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We assess the usefulness of Analytics in an SME organization, identify models that are best suited for the 

available information for Customer Development and propose meaningful suggestions to the business to 

effectively improve their CRM initiatives. We used the case of a small financial services firm that brokers 

products of multiple insurance organizations in India, to determine how customer information can be used, to 

increase marketing returns. Our findings show how marketing organization can use internet technologies, social 

media and analytics to plan alternative CRM strategies that will derive improved performance of marketing 

initiatives. 
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1. Introduction 
Background 
The Micro, Small and Medium Enterprises (MSME) play an important role in the Indian economy. They 

provide large employment opportunities, comparatively have lower capital cost than large industries and 

complement large industries by being their ancillary units. Their contribution to socio-economic development of 

the country is very significant. The contribution of MSMEs in GDP is 6.11% in Manufacturing Sector, 24.63% 

in Services sector, 33.40% in manufacturing sector output and 45% in exports, thus becoming a key sector for 

the economy, both in manufacturing and services. (Government of India MSME Annual Report 2016-17) 

The bulk of the MSMEs in India are owned as private proprietorships (87%). Among the rest, 0.91% are 

private partnerships, 0.42% as private companies, 0.51% as private self-help groups, 0.22% as private co-

operatives and 2.2% under non-profit institutions (Government of India MSME Annual Report 2016-17). 

MSMEs in India are defined on the basis of investment as per the MSMED Act, 2006. The present investment 

limits is as under: 

 

 

** Source: MSME India Annual Report 2016-17. Government of India. www.msme.gov.in 

 

Customer relation management (CRM) transforms transaction based sales into relationship based sales. It can 

be summarized as a mechanism to understand and serve their needs better by building a strong and durable 

relationship with the customer. It is the strategy for building, managing, and (Chorianopoulos 2016, El Sawy 

and Bowles, 1997, Ling & Yen 2001). CRM provides a competitive edge to MSMEs and levels the playing field 

for them as they compete against large enterprises.  

A successful requirement of CRM requires customer data and information technology (IT) tools. Available 

technology advances allows organizations to collect large amounts of data with complex interrelations. They 

contain information that is latent and yet pertinent to building customer relationships. Analyzing this data will 

allows organizations to unfold new opportunities and create better competitive strategies (Berson et al. 2002, 

Chen et al 2013). Contemporary technological advances have provided organizations, increased availability of 

data and access to advanced IT technologies (Ngai, 2005) 

 

Research Problem 
There is little evidence to suggest that MSMEs implement CRM as a strategic tool to increase profitability. This 

paper uses a case study to explore why the use of CRM and analytics are restricted in MSMEs. We identified a 

few small insurance service firms who broker the products of multiple large insurance organizations in India. 
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The entrepreneurs who run these firms are called agents of the Principal insurance companies. We analyzed the 

small firms to assess 

1. What customer data was collected 

2. How customer data was used 

3. What CRM initiatives were undertaken 

4. What constraints were faced by entrepreneurs 

5. How new technologies were utilized, and  

6. What analytical models could be used?  

 

Significance of the Study 
Traditionally, MSMEs have a close relationship with their customers. The smaller size, of the SME allows for 

increased interaction with the customer. This increases the MSME‟s knowledge of the customer‟s buying 

behavior. MSMEs have used the interaction and closeness intuitively to create a competitive advantage and 

succeed in the face of competition from large organizations.  

Larger organizations combine big data and analytics to get a comprehensive understanding of their customers 

and predict their buying behavior. This enables them to improve their marketing strategies (Ogbuokiri, B.O. et 

al, 2015). If MSMEs do not respond to this threat, they will lose one of their chief success factors and face a 

threat to their sustainability 

Additionally, businesses that are driven by data perform better than non-data driven competitors. MSMEs that 

adopt data driven strategies will find increased competitive success. 

