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Abstract

Online retailing in India has shown remarkable growth in the recent years.
Despite having a low internet penetration rate of 34.5%, India has the second
largest number of internet users in the world after China. Given the growing
importance of the online retail industry in India and its diverse set of sensitiv-
ities and region wise socio-psychological barriers, it is imperative for retailers
to understand customer shopping preferences. In this paper, we attempt to
understand various factors influencing the online buying behavior of Indian
customers in different product categories, across geographic locations in In-
dia. Also, we developed and validated the Random Forest prediction model
for each identified product category, to understand if the Indian online shop-
ping market is ready for these product categories or the traditional channel is
preferred over by customer. A questionnaire based survey is used to collected
data from 124 Indian respondents from 18 states of India. The survey cap-
tured from both offline and online shopping environment to aggregate under-
standing of customers’ shopping preferences. The high Sensitivity (above
85%) of the Random Forest model for Books and Electronics categories sug-
gests inclination of purchase intension of customer towards online shopping.
Retailers can use this model to predict the buying behavior of customers based
on the location. However, for product categories like Movies, Sports equip-
ment and Handbags, the high value of Specificity signifies the model predic-
tion towards offline purchase intensions. So for these product categories re-
tailers may like to focus more on customer services at retail stores.
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Online Purchase Intention, Prior Online Purchase Experience, Geographical
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1. Introduction

With the advent of electronic medium of information, today’s customers are ex-
cessively aware of their choices and what they demand is a high quality product
at rock bottom prices. With constant connectivity, customers browse products
online and then buy it from physical store or conversely, check the product
physically before completing the online purchase ([1] [2]). The customers’ ac-
tion from product enquiry to ensuing purchase often involves multiple shopping
channels ([3]). They maximize their shopping utility by comprehensively consi-
dering all possible alternatives across all possible channels.

In the context of developed economies, there is the significant number of re-
search studies done on factors influencing the shopping pattern among the cus-
tomers. The factors like, shopping preferences, prior experience of online shop-
ping have shown significant effects on purchase orientation ([4] [5] [6] [7]).
However, the relevance of these findings is required to be validated in Indian
context.

As on June 30, 2017, India has significant low internet penetration rate of
34.4% percent as compared to UK (94.8%), Japan (94%), Germany (89.6%), USA
(87.9%), Italy (86.7%), Thailand (83.5%), Russia (76.4%), Iran (70%) [8]. Despite
having such a low internet penetration rate, India has the second largest number
of internet users (462 millions) in the world after China. India’s count of inter-
net users has been increasing at a CAGR of 35 percent from 2007. From 100 mil-
lion users in 2010, the number touched to 462 million users by June 2017 ([8]).
This large internet base will have a direct impact in the Indian internet shop-
ping.

The Indian e-commerce market has region-wise dissimilarity. Tier-I cities like
Bangalore, Mumbai and Delhi have the higher share of online purchase than the
tier-II cities such as Ahmedabad, Chandigarh, Bhubaneswar, Kozhikode ([9]).
Also, South India buys online more than North India (Contribution to overall e-
commerce sales is South India-41%, North India-32%, West India-21%, East,
North East-6%). As the e-commerce penetration is yet to mature in India, dis-
parity among the geographical locations has been the predominant influence on
customer online purchase intention. Culturally, India has its own unique set of
sensitivities and region wise socio-psychological barriers, which is equally perti-
nent in e-commerce business, especially in context to offline shopping ([10]).

Due to these diverse customer shopping preferences, Indian retailers face im-
mense challenge in serving both online and off-line channels’ efficiently ([11]).
This challenge further aggravates when the product wise acceptance of these on-
line and offline channels bring uncertainty. Therefore, in order to maximize the
profit lines through the online and off line market, first and foremost, retailers
need to have a clear understanding of the Indian online users’ preferences, atti-
tude and outlook within the framework of socio-economical, technical and en-
vironmental system. It is thus required to empirically investigate the factors im-

pacting the buying behavior of Indian customers in different locational set-ups
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across India. Also, it is required that the findings which are established in de-
veloped economies setup are to be validated in Indian context to identify the
dissimilarities.

In this paper, our goal is to understand various factors influencing the online
buying behavior of Indian customers in different product categories across dif-
ferent states of India. Also, we endeavored to identify consumer behavior influ-
ence on multi-channel retailer to understand if the Indian online shopping
market is ready for these identified product categories or the traditional channel
is preferred over by the customer. So accordingly geography wise retailers could
decide upon to focus their efforts on online, offline or on both the channels.

Keeping above aspects on Indian e-commerce industry, we attempted to pro-
vide unique insights into the Indian online consumer’s preferences, attitude and
outlook by empirically deliberating upon the determinants of their online pur-
chase intentions. We developed these preferences with Random Forest Model to
bring insights on retailers’ strategies for different product categories based on
geographic location.

