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Abstract 

This study was undertaken to explore the determinants that can influence 

effective targeted promotional SMS communication in the Sri-Lankan fashion 

retail sector. The objective of this study is to examine the current context of 

targeted promotional SMS communication in Sri-Lankan fashion retail sector. 

This study is also aimed at examining the relationship between dynamic customer 

segmentation via transactional and loyalty-card data utilization for targeted 

promotional SMS communication and provide relevant recommendations to 

improve effectiveness of SMS promotional communication. This study uses a 

deductive research approach. Hypothesis were generated and tested via a survey 

in Colombo, Sri-Lanka with 347 responses. Based on the regression analysis, all 

the independent variables of loyalty-card data utilization, past purchase data 

utilization and dynamic customer segmentation had a strong positive relationship 

and a positive relationship towards the independent variable of effectiveness of 

SMS Communication and all the hypothesis were accepted along with the 

conceptual framework that 72% represents towards (Impact on) Effectiveness of 

SMS Communication by all the independent variables considered. Research was 

limited to the fashion retailing sector and only the retail customers were surveyed 

and new customers are excluded from the study benefits. As a research 

implication, adoption of big data and business-intelligence practices are highly 

recommended. Most of the prior literature is on the USA and Europe region and 

some are biased to eCommerce whereas this study focusses on the Sri-Lankan 

region and use of offline data sources for targeted SMS promotions.                  
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Introduction  

The Sri-Lankan retail sector contributes to around 34% of the country’s GDP (Daily FT, 

2019) and a major portion of it is comprised of the fashion retailing sector. 60% of Sri-Lankan 

fashion-retail customers are loyal to a retailer (Samarasinghe, 2016) and since, the true value of an 

organization relies on its loyal customers (Alshurideh, 2019), and effective promotional 

communication to the loyal fashion-retail customers has become very significant. Promotions and 

discounts adoption is higher in fashion-retail compared to other sectors due to its competitive 

nature (Ford , 2016) and there is an expectation within the sector to continuously refresh their 

communications and stay connected with customers (Sharma and Sahni, 2018).  

Monthly, more than 350 billion texts are sent globally and more than 15% of them are 

promotional communications (Ahmed, 2018). As per Malamidou, Spyropoulos and Rotsios 

(2018), retailers reach the consumers via promotional short-messaging-service (SMS) by utilizing 

their loyalty-programmes (LP) details. Sri-Lanka utilizes LP collected data for SMS promotional 

communication (Weeraratne, 2015). However, at present, customers have become reluctant to 

share their details with LP as discount savings are not worth the spam promotions (Nguyen and 

Klaus, 2013). Thus, the need for deeper analysis into Customer-Relationship-Management (CRM) 

information and transactional databases for personalized promotional SMS has become 

important (Malamidou, et al., 2018).  

Research Problem Identification 

With reference to the fashion retailing sector of Sri-Lanka, what are the factors that 

influence the effectiveness of SMS promotion? 

Even-though data-driven personalized promotional communications have increased 

engagements by 800% (Stalidis and Diamantaras, 2019), retailers still send generic promotions to 

the entire customer-base which has resulted in consumers receiving irrelevant promotions 

(Malamidou, et al., 2018). These unwanted and annoying messages have negatively influenced 

customer attitude (Ahmed, 2018). Therefore, this can be seen as an aspect which requires 

attention with regard to the Sri-Lankan fashion retailing promotional communication 

(Samarasinghe, Suwandaarachchi and Ekanayaka, 2016). 

 

 

 

 

 

Figure 1. Message Bombarding 

(Adopted from SAP Hybris, 2015) 
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As shown in Figure 1 , consumers are irritated by spammy promotional SMS bombarding 

(Smita, 2018). Communication frequency and message fatigue were noted as the key-challenges in 

promotional communication (Adobe, 2014). Sri-Lankan consumers have also become victims of 

message bombarding (Perera, 2010) and should move towards targeted promotions (Daniel, 

2015). Ultimately, in loyalty-based messaging, SMS incrementality of repeated messages have 

resulted decreased returns (Bies, Bronnenberg and Gijsbrechts, 2021). 

The success of SMS-marketing is based on its capacity to be highly target-oriented (Smita, 

2018). However, 90% of the customers mention that the promotional SMS they receive have 

nothing to do with their interests (Adobe, 2014) and that they are irrelevantly bombarded (Nandi 

and Mittal, 2013) with messages. Too much information has confused and annoyed customers 

resulting in a negative attitude towards SMS-marketing campaigns (Ahmed, 2018). 

Litreature Review 

Loyalty Programs (LPs) 

In retailing, LPs are card-based which are scanner-readable or swiped at the checkout. 

They provide benefits to the user such as exclusive deals, cost-savings, rebates and even 

redeemable points (Allaway et al., 2006). 90% of the transactions were noted as having loyalty-

cards (Byrom, 2001). In a global survey 72% responders have agreed that, all other factors equal, 

they would purchase from a retailer with a LP (Kumar, 2019). LPs encourage repeat purchases 

while exchanging incentives (Ramaboa and Das, 2015, Malamidou, et al., 2018). The core purpose 

of the LPs were seen as retaining loyal customers as acquiring new customers are difficult and 

cost-ineffective (Ramaboa and Das, 2015). As noted by Yapaa and Kennedy (2020), LPs were 

developed for rewarding the customers as well as generating information about them to 

manipulate their behavior by providing personalized offerings. Ultimately, “the plastic card 

becomes the mechanism for the exchange of information and rewards to take place'' (Byrom, 

2001). Finally, as noted by Stathopoulou and Balabanis (2016), for 2020 LP memberships were 

expected to be at 419 million and its importance continues especially for the luxury fashion 

brands. 

Sri-Lankan Fashion Retail Promotional Communication 

Communication was interpreted as “who says what (message), in which channel to who 

(audience), with what effect” (Lasswell, 1948, as cited in Danaher and Rossiter, 2011). Sri-Lankan 

retailers are reaching out to customers for promotional communications by utilizing the data 

collected through LPs as a step in CRM (Weeraratne, 2015). Yet, as per Samarasinghe, 

Suwandaarachchi and Ekanayaka, (2016), many inefficiencies exist in Sri-Lankan fashion retailers’ 

promotional communication as they are not targeted. Consequently, discovering shopping trends 

were seen as the fashion retail sector’s lifeline which ultimately shall get molded into a 

personalized shopping experience (Silva, Hassani and Madsen, 2019). 

Short Message Service (SMS) 
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SMS marketing was identified as one of the main such methods for brand communication   

in Sri-Lanka (Dilan, 2016). As per Smita (2018), text messages were seen as a very common 

method used for brand communication by world-renewed brands. As per a survey conducted by 

Mbuthia (2016), 80% of the respondents have agreed that sending text messages is the most 

adopted marketing strategy of fashion brands. However, on the other hand, SMS marketing was 

seen as an invasive method of communicating with the customers which is an aggressive push 

that doesn’t influence shopping behavior but impacts negatively on the brand opinion (Gilani and 

Twiss, 2018). Furthermore, SMS spamming was seen as a major concern in Sri-Lanka as per the 

“Top Spammers in Sri Lanka in 2017” report by Truecaller revealed a 92% increase in spamming 

(Laymont, 2017). Thus, the need of SMS personalization has emerged and it is greatly-beneficial 

as depicted in Figure 2. 