 

Previous Knowledge 
SMEs gain their space in market by bringing in domain specialization and often are not in forefront when it 

comes to adoption of technological and business management trends due to multiple reasons, viz., lack of 

understanding, infrastructure limitations, shortage of in-house specialists, business case affordability in hiring 

external help to address gaps in technology adoption among others (S. Coleman et al, 2008) 

The Micro, Small and Medium Enterprises (MSME) contribution to economies have been well documented 

(Beck T et al, 2005, Culkin and Smith 2000). Despite their importance to economies and their contribution, the 

MSME sector continues to be plagued by constraints on performance owing to technological changes, 

competitive pressures, capital inadequacy as well as lack of strategic planning (Jocumsen G, 2002) 

SMEs typically tend to have orientation towards operational aspects of business, primarily short-term, rather 

than focusing on long term planning and decision making. Their decisions are largely driven by pragmatic 

intuition than academic principles (Mazzarol, 2015) 

 

Expected Outcome 

We expect our findings to show how marketing organization can use internet technologies, social media and 

analytics to plan alternative CRM strategies that will derive improved performance of marketing initiatives. 

 

2. Literature Review 
CRM is used by practitioners for different purposes. It is defined and referred in literature in several different 

ways (Winer, 2001). The benefits of CRM are multiple, such as continuous engagement, increased customer 

loyalty leading to retention of customer, and reduced churn (Barnes, 1994; Berry, 1983; Palmer 1995). 

Practitioners use CRM to strengthen the company‟s engagement with customer, to build a close and long-term 

relationship with the customer (Park and Kim, 2003)  

Several researchers including (Seifert, 2004; Swift 2001) apportion CRM into following four dimensions, viz. 

1. Customer Identification; 

2. Customer Attraction; 

3. Customer Retention; 

4. Customer Development. 

Customer Identification is described as the process of analyzing the customer, followed by segmenting them 

and finally targeting the customer most relevant to the organization in terms of profitability or other factors 

(Ngai et al, 2009). 

Customer Attraction is the process (Ngai et al, 2009) of directing efforts and resources towards motivating 

customers to buy the organization‟s products (Liao & Chen, 2004; Prinzie & Poel, 2005). A major element of 

this dimension is Direct Marketing. 

Customer Retention includes all the efforts to increase the share of each customer and prevent them from going 

to the competition using methods to manage complaints and continued loyalty. Elements such as One to One 

marketing also enhance customer retention  
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Customer Development involves expanding the size of the customer‟s transaction value using techniques to 

calculate a customer‟s lifetime value (LTV), identifying product associations between commonly bought 

products (Market Basket Analysis) and up/cross selling. Our study focuses on the first two dimensions, 

Customer Identification and Customer Attraction for SME organizations in India. 

Technological advancements like Internet, Social Media, and Mobile etc have increased the opportunities for 

organizations to communicate directly with customer on one-on-one basis (Van Den Poel & Buckinx, 2005). 

While it is easier to reach customers on one-on-one basis in this technology era, it is important for organizations 

to share, information or offer, that is relevant for customer, and thus, have a high response probability (Baesens 

et al, 2004) 

Marketers carry out direct marketing initiatives through various media, like Social media - email/Facebook, 

telemarketing and other direct channels, to communicate with their prospects, customers and partners, in order 

to identify and attract customers and thus improve customer acquisition, develop customers through promoting 

add-on products and retain customers by effectively managing their complaints, improve loyalty and prevent 

churn. These initiatives, when not refined, can lead to a huge waste of resources. Development of Targeted 

Marketing campaigns are facilitated by the use of Data mining and classification (propensity) models 

(Chorianopoulos, Antonios, 2016). These models help efficiently attract the relevant customer segments. To find 

target, customers, current and future, have to be analyzed and segmented based on the available information. 

Information needs that help in classification/segmentation are typically, the customer characteristics, their 

values and their needs, like, demographics, psychographics, usage and behavioral (Weinstein, 2004).  

Segmentation needs to happen before customers can be targeted. Segmentation is defined as the subdivision 

of a large group of customers into smaller groups based on their similarities with respect to their needs, 

preferences, buying behavior and other factors related to the purchase of the specific product (Weinstein, 2004). 

In reality, it is about knowing the organization‟s customers; what they want and what they do not and then 

working on building a strong relationship that satisfies their needs (Weinstein 2004). This knowledge comes 

from information about the customer. Park and Kim (2003) classified Customer information into following 3 

types, viz. 