The remainder of this article is organized as follows. First, we provide a brief
overview of the literature, deriving our conceptual framework and factors im-
pacting the online behaviour of consumers. Then, we describe our study’s me-
thodology. Using Random Forest modelling, we test our data from online and
offline consumers in the context of selected product categories. Finally, we dis-

cuss the results and their implications for theory and practice.

2. Literature Review and Theoretical Background

There is a growing requirement for theories, new knowledge of determinants
and their inter-relationships to depict the behavior of Internet consumer. This
understanding may help retailers to work on the matter of customer relations,
marketing strategy and in turn the overall business strategy ([12] [13] [14]).
Several studies ([3] [4] [5] [6] [15] [16]) have focused on shopping orientation
of customers that brings insights into understanding the emergence of internet
retailing in the different countries. In the context of developed countries, these
studies have stated that the shopping orientation of the customer has significant
impact on purchase intention. Conversion of the preference into final purchase
is the final consequence of a number of various factors in an online shopping
context. Furthermore, for understanding the behavioural mind-set of online
shopping customer, retailers are continually trying to explore the factors of cus-
tomer online purchase intention, prior online purchase experience and trust on
online shopping structure ([4] [7]) have significant influence e-commerce mar-
kets. [4] [15] specified the importance of the effect of demographic factors like
age, gender, education, location and the like factors on adoption of customer
online purchase. Also, ([17] [18]) mentioned about the slow transition was visi-
ble in the younger age group (21 - 35 years) which later scaled up with mush-

rooming of number of e-commence websites, where the responsiveness and in-
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teractive web sites provide them more opportunities for customized products.
However, the validation of these findings in Indian context requires an in-depth
empirical research. Moreover, given the diversity of India, the validation is re-
quired on cultural, social economic, infrastructural differences as well as their
impact on product wise preferences of the customers.

If we glimpse into the Indian e-commerce sector, we can find that with rapid
increase in the number of internet users and robust investment in the sector, In-
dia is expected to become the world’s fastest growing e-commerce market. It is
expected that Indian retail market will grow at a Compound Annual Growth
Rate (CAGR) of 12 per cent from the US$ 641 billion in 2016 to US$ 1.6 trillion
by 2026 ([19]). Indian retail market is divided into “Organised Retail Market”
which is valued at $60 billion which is only 9 per cent of the total sector and
Unorganised Retail Market constitutes the rest 91 per cent of the sector ([9]).
According to a study conducted by Federation of Indian Chambers of Com-
merce and Industry (FICCI) and Indian Institute of Foreign Trade (IIFT), total
potential of Business to. Indian e-commerce sales are expected to reach US$ 120
billion, by 2020 from US$ 30 billion in 2016 ([9] [19]). Further, India’s e-com-
merce market is expected to reach US$ 220 billion in terms of gross merchandise
value and 530 million shoppers by 2025, led by faster speeds on reliable telecom
networks, faster adoption of online services and better variety as well as conven-
ience ([9] [19]).

There are obvious reasons for such phenomenal growth in Indian e-com-
merce market like-raising per capita income of the middle class, busy schedules
of working professionals, convenience of online shopping, changes in the sup-
porting ecosystem, 3G, 4G services, launch of schemes like digital India by the
Government of India, electronic medium encouragement from banks, public
services, railways ([9]). Also, an inadequately developed distribution network in
terms of supply chain has also contributed towards increasing online users in
smaller cities to go online for shopping ([10]). However, there are few concerns
also when it comes to the usage of e-commerce platform like, low average broad-
band speed and flat average internet speed, online payment landscape marred by
low penetration of credit and debit cards, high failure rate of online payment
transactions and most importantly the security issues. Probably that is the rea-
son, though a majority of customers search for information on product catego-
ries online but relatively a smaller percentage of them actually buy online (Vaz-
quez et al., 2009).

Select studies in Indian context have focused on shopping orientation of cus-
tomers that brings insights into understanding the emergence of internet retail-
ing. [20] mentioned in their studies that socio-psychological factors and infra-
structure are influential factors, while the perceived risk and gender level behav-
iour of male and female also impact the online buying behaviour. [21] and [22]
found that Indian students’ intention to purchase online is influenced by utili-

tarian value, attitude toward online shopping, availability of information, and
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hedonic values. Their study was confined to college going students. A trend
analysis on the online shopping in India by [23], points out that there is a grow-
ing awareness of getting more information through websites. There is an in-
creasing trend of using Internet for booking tickets, buying books and music but
the scene has not transformed dramatically in case of India. Kiran et al (2008)
mentioned that In India there is a growing awareness of getting more informa-
tion through websites, however, when it comes to buying online, the scene has
not transformed dramatically in case of India. [24] studied the mediatory influ-
ence of online trust. Table 1 presents the factors considered for the study.