 

Figure 2. Personalization Benefits 

(Adopted from Schreiner, Rese and Baier, 2019) 

Related Theories 

RFM (Recency, Frequency, Monitory) Analysis 

RFM was introduced by Bult and Wansbeek (1995) (Cited in Birant, 2011) and it is noted 

as the second most-used marketing method (McCarty and Hastak, 2007). Three attributes 

denoted under RFM are Recency, Frequency and Monitory values of the transactions made by 

the customers (Kohavi and Parekh, 2004). RFM variables that represent purchase history, 

frequency and total purchase value are derived using the transactional records (Chiu et al., 2009) 

which makes the RFM model extremely effective in customer segmentation (Cheng and Chen, 

2009). RFM was discussed as most app;icable when sending promotional communications to 

customer databases in order to identify most probable customers that would respond to a given 

campaign (McCarty and Hastak, 2007). However, the RFM model was criticized as it fails to 

provide insights regarding new customers (McCarty and Hastak, 2007) and because it is less 

predictive since the three variables are isolated from the customer’s geo-demographic data (Yang, 

2004). Yet, RFM has dwelled over 50 years targeting customers and reducing promotional 

communication costs (Kohavi and Parekh, 2004). 

Market Basket Analysis (MBA) 

MBA or the Affinity Analysis is an unsupervised learning method which runs on 

transaction-type databases to identify “what goes with what” (Shmueli et al., 2018). MBA is a data 

mining technique which relies on the customer cart to identify recurring patterns in purchasing by 

extracting associations from transactional data, mainly for promotional campaigns (Zamil, Adwan 

and Vasista, 2020). When point-of-sale (POS) scanning data are collected with personally 
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identifiable information (loyalty data), it can be analyzed to identify purchase patterns via MBA 

for targeting segments for cross and up-selling (Zamil, Adwan and Vasista, 2020). 

Customer Lifetime Value (CLV) 

CLV is noted as a key CRM concept similar to database-marketing and loyalty. It is 

denoted as the “Present value of all the future cash flows attributed to a customer relationship” 

(Pfeifer et al., 2005 as Cited in Blattberg, Malthouse and Neslin, 2009). Many consumer-centric 

organizations are utilizing CLV as a consumer-profitability metric to enhance the LP 

performance (Kumar, 2019). Utilizing customer purchase history, CLV is derived and evaluated 

(Woo, Bae and Park, 2005).  

Selection of Variables and Hypothesis Generation through the Literature 

Loyalty Card Data Utilization 

Marketing Intelligence is oriented around loyalty-cards with large data warehouses.  This 

highlights the real potential of loyalty-cards as the data collected through LPs can be used for 

targeted marketing rather than increasing traditional loyalty (Donnelly et al., 2012). Similarly, LPs 

are seen as a vehicle to track purchase patterns of individual preferences. (Ramaboa and Das, 

2015). Also, as noted by Byrom (2001), LPs have provided immense data to understand 

consumers and their behavior.  

Therefore, LPs were seen as data-rich environments to explore relational outcomes and 

when the loyalty-cards are scanned at checkout, they catalogue consumers automatically by day, 

time, product purchased, value, variety of other products etc. that can be analyzed for pattern 

behavior and targeted promotional communication (Allaway et al., 2006). Transforming loyalty-

card data into customer knowledge would allow retailers to increase ROI of the promotional 

communications while utilizing the marketing resources at its best to maximize profitability 

(Hutchinson et al., 2015). Thus, the retailer is better informed when LPs are used to understand 

consumer interests and provide personalized offerings (Malamidou et al., 2018).  

Silva et al., (2019), argues that as 85% of the fashion brand sales originated from 

customers registered in the databases, using big data analytics to individualize the consumer 

through LP data is the key to targeting When cardholder transitions are combined with geo-

demographic details captured from the loyalty-card it gives a holistic view of the customer in the 

areas of products preferences, visit frequency and recency, life-style, visited stores and times and 

offer proneness (Byrom, 2001).  

Even Sri-Lankan retailers have constructed databases with loyalty card data to be able to 

reach out for promotional communications (Pieris and Udunuwara, 2012). Yet, comparatively, 

Sri-Lanka has not made use of the loyalty-data to its true potential (Ragulan, 2013). But the LP 

members greatly expect promotional message personalization (Ramaboa and Das, 2015). As 

noted by Stone et al. (2003), customers experience just a card but a huge potential lies behind the 

data generated from it which ultimately requires optimizations in card and database management 

along with campaigns and promotional communication. A classic real-world example is the 
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fashion brand H&M which is trying to reduce markdowns via big data analytics on store receipts 

and loyalty-card data instead of relying on designer intuitions (Silva et al., 2019). 

Hence, it’s expected that, 

H1: There is a relationship between loyalty card data utilization and the effectiveness of 

the promotional communication. 

Past Purchase Data Utilization 

As noted by Donnelly et al. (2015), consumers appeared distant due to the lack of data 

utilizations for marketing intelligence. Likewise, when it comes to personalizing the promotional 

communication in brick-and-mortar stores, they have struggled a lot to personalize it compared 

to the online world. However, the best way forward is to start analyzing the past purchase data 

(Dekimpe, Geyskens and Gielens, 2019). Personalization in promotional communication 

demands extensive data collection and these data mainly refers to the past in-store behavior 

(Riegger et al., 2021).  

Traditionally, customer insights can be derived from many sources, but most prominently 

it is the offline databases which hold purchase records and invoices (Kadir and Achyar, 2019). 

Various data source utilizations for personalized promotional communications were discussed in 

the literature out of which geo-demographic data are collected from the loyalty programs 

whereas, personally identifiable shopping behavior is achieved by utilizing past purchase data 

(Schreiner, Rese and Baier, 2019). There are many data types available in the in-store 

environment and the main focus of this study is on loyalty-card data and the purchase records as 

shown in Figure 3. 

 

Figure 3. In-Store Data Types 

(Adopted from Kumar et al., 2013) 

Past purchase data utilization is also referred as basket data utilization and basket 

information collects data such as products purchased, time of the day, offers taken-up and which 

items are purchased together etc. which allows to personalize offerings (Byrom, 2001).  
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Daniel (2015), elaborates an example on a ‘Levi’s Jean Deal’, where he explains that 

promotional messages related to the respective deal shall reach the consumers who are most-

likely to purchase Levi’s by highlighting the fact that, Sri-Lankan retailers must analyze loyalty 

data on individual-user level along with past purchase data-points to cross and up-sell.  

Hence, it’s expected that, 

H2: There is a relationship between past purchase data utilization and the effectiveness of 

the promotional communication. 