1. Information of the customer,  

2. Information for the customer and  

3. Information by the “customer” 

Organizations collect „of the customer‟ type from transaction data. This information points to patterns, 

frequency, recency, size of purchasing behavior. It is widely collected and the systems can be easily 

implemented. This information plays a key role in targeting the customer. 

Organizations provide information for the customer, which help the latter in making purchase decisions. This 

information is provided through marketing media such as email and other digital marketing sources. 

The feedback that customers provide is termed as „by the customer‟. This includes complaints, needs, 

suggestions and appreciation. 

Based on information characteristics, Customer data can be classified into three types, viz., customer 

characteristics, customer needs and customer value (Park and Kim, 2003). Transactional data yields Customer 

value. Demographic, Socioeconomic and psychographics reveal customer characteristics and the level of 

customer satisfaction or dissatisfaction provides information about customer needs (Woo et al, 2005). 

Segmentation based customer target selection models, divide the customers into several groups based on 

similarity in relevant features. The problem still remains on identifying segments or clusters, members of data in 

which, have, homogeneity of properties within the group and heterogeneity between the groups. Since each 

customer can have several properties (demographic, psychographic or behavioral), sometimes over hundred, the 

variety of structures thus obtained can be without bound. It is therefore clear that (i) one cannot have universally 

applicable criterion for clustering or similarity measure, and (ii) choice of a particular criterion will be open to 

question due to its subjective nature. (Bezdek, JC, 1981). 

Traditional data driven techniques use training data to identify relevant features. However, the need for 

sufficient and up-to-date training data to ensure a proper targeting by the resulting model can be costly. No 

matter how clustering methods are categorized, some exceptions will ensue and generalization of such models 

are not always possible. (Setnes, M., & Kaymak, U.,2001) 

Targeting is the process of selecting the customer who will provide or has the potential to provide the highest 

profitability (Ji, Sung and Sang 2005). Often companies keep a database of transactions. This database includes 

customers who have either bought the company‟s products in the past. If companies can determine which of 

their customers are likely to buy again; they could concentrate their targeting effort on a smaller group. The 

usual practice is to identify the parameters, which will demonstrate profitability or likelihood of purchase and 

then to evaluate each customer from the segment against a cut-off based on the said parameters. Customers that 

pass the cut-off are identified as the target customer.  
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While there are several approaches in target selection, the „budget constraint‟ approach presents an interesting 

problem. This approach involves using a predictive model to rank the customers on the basis of the cost to 

approach them as a percent of the total budget (Blattberg et al 2009, p 271). A company will often be very keen 

to maximize their profit and minimize the cost and is likely to make one of the following two kinds of error, 

especially when budgets are limited. A “Type I Error” where they target a customer who is not really profitable 

and a “Type II Error” where they fail to target a customer who would have been profitable. It is not possible to 

decrease one without increasing the other. One method to establish a balance between both the errors is to use 

the RFM framework (Asllani and Halstead 2011). The RFM framework uses R = recency, F = frequency and M 

= monetary value of past purchases to predict future buying behavior 

 

3. Method 
Semi Structured Interview 

The design for the study employs semi structured interviews of insurance agents and Development Officers 

(DOs) and statistical analysis of customer data from insurance agents. Several factors contributed to the 

preference of semi-structured interviews over other qualitative methods.  

 

1. The time available to conduct surveys was limited and it was likely that there would not be enough 

qualified responses 

2. The attitudes, values and behavior of the agents were not comprehensively understood by the researchers to 

frame questions  

3. The respondents had varied academic and sales backgrounds. Some respondents were not familiar with 

written English as compared to other respondents 

4. 4. Prior research has revealed that respondents exhibit higher enthusiasm when participating in interviews 

as compared to Questionnaires. (Barbell et al, 1994) 

Also, previous research validated that semi-structured interviews can both overcome poor response rates 

(Austin 1981) and enable exploration of the beliefs and motives of respondents (Richardson et al. 1965, Smith 

1975) 

 

The Process 
1. Pilot semi-structured interviews were undertaken on an individual basis with a few agents and DOs to 

understand  

• The background of the company,  

• The sales process,  

• Training given by the company,  

• The extent of use of CRM techniques,  

• Agents‟ technological savvy and  

• Other unexplored facets. 