[25] suggested the retailer can optimize both profits of internet and traditional
channel, without changing any change in traditional channel price, but that will
result in less profit to the internet channel. In the similar line, [26] also reiterated
that that the manufacturer can keep the wholesale price same as before and
change retail price to optimize profits. The strategy to keep the retail price and
wholesale price only when the e-tail channel is relatively hard to reach or not
very convenient. Moreover, [27] presented that traditional retailers have the
highest prices, followed by multichannel retailers, and pure play e-retailers.

Although a lot of research has gone into the models for direct retail channel
and a distribution channel, a little has been mentioned about determining the
demand from the customer end for a direct e-retail channel. To the best of our
knowledge, there is no significant scholarly research that focuses on the retailers
strategies based on the interplay of factors influencing Indian consumers’ online
purchase intentions. According to [28], the online buying behavior of products
differs from location to location. Thus, location is another factor which requires
attention and was adequately addressed in the earlier research. This research has
increased the scope of demographic range ie. this research is applicable on a
much wider range of people than the current literature considered in Indian
context.

Underpinning Theories It is important to note that for the purpose of this
study to empirically test construct and relationships in Indian Context, rather
than inclusion of conceptual approaches. The observational field study that used

survey research method to collect information over a period of six months

Table 1. Identified factors having causal impact on consumer buying behavior.

Demographics Behavioral Experience
Age Information search Years of internet use
Occupation Hedonic shopping motive ~ Cash on delivery preference
Gender Online purchase intention Years of e-commerce use
Factors
Marital status Utilitarian shopping motive Past purchase count
Income Attitude Trust propensity
Geography Hours of daily internet use

Source. ([4] [5] [6] [9] [15] [16] [18] [20] [21] [22] [23] [24])
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during November 2016-April 2017, was situational grounded on contextual
idiosyncrasies. By conducting an in-depth investigation of the relationship
among the factors, we intended to elaborate the theory of reasoned action (TRA)
under the framework of consumer behavior. This provides a relatively simple
basis for identifying where and how to target consumers’ behavioral change at-
tempts. The TRA family theories include the Theory of Planned Behaviour
(TPB) ([29]), the Technology Acceptance Model (TAM) and the Unified Theory
of Acceptance and Use of Technology (UTAUT) ([30] [31]).

As the consumer behavior literature suggest, customers are more likely to buy
from a store that has a positive image on considerations like price or customer
service. Over many years, this is an approach that has been demonstrated for
traditional stores and shopping centers ([32] [33]). Intentions are the conse-
quence of attitudes which has an influence of social aspects ([34]). Since online
shopping is emerging over time, still in India online purchases are perceived as
riskier than online ones and an online shopper therefore relies profoundly on
experience qualities acquired through prior purchase ([35]). As subjective norm
and attitude and cannot be the exclusive factors of behavior where an individu-
al’s control over the behavior is incomplete, the TPB implies to improve on the
TRA by adding “perceived behavioral control” defined as the ease or difficulty
that the person perceives of performing the behavior. The resource-based view
(RBV) of the firm has been widely used in retail management research ([36]
[37]). This theory is suitable for investigating the effects of people, technology,
and information resources across service delivery systems ([38]).

The ontological position of this research is constructionism whereby we ac-
cept that the need and desire to make profits by retailers is built on the twin logic
of enhanced customer service and customer satisfaction as the dominant out-
come. Additionally, Equity Theory suggests that customers who perceive delive-
ry of service quality of a retailer in conjunction with product quality are likely to
attribute greater influence to the relationship with that retailer. The epistemo-
logical standing of this research is the critical realism in a sense that we recog-
nize the need to identify the customer requirement and develop retailer strate-
gies that provide optimum customer satisfaction. We sought situational groun-
dedness using the conceptual framework with elaborated theoretical abstraction
([39]). This approach allowed us to explain and predict online consumer beha-
vior in India and decision-making process of consumers, in general, and to ex-
amine the online behavior from the retailer perspective.

We have explored the determinants of customer online purchase intention for
understanding the online shopping preferences, attitude and outlook. Therefore,
in this paper, we attempt to examine impact of different product categories on
customer purchase intention in the Indian context. Also, the study includes a
proxy factor for location that is Geography or the state that the customers belong
to. Thus, the study will be applicable to people from a larger part of India. This

study includes a total of 18 factors their impact on eight product categories.
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Thus, objectives of our study are:

1) To empirically test the impact of various factors influencing the online
buying behavior of Indian customers in different product categories across geo-
graphical locations in India; and

2) To develop a Random Forest prediction model for each identified product
category to categorize the customers preferences between online or offline pur-

chase, and thus, retailers may modify their strategies accordingly.