Dynamic Customer Segmentation 

As per Hutchinson et al. (2015), marketers have refused to segment customers via the 

loyalty data collected, even by age or geo-locations and continued to treat them as a 

homogeneous group without acknowledging their differences. But the customers are expecting 

recommendations which reflects their buying behavior (Riegger et al., 2021) and “One size will 

no longer fit all” (Ferguson and Hlavinka, 2008). The retailers are having all the required 

opportunities to collect data and customize promotions for minor segments (Beeck and 

Toporowski, 2017). Largely undifferentiated promotions mean very little to LP customers 

(Ferguson and Hlavinka, 2008). Also, as LPs have entered a highly saturated market, promotional 

communication with highly segmented customers is the salvation (Ferguson and Hlavinka, 2008). 

Even though, customers opt to join a LP does not mean that they behave equally 

(Allaway et al., 2006). Yet, Wijesiri (2016) noted Sri-Lankan marketers have ignored how a single 

product can be perceived differently by various groups as customers fluctuate among different 

segments more frequently (Kimari, 2016) where noticeable behavior patterns can be noted in 

small customer segments as well (Lind et al., 2016). 

Traditional demographic segmentation in LPs has a very limited impact as they consider 

very minimal parameters such as age, family-size, education, etc. (Malamidou et al., 2018). Each 

customer segment comprises of different attributes and engage in a unique way and is completely 

separated from other segments (Ferguson and Hlavinka, 2008). Therefore, the future of LPs was 

seen as diversifying promotional communications into micro-groups rather larger segments 

(Cedrola and Memmo, 2010). 

Hence, it’s expected that, 

H3: There is a relationship between dynamic customer segmentation and the 

effectiveness of the promotional communication 

Methodology 

Research Design 

A deductive research approach was taken where the theories understood on literature 

such as MBA, CLV and RFM are tested through data collection. Surveys were used as the 
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strategy to generate and test hypothesis. Since the hypothesis were generated and tested survey 

was utilized as the strategy.   

Population and Sampling Design 

The focus of the research is the fashion retailers in Colombo, Sri-Lanka. As per the 

Department of Economic and Social Affairs (2008), international standard industrial 

classification, Class ‘4771-retail sales of readymade garments’ were selected for the respective 

scope which is under the Group of ‘477- retail sale of clothing, footwear and leather articles in 

specialized stores. (Refer Appendix A1).  

The main reason for the above industry selection can be noted as the potential of having 

an established up-and-running loyalty program and an IT infrastructure which is vital for the 

study.  Even among the aforementioned category, scope was further filtered to the following 

fashion retailers in Colombo Sri-Lanka (Table 1). 

Table 1. Selected Fashion Retailers 

Fashion 
Retailer 

Number of Outlets in Colombo LPs 
SMS Promotional 
Communication 

Odel 12 Yes Yes 
Nolimit/Glitz 09 Yes Yes 

CIB 10 Yes Yes 

 
Source: Author’s illustration 

As shown in Figure 4, since fashion-retailers and the loyalty-customers-base of the 

respective retailers become the primary stakeholders of the study’s population, considering 

factors such as accessibility, timeliness, ability to collect a large number of responses, only the 

loyalty-customer-base of the respective fashion retailers are selected. 

 

 

 

 

 

 

 

Figure 4. Population Filtering 

Source: Author’s work 

However, the exact population volume identification for the study is challenging as the 

Colombo district loyalty customer-base of the selected retailers are not readily available. 
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Therefore, since the study is a quantitative study and the population is fairly large the 

Morgan table will be utilized to derive the sample size. As per the Krejcie and Morgan (1970) 

method induced Survey Systems (2022) sample calculation, the sample size is derived as follows, 

Sample Size = 384. 

Refer Appendix 2 for the questionnaire operationalization. 

 

 

 

 

 

 

 
Figure 5. Conceptual Framework 

Data Analysis  

Reliability Analysis 

As per the Statistics Solutions (2022a) construct reliability can be calculated by the 

Cronbach alpha and the variables above 0.7 are considered as reliable. Thus, as shown in Table 2, 

Cronbach alpha of the variables EC, LU, PU and DS are all above 0.7 which indicates a high 

internal consistency resulting a acceptable reliability. 

Table 2 - Reliability Analysis 

Variable Indicators 
Reliability 

Cronbach’s Alpha N of Items 

Effectiveness of SMS Communication 
(EC) 

Relevance 
0.702 

 
3 

Personalization 
Fatigue 

Loyalty-card Data Utilization (LU) 

Availability 

0.841 
 
4 

Usage 

Utilization 

Potential 

Past-purchase Data Utilization (PU) 

Gap 

0.829 3 Utilization 

Potential 

 
 

Dynamic Customer Segmentation (DS) 

 
Differentiation  

 
0.817 

 
 
3 

Granularity 

Timeliness 
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Hypothesis Validation 

Loyalty-card Data Utilization (LU) 

H1: There is a relationship between loyalty card data utilization and the effectiveness of 

the promotional communication. 

Table 3. LU Regression-Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .835a .697 .696 .30435 
             Note: a.Predictors: (Constant), Loyalty_Card_Data_Utilization 

As per Statistics Solutions (2022b), In a linear regression R Square denotes the degree of 

variance depicted by the dependent variable. Therefore, R Square value being 0.697 explains that 

69.7% of the variances in dependent variable of 'Effectiveness of SMS Communication' is 

explained by the independent variable of 'Loyalty-card data utilization. 

Table 4. LU EC Pearson Correlation Analysis 

Correlations 

 
Effective Targeted SMS 

Promotional Communication 
Loyalty Card Data 

Utilization 

Effective Targeted 
SMS Promotional 
Communication 

Pearson Correlation 1 .835** 
Sig. (2-tailed)  .000 
N 347 347 

Loyalty Card Data 
Utilization 

Pearson Correlation .835** 1 
Sig. (2-tailed) .000  
N 347 347 

Note: **. Correlation is significant at the 0.01 level (2-tailed). 

As Table 4 depicts, the Pearson correlation on loyalty-card data utilization to effective 

targeted promotional communication is a strong positive relationship as indicated by R = 0.835. 

Hypothesis acceptance was done based on the 2-tailed significance considering the 

correlation theory where the p value shall be less than 0.05 to accept the alternate hypothesis. 

Thus, H1 is accepted since the significance is at 0.000 which is < 0.05 at the level of 99%. 

Past Purchase Data Utilization (PU) 

H2: There is a relationship between past purchase data utilization and the effectiveness of 

the promotional communication. 

 

Table 5. PU Regression-Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .660a .436 .434 .41528 
             Note: a. Predictors: (Constant), Past_Purchase_Data_Utilization 
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As per Statistics Solutions (2022b), In a linear regression R Square denotes the degree of 

variance depicted by the dependent variable. Therefore, R Square value being 0.436 explains that 

43.6% of the variances in dependent variable of 'Effectiveness of SMS Communication' is 

explained by the independent variable of 'Past purchase data utilization'  

Table 6. PU Regression-Summary 

Correlations 

 
Effective Targeted SMS 

Promotional Communication 

Past Purchase 
Data 

Utilization 

Effective Targeted SMS 
Promotional 
Communication 

Pearson Correlation 1 .660** 
Sig. (2-tailed)  .000 

N 347 347 

Past Purchase Data 
Utilization 

Pearson Correlation .660** 1 

Sig. (2-tailed) .000  

N 347 347 

Note:**. Correlation is significant at the 0.01 level (2-tailed). 