2. The next round of interviews were conducted in a group structure. 3-4 DOs were invited to share their 

perceptions and opinions, in one sitting. Several sittings were planned to meet over 20 DOs. Time and 

location factors constrained the number of sittings to two (2). 

3. Similar semi-structured group interviews were conducted with 4-6 agents in one sitting. Three sittings were 

conducted. 

4. The study met with 9 DOs and 20 agents 

 

The Structure 
The interviews had certain structured questions. The wording and sequence of questions were not the same for 

every respondent. They were changed to suit the respondent‟s language, level of education and understanding of 

sales and marketing terminology. The interviews were organized to ensure that the following concepts were 

equivalently raised with each respondent 

1. Was the entrepreneur aware of CRM and Analytics? 

2. Was the entrepreneur encouraged by the umbrella organization? 

3. If the entrepreneur was aware what tools did they employ 

4. What constraints did they face? 

5. Did they measure the benefits and the impact? 

 

4. Data Analysis 
We used the CRISP-DM approach for analyzing data. The CRISP-DM consists of the six steps Business 
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Understanding, Data Understanding, Data Preparation, Modeling, Evaluation and Deployment (Chorianopoulos 

2016). 

1. Business Understanding: This is the first step and it sets the direction for the project by setting a Business 

Objective. Availability of resources and constraints are evaluated and accordingly a project plan is created. 

2. Data Understanding: This phase considers what data is necessary, its characteristics, and its availability. 

Often visualization tools are adopted to evaluate the data quality in other words, its integrity and accuracy. 

This step allows the researcher to identify potential problems with data 

3. Data Preparation: This step involves formatting the data for modeling. This comprises cleaning the data, 

accounting for, deriving new variables from the original variables and transforming it into a format that is 

best suited for the requirements. 

4. Modeling: This phase involves choosing a relevant model. Alternative models are evaluated for 

performance, and, some settings are tweaked to acquire the best performance. 

5. Evaluation: In this phase the models are compared in quantitative and qualitative dimensions. The model 

that best address the business objectives is selected and readied for deployment.  

6. Deployment: In this phase the results are applied to the business‟ operations and activities. In some cases 

reporting the results is in itself considered deployment. When the results are incorporated into the decision 

making process of the enterprise, the analysis provides profitability. Ideally, maintenance, review and next 

steps are also considered in this phase. (Wirth, 2000, Chorianopoulos 2016) 

The CRISP-DM approach is considered to be very comprehensive and flexible. It has been considered as a 

standard by several researchers and organizations. It can be adapted to various Data Analytics projects. 

The two models frequently used in the CRM are RFM model and clustering. To analyze the case below we 

have combined both these models for a RFM based customer segmentation. 

 

RFM Model 
RFM is one of the most popular marketing method used to analyze how well a customer is associated with your 

business. RFM model can be used to understand how recent a customer is engaged, how frequently a customer 

is engaged and how valuable the customer is for business. Using the RFM model, customers can be segmented 

to different groups and based on the segmentation a personalized service can be extended to the existing 

customers. Jo-Ting Wei et al. (2010) studied how RFM can help identify valuable customers and develop 

effective marketing strategy for both profit and not-for profit organizations.  

 

Clustering using RFM 
Clustering is one of the frequently used unsupervised data mining method frequently used for customer 

segmentation. Different customer attributes like demographic, financial and educational are used to segment the 

customer to different classes so that personalized services can be provided based on their need. The clustering 

mechanism can also be combined with RFM analysis by considering RFM variables as an input to clustering 

model. We can also combine weighted RFM model variables to the clustering for better segmentation. This 

combined approach is very common seen in practice to improve Customer Relationship Management. One of 

the commonly used clustering method is K-Means Algorithm which uses a partitioning cluster algorithm by 

grouping the attributes of n vectors into k partitions. The value of k is pre-defined based based on the 

researcher's prior experience.  