3. Research Methodology

After careful examination of e-commerce websites namely—Flipkart, Amazon,
Snapdeal and Quikr, a limited number of product categories of retail sector are
chosen as the context of this study. These product categories are characterized
by product attributes for which a continuum of information (from very less to
too much) can be gathered prior to purchase. Also, these product categories are
ranged from low to high involvement items, and consumers are typically en-
gaged in a problem-solving task of no complexity to moderate or high complex-
ity.

Following are the categories identified for the study:

1) Books;

2) Movies, Games & Music;

3) Electronics;

4) Home & Kitchen;

5) Sports & Fitness;

6) Jewelry;

7) Handbag and Luggage;

8) Cars & Bike.

A questionnaire based survey was chosen as a data collection instrument. The
questionnaire was prepared by considering the aforementioned literature. The
first part of the questionnaire had questions on demographic details like gender,
age group, education level, income Geography. The second part focused on as-
pects like, information search, purchase intensions, attitude, and shopping mo-
tive, experience with ecommerce, device and mode of payment. Each of these
question was presented as a five-point Likert scaled-response question with 1
being “strongly disagree” to 5 “strongly agree”. The questionnaire is pre-tested
by five PhD students and two professors with marketing and domain expertise
to get their view on understandability, relevance and order of questions. Fur-
thermore, the pilot test was conducted with thirty MBA students. Based on the
suggestions, a few changes were done in the questionnaire. After incorporating
these changes, the questionnaire was reviewed by the same two professors for
the comments and finally, 8 product category, 18 variable were selected.

Respondents were screened for their age and their level of purchase expe-
rience with selected product categories. We invited the respondent proved to be

eligible for the study (that is, he/she must be over 18 years, and should have

DOI: 10.4236/tel.2018.83032

454 Theoretical Economics Letters


https://doi.org/10.4236/tel.2018.83032

R. Joshi et al.

purchased at least once among the product categories product online or offline
in the last six months). The questionnaire administered to the respondent to
cover all strata of consumers. The online survey as well as paper survey method
was chosen to cover more geographic area in terms of reaching out to the target
sample, time, and cost. The final sample consisted of data from 124 consumers
from 18 states. Table 2 shows the characteristics of respondents.

Random Forest Method (RFM) is used to establish the causal relationship
among the factors determining the online purchasing behavior. [40] proposed
the RFM that is a collaborative method that fits many classifications of trees re-
sampled by the bootstrap method and then combines the predictions from all
the trees. To achieve good prediction ability RFM uses variable importance to
find the smallest set of predictor variables ([41] [42] [43]). RFM has gained some
attention in past decade. We preferred RFM over logistic regression as unlike the
logistic regression, tree-based methods do not assume a pre-specified relation-
ship between the response and predictors. A tree-based method generates pri-
marily the classification tree on the predictor variables constructed by recursive-
ly partitioning the data into successively more homogeneous subsets with re-
spect to the variables of interest ([44]). Unlike logistic regression, where a statis-
tical model that was likely to have generated that data is specified by the re-
searcher prior to estimation, no “model” in the conventional sense is generated by
Random Forests. Also, logistic regression analyses demonstrate the importance of
each predictor to be able to explain the outcome variable. The odds ratios which is
an important statistic in logistic regression does not provide information about
relative priorities or importance among the predictive variables ([45]).

Random Forest Method is used where each tree is built based on recursive
partitioning, and the prediction is made on the average of an ensemble of trees
rather than of a single tree. Random forest trees generate predominantly the

classification tree on the predictor variables, created by recursively partitioning

Table 2. Characteristics of the respondents.

Measure Items Frequency Percentage Measure Items Frequency Percentage
Gender Male 73 58.87  Occupation Household 32 25.81
Female 51 41.13 Professional 65 52.42
Student 27 21.77
Age 18 -24 43 34.68
25-34 51 41.13 Income less ;Iian ! 18 14.52
35-44 23 18.55 1L-4L 24 19.35
Above 44 7 5.65 4L-8L 45 36.29
8L-10L 23 18.55
Marital status Married 47 37.90 Above 10 L 14 11.29
Single 77 62.10 1 L* = 0.1 Million Rupees (1 USD = Rupees 65)
DOI: 10.4236/tel.2018.83032 455 Theoretical Economics Letters
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the data into sequentially more homogeneous subsets pertaining to the variables
of interest (44). Further, the most discriminative variable is chosen to partition
the dataset into subsets, and partitioning is continually repetitive until the nodes
are homogeneous. The output is a tree diagram where with the splitting rules
determines the branches with series of terminal nodes containing the response
frequency. The Gini criterion is used to denote the decrease in the node impurity
function. The Gini index is one of the most commonly used tree-building crite-
ria to measure node impurity for categorical target values. The Gini index meas-
ures purity of data, which equals 0 for a pure node. The Gini index can be ob-
tained by where 2 is a relative frequency of class jin a node.
r
- 2
Gini index =1 ,Z:; P

The data received was cleaned and imputations were carried out to fill the
missing data. The data was divided into the eight datasets, each containing one
dependent variable corresponding to the 8 research questions. The eight random
forest models were used to determine the impact of factors on predicting the on-
line purchasing behavior for all the eight product categories. R software is used
to perform all the operations on data including imputations, analysis and Figure
creation. ROCR' curve was seen to determine the cut-off probability for the pre-
diction. Lift curve was seen to determine the benefit the model gives us when we
are targeting customers. The random forest models could also predict the prob-
ability of a customer with the specific characteristics purchasing the product

from the specific category online.