As Table 6 depicts, the Pearson correlation on past purchase data utilization to effective 

targeted promotional communication is a strong positive relationship when R = 0.660 

Hypothesis acceptance was done based on the 2-tailed significance considering the 

correlation theory where the p value shall be less than 0.05 to accept the alternate hypothesis. 

Therefore, H2 is accepted since the significance is at 0.000 which is < 0.05 at the level of 99%. 

Dynamic Customer Segmentation (DS) 

H3: There is a relationship between dynamic customer segmentation and the 

effectiveness of the promotional communication. 

Table 7. DS Regression-Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .595a .354 .352 .44456 
             Note: a. Predictors: (Constant), Dynamic_Customer_Segmentation 

As per Statistics Solutions (2022b), In a linear regression R Square denotes the degree of 

variance depicted by the dependent variable. Therefore, R Square value being 0.354 explains that 

35% of the variances in dependent variable of 'Effectiveness of SMS Communication' is 

explained by the independent variable of 'Dynamic customer segmentation'  

 

Table 8. DS EC Pearson Correlation Analysis 

Correlations 

 

Effective Targeted SMS 
Promotional Communication 

Dynamic 
Customer 

Segmentation 

Effective Targeted 
SMS Promotional 

Pearson Correlation 1 .595** 
Sig. (2-tailed)  .000 
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Communication N 347 347 

Dynamic Customer 
Segmentation 

Pearson Correlation .595** 1 
Sig. (2-tailed) .000  

N 347 347 

Note:**. Correlation is significant at the 0.01 level (2-tailed). 

As Table 8 depicts, the Pearson correlation on past purchase data utilization to effective 

targeted promotional communication is a positive relationship when R = 0.595. 

Hypothesis acceptance was done based on the 2-tailed significance considering the 

correlation theory where the p value shall be less than 0.05 to accept the alternate hypothesis. H3 

is accepted since the significance is at 0.000 which is < 0.05 at the level of 99%. 

Table 9. Hypothesis Validation Summary 

Hypothesis Significance Pearson Correlation Relationship Validity 

H1 0.000 0.835 Strong Positive Accepted 
H2 0.000 0.660 Strong Positive Accepted 
H3 0.000 0.595 Positive Accepted 

Accordingly, since all the variables have a higher correlation (Table 9), all are used for the 

regression analysis. 

Multiple Regression Analysis 

As Table 10 represents, the adjusted R square value is 0.72 which means 72% represents 

(impact on) the effectiveness of SMS communication by all the independent variables considered. 

In other words, 72% of the variations of the effectiveness of SMS communication is explained by 

this model. 

Table 10. Multiple Regression – Summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .850a .722 .720 .29235 
Notes: 
a. Predictors: (Constant), Dynamic_Customer_Segmentation, Loyalty_Card_Data_Utilization, 
Past_Purchase_Data_Utilizatio           

 
Table 11. Multiple Regression – ANOVA 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression 76.162 3 25.387 297.036 .000b 

Residual 29.316 343 .085   

Total 105.477 346    
Notes: a. Dependent Variable: Effective_Targeted_SMS_Promotional_communication, b. 
Predictors: (Constant), Dynamic_Customer_Segmentation, Loyalty_Card_Data_Utilization, 
Past_Purchase_Data_Utilization 

Also, considering Table 11, the total conceptual framework can be accepted since the 

significance is 0.000 where the p value shall be less than 0.05. 

Discussion and Implications 



Sri Lanka Journal of Management Studies | Volume 4 - Issue I, June 2022 

 

- 37 - 

 

Discussion 

As per literature, LPs were seen as a vehicle to track purchase patterns of individual 

preferences. (Ramaboa and Das, 2015). According to Byrom (2001), LPs have provided an 

immense amount of data to understand consumers and their behavior in aggregate basis as well 

as at an individual level. When the loyalty-cards are scanned at checkout, they catalogue 

consumers automatically by day, time, product purchased, value, variety of other products etc. 

that can be analyzed for pattern behavior and targeted promotions (Allaway et al., 2006). As per 

the study, Pearson Correlation value being 0.835 and significance being 0.000, H1 was accepted 

by the researcher and LU has a strong positive relationship with the EC. Also, as the R2 value is 

0.697, it confirms that LU contributes 69.7% to EC. Accordingly, based on literature and 

research findings, it can be concluded that LU can drastically improve the EC. 

In accordance with literature, traditionally, customer insights can be derived from offline 

databases which hold purchase records and invoices (Kadir and Achyar, 2019). Personally 

identifiable shopping behavior is achieved by utilizing past purchase data (Schreiner, Rese and 

Baier, 2019). Past purchase data utilization is also referred as Basket data utilization and basket 

information collects data such as products purchased, time of the day, offers taken-up and which 

items are purchased together etc. which allows to personalize offerings (Byrom, 2001). As per the 

study, as the Pearson Correlation value is 0.660 and significance is 0.000, H2 was accepted by the 

researcher and PU has a strong positive relationship with the EC. Furthermore, R2 value being is 

0.436, it confirms that PU contributes 43.6% to EC. Accordingly, based on literature and 

research findings, it can be concluded that PU can drastically improve the EC. 

According to literature, traditional demographic segmentation in LPs has very limited 

impact as they consider very minimal parameters such as age, family-size, education, etc. 

(Malamidou, Spyropoulos and Rotsios, 2018). Each customer segment comprises of different 

attributes and engage in a unique way and is completely separated from other segments (Ferguson 

and Hlavinka, 2008). “One size will no longer fit all” (Ferguson and Hlavinka, 2008). Customers 

fluctuate among different segments more frequently (Kimari, 2016) where noticeable behavior 

patterns can be noted in small customer segments as well (Lind et al., 2016). As per the study, 

Pearson Correlation value being 0.595 and significance being 0.000, H3 was accepted by the 

researcher and DS has a positive relationship with the EC. Furthermore, R2 value being is 0.354, 

it confirms that DS contributes 35.4% to EC. Accordingly, based on literature and research 

findings, it’s concluded that DS can drastically improve the EC. 

Ultimately, considering all the variables, the significance being 0.000 and the adjusted R 

square value being 0.72 in the regression analysis,the proposed conceptual framework can be 

accepted where a 72% of the variations of the effectiveness of SMS communication is being 

explained by the proposed conceptual framework of the study. 

Implications 

The data availability and its potential shall be understood first to implement utilization. It 

is more suitable to evaluate existing global solutions rather developing the capabilities from 

scratch. Prior to any implementations major BI tools such as Tableu or PowerBI can be utilized 
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to visualize data and its potential. Ultimately, the consumers’ geo-demographic variables shall be 

reflected in promotions. 