 

5. Case Analysis 
Description 

We have taken a case study approach in this section to demonstrate how a simple RFM model can be applied on 

the real-world data collected from an Insurance Agent.  

 

Data Understanding 

The dataset used in this case study was provided by a third-party Insurance Agency, whose principal is one of 

the largest life insurance provider in India. The data been collected based on their internal transaction database.  

The data consist of a Master data base with customer details as well as a detail policy history of about 3000 

customers. The master data includes many details about customer like group id, personal id demographic 

variables such as age, gender, marital status, education level, and source of income, income and geographic 

region. It also includes health details and nominee details. The policy details include policy holders name, group 

head name, date of birth of policy holder, default date, premium, sum assured, insurance term, payment term 

etc. Both the data files are related to each other by the group id, usually group id is representative of the head of 

the family who usually purchase the insurance policies in the name of family members. Each family member 

who possesses an insurance will have his/her personal id. A policy can belong to a person who is part of a group 

or may be an individual entity. 
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Data Preparation 
In data mining process, the most time-consuming process is the data preparation. It requires data understanding, 

data integration, data cleaning, outlier handling, missing value handling, dimensionality reduction, 

normalization and discretization. From the master data and policy data we removed the unnecessary data 

attributes like name, address, email, and telephone numbers as these are not appropriate to be used in the data 

mining. Few attributes been transferred to other meaningful attributes for our model building like from date of 

birth we derived the age in years and from the payment term been derived from the term maturity payment term 

field. The total premium that policy holder will pay is derived from premium paid and the total number of 

premiums to be paid by the policy holder. We calculated recency by calculating time interval between the last 

transaction date and present day for each customer. Similarly frequency was derived by finding the number of 

polices purchased by a group and monetary value was derived by calculating the total premium amount to be 

paid by policy holder, considering the amounts paid till date and the future payments as well. 

 

Policy Master 
Table 1 An example Data from Policy Master and Policy Details 

Group Gender Personal Code Age Qualification Income Sources Occupation Annual Income Service Period ….. 

1008 F 3 35 B.Sc. (IT) Salary Self Employed 120000 4 ….. 

1029 M 1 78 B.E. Salary Project Manager 1500000 2 ….. 

1046 M 3 78 BBA Business Business 120000 2 ….. 

1156 F 2 78 M.A. B.Ed. Salary Teacher 300000 1 ….. 

1121 F 2 59 B.com Salary Management 120000 5 ….. 

….. ….. …..   ….. ….. ….. ….. ….. ….. 

 

Policy Details 
Table 2 An Example of RFM Values 

Group Comm_Date Pl_TM_PT Status Md Premium Sum Term Rider Critical Illness Tax_Ben ….. 

1138 3/28/2016 833/17/14 Lapsed H 3778 100000 100000 100000 N ….. 

1138 3/28/2016 833/18/15 Red.Paidup H 3593 100000 100000 100000 N ….. 

1138 3/28/2016 833/19/16 Inforce H 3383 100000 100000 100000 Y ….. 

1138 3/28/2016 833/15/12 Inforce H 5269 120000 120000 120000 N ….. 

1138 3/28/2016 833/16/13 Red.Paidup H 4464 110000 110000 110000 Y ….. 

….. ….. ….. ….. ….. ….. ….. ….. ….. ….. ….. 

 

Model Development 

RFM Analysis  

We ranked group policy holders by considering their recency score, frequency score and monetary value score. 

These scores represent the RFM score. Higher value of recency, frequency and monetary score means high 

RFM score and vice versa. The Table 2 below shows the R-F-M values of some customers after RFM analysis. 

From the RFM table we can infer that policy holders of group 1000 has R-F-M values 1-1-2. This group has not 

been very active in buying polices and not even brought any policy recently. We can also infer from the R-F-M 

score that the customer has not brought any policy with high monetary value. Similarly, we can infer from the 

RFM table that policy holder of group 1003 has recently purchased policies with higher monetary value and a 

frequent buyer. 