4. Analysis and Finding
4.1. Data Treatment and Imputations

Although most of the survey was filled correctly, there were some questions
which either the respondents did not want to fill or they did not remember the
required details, e.g. one of the question was “When was your first online pur-
chase made”. Around 7% of the respondents did not remember even the ap-
proximate year for their first online purchase. Some of the respondents did not
want to reveal their annual income, thus some kind of imputation was required
before the development of the prediction model. Imputations were carried out to
fill the missing data with data points. “Multiple Imputations by chained equa-
tions” were used to fill in the missing data. There were multiple types of data.
The following treatment was used for different level of measurement:

1) Continuous numerical variables (like age): Predictive mean mapping
(PMM);

2) Binary variables (Like COD option): Logistic Regression Imputations;

'ROCR is a flexible tool for creating cutoff-parameterized 2D performance curves by freely combin-
ing two from over 25 performance measures. Curves from different cross-validation or bootstrap-
ping runs can be averaged by different methods, and standard deviations, standard errors or box
plots can be used to visualize the variability across the runs.
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3) Variables with multiple options (Like State): Bayesian polytomous regres-
sion.

We ensure that the missing data is random in nature and the missing values
are not forming a pattern with other variables. We saw that no discernable con-
nection was present among the missing values. We plotted “First online pur-
chase year” variable with the variable “age”. We saw that for lower ages, the
“First online purchase year” variable is missing. The peak comes at around an
age of 25 - 27. However, no logical explanation could be made regarding this
behavior. Also, since those missing values were less in number, we proceeded
with the imputation using MICE (Multiple Imputations using Chained Equa-
tions). After imputations, the plausibility of the imputations was checked by
going over the imputations and making sure that they were within the range of
the other data in the variables. Table 2 presents the characteristics of the re-
spondents.

As required in Random Forest Model, the data was converted either in nu-
merical or binary format. The character variables like, “States” were converted
into the dummy variables. For instance, if the respondent provides an input as
“Maharashtra” for the variable State, the binary values 1 is assigned against
“Maharastra” and for all other responses for State are assigned with 0. Random
forest algorithm is used to split the data set into a Training dataset (70% of data)
and Validation dataset (the remaining 30 % of data). The eight datasets were
created with eight dependent variables to run the model. The model is built on

training datasets and tested on validation datasets.

4.2. Model Development

4.2.1. Category 1: Books

1) Random Forest Model (RFM)

As discussed above the data is split into Training dataset and Validation data-
set and the Random Forest model is built on the training dataset with indepen-
dent variable as “Books”. The model is built using maximization of the decrease
in Gini Score. After every iterative step the preference of the variables was de-
cided based on the Gini Score. Figure 1 shows the plot for Random Forest mod-
el in the category “Books” with the mean decrease in Gini factor. We can see that
for the category “Books”, Occupation is the most important factor for deter-
mining if a customer will purchase books online, followed by the geographical
location (the State) and the Annual Income of the customer. The Random Forest
model is built on 86 data points and Table 3 shows the confusion matrix for the
training dataset.

Table 3 shows the predicted values generated by the Random Forest model
and is compared with the actual values present in the training data set. The con-
fusion matrix for training dataset depicts 24 actual positive values (online buying
preference) that the model has predicted accurately. Also there are 9 actual neg-

ative values (off line buying preference) that model has predicted accurately. So
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Figure 1. Books random forest plot.

Table 3. Confusion matrix for the training dataset versus validation dataset for RFM.

Actual data

No Yes
Model prediction
No 9 2
Yes 11 64
Training data set
Actual data
No Yes
Model validation
No 5 3
Yes 8 22

Validation data set (Cut-off 0.5)

out of 86 data points 73 are predicted correctly by the Random Forest model.
The accuracy rate of the model is around 85%. However, if we talk about the er-
ror of the prediction model, we can see that 13 data point (11 Negative values
that model predicted positive and 2 positive values that model predicted nega-
tive) are predicted inaccurately Thus, this model is fairly performing well if we
wish to focus on people who are willing to go for the online retail channel but
not good otherwise.

Now we need to determine the performance of the predicted model using the
Receiver Operator Characteristic Curve (ROC Curve). Figure 2 shows the ROC
curve for the variable “Books”.