Big data solutions shall be evaluated for this purpose and ultimately the omni-channel 

shopping experience avenue must be looked at to provide a balanced shopping experience in 

different platforms. Existing methods such as MBA, RFM can be used to ultimately reflect the 

buying behavior on the promotions. 

More updated dynamic customer segments should be maintained for the promotional 

communication. Static segmentation methods should be discarded and minor behavioral changes 

must be tracked. When effectively utilized, LU, PU and DS can be achieved automatically and 

evaluations should occur more frequently as users fluctuate segments. 

Further research can be done on the omni-channel shopping experience and big data 

utilization as most of the retailers are moving to online selling platforms as well. Therefore, 

connecting online and offline shopping experiences together would be the way forward. 

Furthermore, the research area can be expanded to include more fashion retailers and increase 

the sample size to further validate the study. Integrating other promotional types such as push 

notifications, email marketing, social media marketing for a more universal targeted promotional 

campaign can be further discussed.  

References  

Adobe (2014). Empirical research findings challenge traditional perspectives on email marketing 

fatigue and revolutionise outbound marketing strategies. Adobe. 

https://silo.tips/download/fighting-marketing-fatigue-perceived-relevance-is-the-key-to-

increasing-message#  

Ahmed, F. (2018). The impact of SMS marketing on consumer behavior. The Business & 

Management Review, 10(1), 115-125. 

Allaway, A. W., Gooner, R. M., Berkowitz, D., & Davis, L. (2006). Deriving and exploring 

behavior segments within a retail loyalty card program. European Journal of Marketing. 

40(11/12), 1317-1339. https://doi.org/10.1108/03090560610702830  

Alshurideh, D. M. (2019). Do electronic loyalty programs still drive customer choice and repeat 

purchase behaviour?. International Journal of Electronic Customer Relationship Management, 12(1), 

40-57. https://www.inderscienceonline.com/doi/abs/10.1504/IJECRM.2019.098980.  

Beeck, I. & Toporowski, W. (2017). When location and content matter: effects of mobile 

messages on intention to redeem. International Journal of Retail & Distribution Management, 45 

(7/8), 826-843.  https://doi.org/10.1108/IJRDM-09-2016-0171 

Bies, S. M., Bronnenberg, B. J., & Gijsbrechts, E. (2021). How push messaging impacts consumer 

spending and reward redemption in store-loyalty programs. International Journal of Research in 

Marketing, 38(4), 877-899. https://doi.org/10.1016/j.ijresmar.2021.02.001 

https://silo.tips/download/fighting-marketing-fatigue-perceived-relevance-is-the-key-to-increasing-message
https://silo.tips/download/fighting-marketing-fatigue-perceived-relevance-is-the-key-to-increasing-message
https://doi.org/10.1108/03090560610702830
https://www.inderscienceonline.com/doi/abs/10.1504/IJECRM.2019.098980
https://doi.org/10.1108/IJRDM-09-2016-0171
https://doi.org/10.1016/j.ijresmar.2021.02.001


Sri Lanka Journal of Management Studies | Volume 4 - Issue I, June 2022 

 

- 39 - 

 

Birant, D. (2011). Data mining using RFM analysis. In Funatsu, K. (Eds.), Knowledge-oriented 

applications in data mining (pp. 91-108). IntechOpen. 

https://www.intechopen.com/chapters/13162.  

Blattberg, R. C., Malthouse, E. C., & Neslin, S. A. (2009). Customer lifetime value: Empirical 

generalizations and some conceptual questions. Journal of Interactive Marketing, 23(2), 157-168. 

https://doi.org/10.1016/j.intmar.2009.02.005 

Byrom, J. (2001). The role of loyalty card data within local marketing initiatives. International 

Journal of Retail & Distribution Management.  29(7), 333-342. 

https://doi.org/10.1108/09590550110394234  

Cedrola, E., & Memmo, S. (2010). Loyalty marketing and loyalty cards: a study of the Italian 

market. International Journal of Retail & Distribution Management. 38(3), 205-

225. https://doi.org/10.1108/09590551011027131  

Cheng, C. H., & Chen, Y. S. (2009). Classifying the segmentation of customer value via RFM 

model and RS theory. Expert Systems with Applications, 36(3), 4176-4184. 

https://doi.org/10.1016/j.eswa.2008.04.003 

Chiu, C., Chen, Y., Kuo, I. & Ku, H. (2009). An intelligent market segmentation system using k-

means and particle swarm optimization. Expert Systems with Applications, 36 (3), 4558-4565. 

https://doi.org/10.1016/j.eswa.2008.05.029 

Danaher, P. & Rossiter, J. (2011). Comparing perceptions of marketing communication channels. 

European Journal of Marketing, 45(1/2), 6-42. https://doi.org/10.1108/03090561111095586.  

Daniel, D. (2015, October 10). Readying for Sri Lanka’s big data deluge. Echelon. 

http://echelon.lk/home/big-idea-big-data-readying-for-sri-lankas-big-data-deluge/.  

Dekimpe, M., Geyskens, I. & Gielens, K. (2019). Using technology to bring online convenience 

to offline shopping. Marketing Letters, 31(1), 25-29. https://doi.org/10.1007/s11002-019-

09508-5  

Dilan, S. (2016). What has the Internet done to the Sri Lankan marketing industry? [online]. 

Extreme Seo Internet Solutions. https://www.extreme-seo.net/sri-lankan-digital-marketing-

industry/sri-lanka/.  

Donnelly, C., Simmons, G., Armstrong, G. & Fearne, A. (2012). Marketing planning and digital 

customer loyalty data in small business. Marketing Intelligence & Planning, 30(5), 515-534. 

https://doi.org/10.1108/02634501211251034    

Donnelly, C., Simmons, G., Armstrong, G. & Fearne, A. (2015). Digital loyalty card ‘big data’ and 

small business marketing: Formal versus informal or complementary?. International Small 

Business Journal: Researching Entrepreneurship, 33 (4), 422-442. 

https://doi.org/10.1177/0266242613502691.  

https://www.intechopen.com/chapters/13162
https://doi.org/10.1016/j.intmar.2009.02.005
https://doi.org/10.1108/09590550110394234
https://doi.org/10.1108/09590551011027131
https://doi.org/10.1108/03090561111095586
http://echelon.lk/home/big-idea-big-data-readying-for-sri-lankas-big-data-deluge/
https://doi.org/10.1007/s11002-019-09508-5
https://doi.org/10.1007/s11002-019-09508-5
https://www.extreme-seo.net/sri-lankan-digital-marketing-industry/sri-lanka/
https://www.extreme-seo.net/sri-lankan-digital-marketing-industry/sri-lanka/
https://doi.org/10.1108/02634501211251034
https://doi.org/10.1177/0266242613502691


 

- 40 - 

 

Ferguson, R. & Hlavinka, K. (2008). SegmentTalk: the difference engine: a comparison of loyalty 

marketing perceptions among specific US consumer segments. Journal of Consumer Marketing, 

25(2), 115-127. https://doi.org/10.1108/07363760810858855  

Ford, C. (2016). Best stores for black Friday [online].  https://kcrr.com/2016s-best-stores-for-

black-friday/  

Gilani, H., & Twiss, P. (2018). Impact of micro moments on fashion retail shopper’s 

journey. International Journal of Research in Business Management, 6(7), 51-74.  

