current literature in the domain of Al-fashion
retailing and customers’ perception related to privacy concern and perceived benefit. Further, this is among the first study
in the context of Al fashion retailing that hashas showed a significant relationship between privacy concern, perceived
benefit, and personalisation. From the practical point of view, marketers must focus on improving the awareness about
personalization. The awareness must be spread by using marketing communication techniques and informing customers
about how their data is being utilized by these applications to improve personalized offerings, such as curated style
suggestions and discounts based on browsing patterns, etc. Moreover, fashion retail managers must focus on utilizing non-
sensitive data and providing an easy opt-in option for customization. This will enable customers to keep or remove their
personal data from the application whenever necessary. This will give customers a feeling that they are in control of their
privacy, which may improve the positive association with other variables. At present, retailers need to focus on positioning
personalized benefits as a significant integral part of the customer journey. This will help deepen customer engagement
and loyalty. Additionally, retailers must be very clear about their data protection policies without overemphasizing them
or turning them into a marketing effort, which might raise unnecessary concerns among customers. There must be a balance
point where privacy policies are easily accessible in a concise manner, without making them the focal point. This can be
helpful in improving customer trust without having a deterring effect on personalization benefits and perceived value.
Marketers must communicate these things with the target market about their data safety, privacy policy and various
personalized benefits they can get.

Limitation and future direction-

Most of the respondents were approached informally using different types of digital platforms. This is one of the most
critical constraints that might have influenced the outcome of this study. Another limitation was respondents were selected
from a specific part of West-Bengal. Future studies can be extended to other parts of the country. Further, they were mostly
young. A study with diversified sample characteristics involves respondents from higher, middle and lower age groups
may conclude with a different perspective related to this research problem. Lack of empirical literature on personalization
as a mediator, in the context of Al marketing, has also restricted further validation and discussion of the findings. Also,
this study was completely focused on Al-shopping applications and users’ perception related to data sharing. Al is an
emerging technology and future studies can be made on other areas of marketing, other than online shopping and consumer
behaviour. Again, disclosure of privacy policy must be utilised as a separate dimension in future studies and it must be
checked whether it can change the negative influence of privacy concern to positive on customer attitude. Lastly, the
emerged relationship between the variables, as discussed in testing of hypotheses section, must be considered in future
studies.
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