 
Table 3 Overview of Cluster and RFM Pattern 

Group Recency Frequency Monetary Recency Score Frequency Score Monetary Score RFM Score 

1000 5121 1 60000 1 1 2 170 

1001 264 3 300000 8 3 4 990 

1002 2097 14 3150210 5 4 5 750 

1003 115 56 13585004 9 4 5 1150 

1004 5170 1 9795 1 1 1 160 

….. ….. ….. ….. ….. ….. ….. ….. 
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Figure 1 Distribution of Recency, Frequency and Monetary Value 

 

Customer Segmentation 
We have conducted a K-Means clustering to group customers with similar recency, frequency and monitory 

value. We have set the number of clusters to eight as that could be a good possible combination for recency, 

frequency and monetary inputs. The customer segments been evaluated based on their last transaction (recency), 

purchase frequency (frequency) and total speeding capacity (monetary scores) and grouped accordingly. The 

eight customer groups include best customer, spenders, potential customers, average customers, uncertain 

customers, and customers most likely to be churned. The below chart and table shows the RFM pattern, size of 

the cluster and predictor importance. While cluster C-1 contains the maximum number of customers (17.6%), C-

6(9.4%) includes the minimum. C-6 is considered as best customer as they are currently well associated with 

business with decent frequency and monetary value, hence with highest RFM score. 

 

 

 

 
 

Cluster C-8 customers have a high recency score with an above average monetary score and hence are a 

potential customer group for more exploration. This group could be turned to be a high value customer group. 

Similarly cluster C-5(11.2%) is very high recency score with above average monetary value, this group can be 

considered as first time buyers and can be converted to potential customers. Cluster C-4(14%) is the group of 

customers with high spend capacity and high recency score, it seems a new group of customers that can 

potentially be leveraged for more business and the focus should to retain them. As this group‟s monetary score 

is very high this group could be highly profitable customer. From the table, we can also infer that Customers in 

C-3 have made an above average number of purchases with a frequency score of two, with above average 

monetary values but with a low recency value; this implies a valuable customer group with less number of 

recent purchase and a target group to be engaged again or will result in potential churn. Target marketing efforts 

with these customers need to involve engaging them through direct contacts like meeting in person, sending 

email, questionnaires to understand their low recency and to plan a customer reactivation program by providing 

them personalized promotions thus enabling conversion into profitable customers again. 
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6. Discussion 
Major Findings 

The study was aimed to understand the following 

1. Why the use of analytics and CRM is restricted in MSMEs in India,  

2. What constraints are faced by MSMEs in the adoption of analytics and CRM, 

3. How MSMEs use technology, social media and analytics and, 

4. The results of the analysis done on the data available with the MSME 

 

Based on the semi-structured interviews several findings emerged.  

1. Most agents had adopted this profession due to ease of entry and did not have a well-defined plan. It was 

mentioned by several agents that this was not their first choice and had started only because they had failed 

at other assignments or ventures. 

2. Most agents were satisfied with limited returns and did not seek growth. Respondents often expressed that 

they did not desire to increase their efforts on their own.  

3. Many agents did not possess entrepreneurial skills or the entrepreneurial drive to take additional 

responsibilities and risks 

4. Most agents adopted a transactional approach instead of a relational approach to sales. They are focusing 

primarily on selling individual products from principal. They do not understand customers‟ need 

comprehensively to put together a solution for the same based on various products from the principal. 

5. Many agents did not see the value of analytics and CRM tools 

6. Third party tools were available and most agents used limited features of the same 

7. Not all information about customer were captured into the Third party tool owing to time and resource 

constraints 

8. Most agents were not aware of usefulness of Social media tools and their role in CRM 

9. The parent company did not provide enough support in the form of training or education in CRM and 

analytics 

10. There was no evidence of usefulness of information captured by parent company for the agents‟ CRM 

needs 

 

Below were the significant findings obtained from the Data Analysis 

1. From the case analysis, we observed RFM methods helps in precise segmentation and provides targets for 

customer development and customer retention leading to additional sales and growth for the MSME in 

study. 