Hutchinson, K., Donnell, L., Gilmore, A. and Reid, A. (2015). Loyalty card adoption in SME 

retailers: the impact upon marketing management. European Journal of Marketing, 49(3/4), 

467-490. https://doi.org/10.1108/ejm-06-2013-0321  

Kadir, M. & Achyar, A. (2019, April 1-2). Customer segmentation on online retail using RFM analysis: Big 

data case of bukku.id. Proceedings of the International Conference on Environmental 

Awareness for Sustainable Development [Conference presentation]. 

https://eprints.eudl.eu/id/eprint/6466/1/eai.1-4-2019.2287279.pdf 

Kimari, P. (2016). Development of a data driven customer centric marketing model for Hobby 

Hall [Master’s dissertation].  Arcada. 

https://www.theseus.fi/bitstream/handle/10024/113175/Kimari_Pinja.pdf?sequence=1&i

sAllowed=y 

Kohavi, R., & Parekh, R. (2004, April). Visualizing RFM segmentation. In Proceedings of the 2004 

SIAM international conference on data mining (pp. 391-399). Society for Industrial and Applied 

Mathematics. http://epubs.siam.org/doi/pdf/10.1137/1.9781611972740.36   

Kumar, V. (2019). Global implications of cause-related loyalty marketing. International Marketing 

Review, 37(4), 747-772. https://doi.org/10.1108/imr-06-2019-0160   

Kumar, V., Chattaraman, V., Neghina, C., Skiera, B., Aksoy, L., Buoye, A. & Henseler, J. (2013). 

Data‐driven services marketing in a connected world. Journal of Service Management, 24 (3), 

330-352. https://doi.org/10.1108/09564231311327021  

Laymont, L. (2017, December 14). Top spammers in Sri Lanka are telecom operators in 2017 

[Blog]. True Caller. Available at: https://blog.truecaller.com/2017/12/14/top-spammers-in-

sri-lanka-are-telecom-operators-in-2017/  

Lind, F., Field, D., Sandhu, R., Stanhlberg, D. & Eriksson, J. (2016). Winning in digital marketing. 

The Boston Consulting Group. https://web-assets.bcg.com/img-src/CMO-Transformation-

Agenda-Feb-2016-Nordics_tcm9-29093.pdf   

Malamidou, K., Spyropoulos, T. S., & Rotsios, K. (2018, May 13). Knowledge management & 

loyalty programs: a customer perception analysis, the Greek retail market. In 'The Economies 

of the Balkan and the Eastern European Countries in the Changing World (EBEEC)'annual conference 

(pp. 166–185). KnE Publishing. http://repository.afs.edu.gr/handle/6000/363  

https://doi.org/10.1108/07363760810858855
https://kcrr.com/2016s-best-stores-for-black-friday/
https://kcrr.com/2016s-best-stores-for-black-friday/
https://doi.org/10.1108/ejm-06-2013-0321
https://eprints.eudl.eu/id/eprint/6466/1/eai.1-4-2019.2287279.pdf
https://www.theseus.fi/bitstream/handle/10024/113175/Kimari_Pinja.pdf?sequence=1&isAllowed=y
https://www.theseus.fi/bitstream/handle/10024/113175/Kimari_Pinja.pdf?sequence=1&isAllowed=y
http://epubs.siam.org/doi/pdf/10.1137/1.9781611972740.36
https://doi.org/10.1108/imr-06-2019-0160
https://doi.org/10.1108/09564231311327021
https://blog.truecaller.com/2017/12/14/top-spammers-in-sri-lanka-are-telecom-operators-in-2017/
https://blog.truecaller.com/2017/12/14/top-spammers-in-sri-lanka-are-telecom-operators-in-2017/
https://web-assets.bcg.com/img-src/CMO-Transformation-Agenda-Feb-2016-Nordics_tcm9-29093.pdf
https://web-assets.bcg.com/img-src/CMO-Transformation-Agenda-Feb-2016-Nordics_tcm9-29093.pdf
http://repository.afs.edu.gr/handle/6000/363


Sri Lanka Journal of Management Studies | Volume 4 - Issue I, June 2022 

 

- 41 - 

 

Mbuthia, E. (2016). Marketing strategies adopted by local fashion houses to enhance market 

penetration [Doctoral dissertation]. University of Nairobi. 

http://hdl.handle.net/11295/98631 

McCarty, J. and Hastak, M. (2007). Segmentation approaches in data-mining: A comparison of 

RFM, CHAID, and logistic regression. Journal of Business Research, 60(6), 656-662. 

https://doi.org/10.1016/j.jbusres.2006.06.015  

Nandi, V. & Mittal, H. (2013). Database marketing. International Journal of Advances in Engineering 

Sciences, 3(3), 1-6. http://www.rgjournals.com/index.php/ijse/article/view/443/227  

Nguyen, B. & Klaus, P. (2013). Retail fairness: Exploring consumer perceptions of fairness 

towards retailers’ marketing tactics. Journal of Retailing and Consumer Services, 20(3), 311-324. 

https://doi.org/10.1016/j.jretconser.2013.02.001  

Paranjape, S. (2018). Role of digital marketing for developing customer loyalty. Sansmaran Research 

Journal, 1-7. 

https://www.proquest.com/docview/2090328166/abstract/31E46886B7A24D0FPQ/1?ac

countid=15588  

Perera, P. (2010, August 20). E-mail marketing. Daily News. 

http://archives.dailynews.lk/2010/08/20/bus17.asp.  

Pieris, D. & Udunuwara, M. (2012). Effectiveness of loyalty cards to build the store loyalty. University of 

Colombo. http://archive.cmb.ac.lk:8080/research/bitstream/70130/2230/1/40.pdf.  