The ROC curve has three axes. It plots the curve between True Positive Rate
and False Positive Rate and the third axis represents the Area under Curve

(AUC). True positive rate is the percent of positive values that the model is able
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Figure 2. Books ROC curve plot.

to predict accurately of the total positive values actually present in the dataset
(i.e total number of “Yes” that the model has predicted accurately divided by the
total number of actual “Yes” in the training dataset. Likewise, the False positive
rate is the percent of positive values that the model predicts falsely of the total
negative values (Ze. total number of “No” that the model has predicted falsely
divided by the total number of actual “no” present in the dataset). An ideal
model has maximum true positive rate and minimum false positive rate. The
third axis depicts the cumulative probability which is used for deciding the cut-
off probability and is represented by shade of colors. By default, the model con-
siders 0.5 as the cut-off probability. So, according to the model prediction, if the
probability of buying online by a customer is greater than 0.5, the customer is
classified as “purchasing online”, if it is less than 0.5, the customer is classified as
“not purchasing online”. With the help of ROC curve we decide on the changing
the cut-off probability. The probability at which the true positive rate is maxi-
mum and true negative rate is minimum is to be taken as the cut-off probability.

In the “Books” category, we see that there is no clear point where we can keep
a cut-off probability which will demarcate a high true positive rate and a low
false positive rate. The ROC curve suggests a cut-off probability of 0.5 as fairly
satisfying. The cut-off probability 0.5 will come near the center of the plot where
the true positive rate is more than the false positive rate. When we run the algo-
rithm on the validation dataset, we get the result provided in Table 4. This is
very similar to our training dataset result. We see a good performance when it
comes to predicting the people who are willing to buy from the online channel,
but we the result is not favorable in predicting the people who are not willing to

shift. Table 4 provides the performance of the model.

4.2.2. Product Category 2: Movies, Music & Games
2) Random Forest Model for Movies, Music & Games
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Table 4. Model performance-random forest for books.

False Positive Rate 61.54%

False Negative Rate 11.68%
Sensitivity (True Positive Rate) 88.32%
Specificity (True Negative Rate) 38.46%
Error 15.11%

Now in the same sequence, the Random forest model is built for the training
dataset with independent variable category namely “Movies, Music & Games”.
The model was built by maximizing the decrease in Gini Score after every itera-
tive step ie. the preference of the variables was decided based on Gini Score.
Based on the mean decreasing Gini score, Figure 3 shows the plot for Random
Forest model for the product category “Movies, Music & Games”.

We see that for “Movies, Music & Games” product category, the location
(State from where the respondent belong to) is the most important factor for
determining if a customer is willing towards the online purchase of “Movies,
Music & Games”, which is followed by Annual income and the Year of e-com-
merce usage. Table 5 shows the model prediction for the training dataset.

Table 5 compares the predicted values from the Random Forest model with
the actual values from the training dataset. Here, we see that the model accu-
rately predicted the respondents who are not willing to buy from online channel.
However, the model has not performed well in capturing the online behavior of
the respondents. The accuracy rate of the prediction model is around 65%. Thus,
this model is moderately good if we only want to capture customers who are
willing to go for the offline channel purchase. This result is exactly opposite to
the one we observed in the product category “Books”. To determine the perfor-
mance of the prediction model we use ROC curve. The ROC Curve is shown be-
low in Figure 4.

In this ROC curve, we see that from a false positive rate of 0.1 to 0.4, there is
no change in true positive rate, thus, we have to avoid that area. We can see the
faint blue/green line where the true positive rate is particularly high as compared
to false positive rate. The exact cut-off probability is found by experimentation.
At the default cut-off probability of 0.5, the true positive rate is specifically low,
thus, we try increasing the cut-off probability to 0.38 instead of 0.5. The result is
checked on the validation data. The value of 0.38 is decided after continuous ex-
perimentation with different values of the cut-off probability. When we run the
algorithm on the validation dataset, after changing the cut-off probability to
0.62, we get the result shown in Table 5. Based on running the Random Forest
algorithm on the validation dataset, the performance of the model is determined

as shown in Table 6.

4.2.3. Product Category 3: Electronics Items
3) Random Forest Model

DOI: 10.4236/tel.2018.83032

460 Theoretical Economics Letters


https://doi.org/10.4236/tel.2018.83032

R. Joshi et al.

m.rf

state
annual_income o
first_item °
hours_daily
trust

past_purchase_count
years_internet

age
utilitarian_shopping motive o
hedonic_shopping_motive o
online_purchase-intention o
information_search o
attitude °
cod 4
pref_device °°
occupation o

gender o)

marital_status T T T T T T T

0.0 0.5 1.0 1.5 2.0 2.5 3.0

MeanDecreaseGini

Figure 3. Movies, music & games random forest plot.
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Figure 4. Movies, music & games roc curve plot.