2. Developing Customer groups C-5 and C-8 with relevant solutions can help increase the frequency as well as 

the monetary value and more share of customer‟s wallet 

3. Target marketing and Customer Development initiatives can help increase the share of wallet from 

Customer group C-4 

4. Customer Group C-3 has shown tendency to churn with lapses of their existing policies as well as lack of 

repeat purchases. Customer Retention initiatives have to be taken place by the MSME. Proper customer 

complaints management as well as Awareness Campaigns and Customer Loyalty programs should be 

mooted to ensure that such customers don‟t go away from the business 

 

Significance of the Findings 
The study helped to understand the following 

1. The entrepreneurs of the MSMEs need to be educated on the value of CRM initiatives and analytics 

2. Despite limited deployment of CRM practices, data collection effort and use of Social Media tools, this 

study has shown that use of Analytics will help MSMEs to retain and grow their customer base and hence 

the business 

3. Use of Social Media tools by MSMEs will enhance their returns from CRM and analytics efforts  

4. RFM analysis shows the clusters with high recency and monetary value are most likely to purchase 

repeatedly and hence should be engaged as the chief targets for the agents 

 

7. Limitations of the Study 
There are several limitations with this study. Chiefly, it considered only one industry and limited geography. 

The data from the entrepreneurs was incomplete. Key inputs of customer like Income source, Income, 

Occupation, Qualification, Service duration, family size, and tax benefit were missing. Availability of such 

information can help in better clustering, better understand Lifetime Value (LTV) of customer and thus help 

improved targeting as well as provide proper solutions to customers.  

This also explains why agents are engaging in transactional sales and not creating solutions for the customers. 
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The paper also used only RFM and k-means Clustering methods given the details available from their 

transactional database. Use of other Analytic methods, analysis and impact of the results to CRM initiatives of 

MSME could not be carried out due to information and time constraints. 

 

Areas of Further Research 

In the recent years, open source communities are developing tools that are affordable or free and can be used by 

MSMEs with no technical or programming knowledge. 

Tools like R, Python, Rapid Miner and others provide intuitive graphical user interfaces and facilitate faster 

adoption (Fan, W., Bifet, A, 2013). Research needs to be carried out to assess the feasibility and adoption of 

such technologies by MSMEs. 

There is also scope of future research, to combine information captured in the transactional system of 

entrepreneurs as well as social media or publicly available information, about customer, to develop better 

models, to further CRM initiatives 

Use of emerging concepts like Analytics as a Service (Aass) need to be researched to find out how they can 

potentially address the resource and know-how constraints of MSMEs and how they can be helpful for their 

CRM initiatives. 

Additional studies are required to assess the impact of other statistical and analytical methods on CRM 

dimensions. 

MSMEs from other sectors and geographies to be studied  

 

8. Conclusion 
There is little research to explore why MSMEs do not adopt Analytics to the extent that large organizations do. 

This study aimed to understand the reasons and the constraints for the non-adoption. The study reveals that 

MSMEs face one or more constraints that are not applicable to large organizations. They may not have the 

awareness, will, skills, resources or the capital for a successful implementation. The respondents of this case 

study also revealed a lack of entrepreneurial drive which will not be applicable to other MSMEs. Analytics and 

CRM provide wisdom only when the captured data is substantial, comprehensive and relevant. Remarkably, 

knowledge and wisdom that is intuitively gathered by MSMEs are not captured through formal mechanisms. 

This inhibits deeper analysis of the data and MSMEs are deprived of intelligence which not only reduces their 

competitive edge but also reduces their sustainability. The case study has highlighted the usefulness of Analytics 

for MSME, though limited, despite the constraints of information availability and thus can be used by MSME to 

enhance their business. 

There are limited offerings in the market to encourage MSMEs to utilize social media and other tools to 

undertake pertinent data collection and analysis. There are a few ventures that provide Information as a Service 

and Analytics as a Service. When they reach a critical mass, MSMEs will be better equipped to adopt Analytics 

and CRM in a meaningful way and level the playing field with larger organizations  

The chief limitation of this study is that it has looked at only one industry in a limited geography. Additional 

research for MSMEs in other industries and other geographies will confirm the findings of this study and reveal 

other facets of the problem 
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