Ragulan (2013 August 16). Loyalty marketing – does it matter in Sri Lanka? Epitom Consulting. 

https://epitom.wordpress.com/2013/08/16/loyalty-marketing-does-it-matter-in-sri-lanka/   

Ramaboa, K. and Das, A. (2015). Drivers of SMS marketing for loyalty card holders in South 

Africa. 27th Annual SAIMS Conference (pp. 16-37). 

https://www.researchgate.net/profile/Michael-

Lueck/publication/281836028_Student_Travel_Decisions_An_International_Comparative

_Perspective/links/55fa7e6608aeafc8ac3b440e/Student-Travel-Decisions-An-

International-Comparative-Perspective.pdf#page=16  

Riegger, A., Klein, J., Merfeld, K. and Henkel, S. (2021). Technology-enabled personalization in 

retail stores: Understanding drivers and barriers. Journal of Business Research, 123, 140-155. 

https://doi.org/10.1016/j.jbusres.2020.09.039  

Samarasinghe, G. D., Suwandaarachchi, C. M., & Ekanayaka, E. M. S. T. (2016). Impact of social 

media on business performance: empirical study on apparel fashion brand retailers in Sri Lanka pp. 91-

97). NCTM. https://www.semanticscholar.org/paper/Impact-of-Social-Media-on-

Business-Performance%3A-on-Samarasinghe-

Suwandaarachchi/be144659952cedd4c070c3dbd3177c14b110911e  

Samarasinghe, U. (2016 April 13-16). The influence of social media marketing on customer loyalty towards 

clothing stores (pp. 59-68). NCTM 2016 Annual Meeting and Exposition. San Francisco. 

http://hdl.handle.net/11295/98631
http://www.rgjournals.com/index.php/ijse/article/view/443/227
https://www.proquest.com/docview/2090328166/abstract/31E46886B7A24D0FPQ/1?accountid=15588
https://www.proquest.com/docview/2090328166/abstract/31E46886B7A24D0FPQ/1?accountid=15588
http://archives.dailynews.lk/2010/08/20/bus17.asp
http://archive.cmb.ac.lk:8080/research/bitstream/70130/2230/1/40.pdf
https://epitom.wordpress.com/2013/08/16/loyalty-marketing-does-it-matter-in-sri-lanka/
https://www.researchgate.net/profile/Michael-Lueck/publication/281836028_Student_Travel_Decisions_An_International_Comparative_Perspective/links/55fa7e6608aeafc8ac3b440e/Student-Travel-Decisions-An-International-Comparative-Perspective.pdf#page=16
https://www.researchgate.net/profile/Michael-Lueck/publication/281836028_Student_Travel_Decisions_An_International_Comparative_Perspective/links/55fa7e6608aeafc8ac3b440e/Student-Travel-Decisions-An-International-Comparative-Perspective.pdf#page=16
https://www.researchgate.net/profile/Michael-Lueck/publication/281836028_Student_Travel_Decisions_An_International_Comparative_Perspective/links/55fa7e6608aeafc8ac3b440e/Student-Travel-Decisions-An-International-Comparative-Perspective.pdf#page=16
https://www.researchgate.net/profile/Michael-Lueck/publication/281836028_Student_Travel_Decisions_An_International_Comparative_Perspective/links/55fa7e6608aeafc8ac3b440e/Student-Travel-Decisions-An-International-Comparative-Perspective.pdf#page=16
https://doi.org/10.1016/j.jbusres.2020.09.039
https://www.semanticscholar.org/paper/Impact-of-Social-Media-on-Business-Performance%3A-on-Samarasinghe-Suwandaarachchi/be144659952cedd4c070c3dbd3177c14b110911e
https://www.semanticscholar.org/paper/Impact-of-Social-Media-on-Business-Performance%3A-on-Samarasinghe-Suwandaarachchi/be144659952cedd4c070c3dbd3177c14b110911e
https://www.semanticscholar.org/paper/Impact-of-Social-Media-on-Business-Performance%3A-on-Samarasinghe-Suwandaarachchi/be144659952cedd4c070c3dbd3177c14b110911e


 

- 42 - 

 

https://www.researchgate.net/publication/314051294_The_Influence_of_Social_Media_

Marketing_on_Customer_Loyalty_towards_Clothing_Stores  

SAP Hybris (2015). The contextual marketing imperative. Forrester. https://silo.tips/download/the-

contextual-marketing-imperative-the-evolution-of-personalization-from-push-m  

Schreiner, T., Rese, A., & Baier, D. (2019). Multichannel personalization: Identifying consumer 

preferences for product recommendations in advertisements across different media 

channels. Journal of Retailing and Consumer Services, 48, 87-99. 

https://doi.org/10.1016/j.jretconser.2019.02.010  

Sharma, R. B., & Sahni, M. M. (2018). Exploring contact points of interactive media in context of 

fashion market: A qualitative study. Journal of Business and Retail Management Research, 12(3), 

261-269. 

Shmueli, G., Bruce, P. C., Yahav, I., Patel, N. R., & Lichtendahl Jr, K. C. (2017). Data mining for 

business analytics: concepts, techniques, and applications in R. John Wiley & Sons. 

Silva, E. S., Hassani, H., & Madsen, D. Ø. (2019). Big Data in fashion: transforming the retail 

sector. Journal of Business Strategy. 41 (4), 21-27. https://doi.org/10.1108/JBS-04-2019-0062  

Stalidis, G., & Diamantaras, K. (2019, July 12). Offers just for you: intelligent recommendation of 

personalised offers employing multidimensional statistical models [Conference session]. 7th 

International Conference of Contemporary Marketing Issues (pp. 327-329). Heraklion, 

Greace  

Stathopoulou, A., & Balabanis, G. (2016). The effects of loyalty programs on customer 

satisfaction, trust, and loyalty toward high-and low-end fashion retailers. Journal of Business 

Research, 69(12), 5801-5808. 

Statistics Solutions. (2022a). Cronbach’s Alpha - Statistics Solutions. 

https://www.statisticssolutions.com/cronbachs-alpha/  

Statistics Solutions. (2022b).  Ordinal Regression- Statistics Solutions. 

https://www.statisticssolutions.com/free-resources/directory-of-statistical-

analyses/ordinal-regression/  

Stone, M., Bearman, D., Butscher, S. A., Gilbert, D., Crick, P., & Moffett, T. (2003). The effect of 

retail customer loyalty schemes—Detailed measurement or transforming marketing?. Journal 

of Targeting, Measurement and Analysis for Marketing, 12(3), 305-318. 

Survey Systems (2022). Sample size calculator. https://www.surveysystem.com/sscalc.htm. 

Tera Data (2015). Teradata 2015 global data-driven marketing survey: progressing toward true 

individualization. Forbes Insights.  

https://images.forbes.com/forbesinsights/StudyPDFs/Teradata-Data_Driven_Marketing-

REPORT.pdf  

https://www.researchgate.net/publication/314051294_The_Influence_of_Social_Media_Marketing_on_Customer_Loyalty_towards_Clothing_Stores
https://www.researchgate.net/publication/314051294_The_Influence_of_Social_Media_Marketing_on_Customer_Loyalty_towards_Clothing_Stores
https://silo.tips/download/the-contextual-marketing-imperative-the-evolution-of-personalization-from-push-m
https://silo.tips/download/the-contextual-marketing-imperative-the-evolution-of-personalization-from-push-m
https://doi.org/10.1016/j.jretconser.2019.02.010
https://doi.org/10.1108/JBS-04-2019-0062
https://www.statisticssolutions.com/cronbachs-alpha/
https://www.statisticssolutions.com/free-resources/directory-of-statistical-analyses/ordinal-regression/
https://www.statisticssolutions.com/free-resources/directory-of-statistical-analyses/ordinal-regression/
https://images.forbes.com/forbesinsights/StudyPDFs/Teradata-Data_Driven_Marketing-REPORT.pdf
https://images.forbes.com/forbesinsights/StudyPDFs/Teradata-Data_Driven_Marketing-REPORT.pdf


Sri Lanka Journal of Management Studies | Volume 4 - Issue I, June 2022 

 

- 43 - 

 

Weeraratne, B. (2015). Text-bombs of unsolicited promotional messages: Do consumers have 

control over their personal inform. Daily FT. http://www.ft.lk/article/437707/Text-

bombs-of-unsolicited-promotional-messages--Do-consumers-have-control-over-their-

personal-information  

Wijesiri, L. (2016). Market segmentation leads to a solid and loyal customer base. Daily Mirror. 