Next, the Random Forest model is built for the training data set with inde-
pendent variable as “Electronics”. The model was developed by maximizing the
decrease in Gini Score after every iterative step. Figure 5 is the plot for Random
Forest model in electronics:

According to the mean decrease in Gini score of the prediction model, the
most significant factors affecting purchase behavior are, past purchase count,
Location (the State respondent belonged to) and Years of internet usage. Also,
the annual income has significant impact on the purchase behavior. Following is
the confusion matrix (Table 7) for the product category.

The training dataset based Random Forest model depicts that the respondents
who are willing to buy from online channel. The accuracy rate of the prediction
model is around 87%. Figure 6 shows the ROC Curve to determine the model

performance.
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Table 5. Confusion matrix for movie, music & games.

Actual data
No Yes
Model prediction
No 24 9
Yes 3 1
Training data set
Actual data
No Yes
Model validation
No 54 22
Yes 8 2

Validated data set (Cut-off to 0.62)

Table 6. Model performance-random forest for movies, music & games.

False positive rate 6.38%

False negative rate 90.91%
Sensitivity (True positive rate) 9.09%
Specificity (True negative rate) 93.62%
Error 34.88%

Table 7. Confusion matrix for electronics item.

Actual data
No Yes
Model prediction
No 4 9
Yes 2 71
Training data set
Actual data
No Yes
Model validation
No 2 4
Yes 1 31
Validated data set

In this ROC curve, we can observe that at cut-off probability of 0.5, the true
positive rate and false positive rate are significantly high. Ideally, a model like
this doesn’t really form unless there is some specific issue with it. Here we see
that for a cut-off probability of 0.5, the false positive rate is specifically high,
thus, we try increasing the cut-off probability to 0.65 instead of 0.5. It is corres-

ponding to the faint green line. The result is tested on the validation data. When
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Figure 6. Electronics ROC curve plot.

we run the algorithm on the validation dataset, we get the following result shown
in Table 7. This result is very similar to the result for our training data which
further validates the model. After changing the cut-off probability to 0.68, no
significant change was observed. Thus, we see excellent performance when it
comes to predicting the people who are willing to buy from the online channel,
but we do not favorable while predicting the people who are not willing to shift.

Table 8 gives the performance of the model.

4.2.4. Product Category 4: Home Appliances

4) Random Forest Model

Random forest model was run for the dataset with independent variable,
Home Appliances. The model was built by maximizing the decrease in Gini
Score after every iterative step ie. the preference of the variables was decided

based on Gini Score. Figure 7 is the plot for Random Forest model in Home
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Table 8. Model performance-random forest for electronics.

False positive rate 33.36%
False negative rate 9.43%
Sensitivity (True positive rate) 90.57%
Specificity (True negative rate) 66.67%
Error 1.16%
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Figure 7. Home appliances random forest plot.

Appliances.

The plot suggest that the factor Location (the State respondent belonged to)
has the significant impact on the buying behavior in this category. Table 9
presents confusion matrix derived from the prediction model.

The prediction model suggests that we have predicted accurately around 78 %
of respondents who are willing to buy from online channel. The accuracy rate of
the prediction model is around 70%. The ROC Curve shows below in Figure 8.

Although ROC curve for home appliances is almost linear in nature. Here we
see that at a cut-off probability of 0.5, the false positive rate is high. When we
tried increasing the cut-off probability from 0.5 to 0.6, the light green line near
the middle of the plot showed no significant difference in the true positive rate
and the true negative rate. The result is further checked on the validation data.
When we run the algorithm on the validation dataset, we get the following re-
sult: This result is very similar to the result for our training data which further
validates the model. Thus, we can see excellent performance when it comes to
predicting the people who are willing to buy from the online channel, but the
model is not favorable while predicting the people who are not willing to shift.
Table 10 gives the performance of the model.

4.2.5. Product Category 5: Sports & Fitness
5) Random Forest Model
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Figure 8. Home Appliances ROC Curve Plot.

Table 9. Confusion matrix for home appliances.

Actual data
No Yes
Model prediction
No 8 15
Yes 10 53
Validated data set
Actual data
No Yes
Model validation
No 3 6
Yes 7 22

(Validated data set after cutoff at 0.6)

Table 10. Model performance-random forest for home appliances.

False Positive Rate 76.19%

False Negative Rate 18.92%
Sensitivity (True Positive Rate) 81.08%
Specificity (True Negative Rate) 23.81%
Error 29.06%

Now for the product category ‘Sports & Fitness”, the Random Forest model
was run for the training dataset. The model was built by maximizing the de-
crease in Gini Score after every iterative step ie. the preference of the variables
was decided based on Gini Score. Figure 9 is the plot for Random Forest model
in Sports category.

The top three factors affecting purchase behavior according to the model are
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the location (State), Years of e-commerce usage and Annual income. Following
is the confusion matrix, as shown in Table 11.