Available from http://www.dailymirror.lk/105449/Market-segmentation-leads-to-a-solid-

and-loyal-customer-base  

Woo, J. Y., Bae, S. M., & Park, S. C. (2005). Visualization method for customer targeting using 

customer map. Expert Systems with Applications, 28(4), 763-772. 

Yang, A. X. (2004). How to develop new approaches to RFM segmentation. Journal of Targeting, 

Measurement and Analysis for Marketing, 13(1), 50-60. 

Yapaa, Y. and Kennedy, F. (2020). Impact of loyalty programmes on brand loyalty (With special 

reference to Dialog Axiata and Mobitel Company in Badulla District). The Journal of Business 

Studies, 4(2), 55-69.  

Zamil, A., Adwan, A. and Vasista, T. (2020). Enhancing customer loyalty with market basket 

analysis using innovative methods: A python implementation approach. International Journal 

of Innovation, Creativity and Change, 14(2), 1351 - 1368.  

 

Appendix  

Appendix 1. Scope: Industry Classification 

As per the international standard industrial classification, Class ‘4771-Retail sales of 

readymade garments’ were selected for the respective scope which is under the group of ‘477- 

Retail sale of clothing, footwear and leather articles in specialized stores. However, other classes 

under the same group such 4772, 4773 and 4774 were excluded as depicted below, 
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Figure 6. Scope: Industry Classification 

 

Furthermore, other related groups and classes such as the followings were excluded, 

• 4641 - Wholesale of textiles, clothing and footwear 

• 4751 - Retail sale of textiles in specialized stores: This class includes retail sale of fabrics, 

knitting yarn, basic materials for rug, tapestry or embroidery making, retail sale of textiles, 

retail sale of haberdashery (needles, sewing thread etc. 

• 4782 - Retail sale via stalls and markets of textiles, clothing and footwear 

 

(Source: Department of Economic and Social Affairs, 2008) 
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Appendix 2. Operationalization 

 

                                                                   Table 12. Operationalization 

Concept Variable Indicator Source(s) Measure Questions 

Dependent 
Variable 

Effectiveness of 
the promotional 
communication 

Relevance 

 
(Ferguson and Hlavinka, 2008), 

(Hutchinson et al., 2015), 
(Kimari, 2016), (Nandi and 
Mittal, 2013), (Ramaboa and 

Das, 2015) 

1-5 Likert 
Scale 

9 

Personaliz 

-ation 

 
(Dekimpe, Geyskens and 

Gielens, 2019), (Silva, Hassani 
and Madsen, 2019), (Riegger et 

al., 2021) 
 

10 

Fatigue 

 
(Ahmed, 2018), (Bies, 

Bronnenberg and Gijsbrechts, 
2021), (Daniel, 2015), (Nandi 

and Mittal, 2013), (Perera, 
2010), (Silva, Hassani and 

Madsen, 2019), (Smita, 2018) 
 

11 

 
 
 
 

 

 
Availability 

 
(Allaway et al., 2006), (Byrom, 

2001), (Ferguson and Hlavinka, 
2008), (Yapaa and Kennedy, 

 

 
12 
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Independent 
Variable 

 

 

 

Loyalty-card data 
utilization 

2020)  

 

 

 

 

1-5 Likert 
Scale 

Usage 

 
(Allaway et al., 2006), (Byrom, 
2001), (Hassani and Madsen, 

2019), (Kumar, 2019), 
(Malamidou, Spyropoulos and 

Rotsios, 2018), (Pieris and 
Udunuwara, 2012), (Ramaboa 

and Das, 2015)    

13 

Utilization 

 
(Malamidou, Spyropoulos and 
Rotsios, 2018), (Ramaboa and 
Das, 2015), (Silva, Hassani and 

Madsen, 2019) 
 

14 

Potential 

 
(Alshurideh, 2019), (Byrom, 

2001), (Donnelly et al., 2012), 
(Ferguson and Hlavinka, 2008), 

(Hutchinson et al., 2015), 
(Ramaboa and Das, 2015), 
(Smita, 2018), (Stalidis and 

Diamantaras, 2019), 
(Stathopoulou and Balabanis 

2016), (Stone et al., 2003), 
(Yapaa and Kennedy, 2020). 

 

15 

 

 
Gap 

 
(Daniel, 2015), (Dekimpe, 

Geyskens and Gielens, 2019), 
(Hutchinson et al., 2015), 

 

 
16 
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Past Purchase 
Data Utilization 

(Kim, Kim and Park, 2010), 
(Nandi and Mittal, 2013), 

(Riegger et al., 2021), (Tera 
Data, 2015). 

 

 

 

 

 

1-5 Likert 
Scale 

Utilization 

 
(Dekimpe, Geyskens and 

Gielens, 2019), (Donnelly et al., 
2015), (Hutchinson et al., 
2015), (Nandi and Mittal, 

2013). 
 

 

17 

Potential 

 
(Allaway et al., 2006), (Byrom, 

2001), (Ferguson and Hlavinka, 
2008), (Kadir and Achyar, 

2019), (Kumar et al., 2013), 
(Malamidou, Spyropoulos and 

Rotsios, 2018), (Schreiner, 
Rese and Baier, 2019), (Silva, 
Hassani and Madsen, 2019). 

 

 

18 

Dynamic 
Customer 

Segmentation 

Differentiation 

 
(Allaway et al., 2006), (Cedrola 
and Memmo, 2010), (Donnelly 

et al., 2015), (Ferguson and 
Hlavinka, 2008), (Hutchinson 
et al., 2015), (Kimar, 2016), 

(Lind et al., 2016), (Malamidou, 
Spyropoulos and Rotsios, 

2018). 
 

 

 

 

 

 

1-5 Likert 
Scale 

 

 

19 

Granularity   
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(Beeck and Toporowski, 2017), 
(Cedrola and Memmo, 2010), 
(Donnelly et al., 2015), (Kadir 

and Achyar, 2019), (Kimar, 
2016), (Lind et al., 2016), 

(Malamidou, Spyropoulos and 
Rotsios, 2018). (SAP Hybris, 
2015), (Ramaboa and Das, 
2015), (Riegger et al., 2021) 

 

20 

Timeliness 

 
(Allaway et al., 2006), 

(Donnelly et al., 2015), (Kimar, 
2016), (Lind et al., 2016), 
(Nandi and Mittal, 2013), 

(Riegger et al., 2021).  
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