Here, we compare the predicted values with the actual values for the data.
Here, we see that we have predicted good number of the people who are willing
to buy from online channel properly, but we fail to capture those who are not
willing to buy from online channel. The accuracy rate is around 76.74%. Figure
10 depicts the ROC curve for Sports.

If we look at the cut-off probability of 0.5, we go to the top right of the Figure,
which is not really giving us any insights. Here we see that for a cut-off probabil-
ity of 0.5, the false positive rate is specifically high, thus, we try increasing the
cut-off probability to 0.7 instead of 0.5, which is near the center-right of the Fig-
ure, such that the sensitivity and false positive rate are optimized to the extent
possible. The result will be checked on the validation data. When we run the al-

gorithm on the validation dataset, we get the following result.
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Figure 9. Sports equipment random forest plot.
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Figure 10. Sports equipment ROC curve plot.
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This result is very similar to the result for our training data which further va-
lidates the model, after changing the cut-off probability to 0.6. Thus, the new
result is not satisfactory, but at least better than the one we got with cut-off

probability of 0.5. Table 12 gives the performance of the model:

4.2.6. Product Category 6: Handbags

6) Random Forest Model for Handbags

Now for the category Handbags, the model was built by maximizing the de-
crease in Gini Score after every iterative step ie. the preference of the variables
was decided based on Gini Score. Figure 11 is the plot for Random Forest model
in Handbags:

The top three factors affecting purchase behavior according to the model are
Location (State), Past purchase count and Annual income. Table 13 shows the
confusion matrix.

Here we see that our positive prediction is very good, but the negative predic-
tion is not extremely good. However, it is still better than targeting random
members from the audience. Figure 12 presents the ROCR Curve.

Here we see that for a cut-off probability of 0.5, the false positive rate is spe-
cifically high, thus, we try increasing the cut-off probability to 0.38 instead of
0.5. The result was checked on the validation data. When we run the algorithm
on the validation dataset, we get the result shown in Table 13. This result is very
similar to the result for our training data which further validates the model. Af-
ter changing the cut-off probability to 0.38, we got a better prediction model
than our previous prediction. Thus, this model performed fairly good to predict

Table 11. Confusion matrix for sports and fitness equipment.

No Yes
No 12 13
Yes 7 54

Training data set

No Yes
No 7 6
Yes 3 22

(Validated data set after cutoff at 0.6)

Table 12. Model performance-random forest for sports & fitness.

False positive rate 29.97%
False negative rate 21.43%
Sensitivity (True positive rate) 78.57%
Specificity (True negative rate) 70.03%
Error 15.52%
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Figure 11. Handbag random forest plot.
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Figure 12. Handbag ROC Curve Plot.

Table 13. Confusion matrix for the training dataset versus validated dataset for REM.

No Yes
No 23 22
Yes 11 30
Training data set
No Yes
No 11 9
Yes 4 14

(Validated data set after cutoff at 0.6)

people who are willing to purchase online, but for the ones who are not willing,

it does not perform that good. Table 14 gives the performance of the model:
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Table 14. Model performance-random forest for handbag & accessories.

False positive rate 26.67%

False negative rate 39.14%
Sensitivity (True positive rate) 60.86%
Specificity (True negative rate) 73.34%
Error 29.66%

4.2.7. Other Product Categories: Jewelry and Cars/Bikes
For the product category viz., Jewelry and Cars/bikes the result only suggested
that India is not ready for these two categories to go online.

5. Managerial Implication

This research establishes the product category wise impact of shopping motives,
location, prior online purchase experience and attitude on the Indian customer
purchase intention. The study has implications to online retailers, off line retail-
ers, brand and marketing managers, vendors and customers in India. Online and
Offline retailers specifically will be able to develop effective strategies to attract
customers based on their preferences.

Many researchers (citations) have studied the buying behavior of Indian con-
sumers and developed models to predict online buying behavior of Indian pop-
ulation. However, it may be observed that most of the studies are generic in na-
ture where the general online purchase behavior was considered for the study
but not for specific categories. In this paper we attempt to develop models that
can predict the buying behavior of Indian customer for different product catego-
ries. We used Random Forest Models (RFM) to develop the causal relationship
between the identified factors and their varied implication on purchase beha-
viors of Indian customers. In this study, RFM are developed for eight different
categories so that the prediction results could be more specific in nature and can
be applied to the explicit category instead of using a generic model for all prod-
ucts. Also, it may be observed that some of the researches done in Indian context
have very limited demographics variance (mostly done on students in a limited
geography). We tried to develop robust models with professional variability that
included students, households and professionals. Moreover, the geographical
location which is an important factor is inadequately addressed in literature es-
pecially in Indian context. Through our model we have established how impor-
tant the location is for determining online customer purchase behavior. The
causal impact of different factors on customer buying behavior in different
product categories varies and have diverse implication on retailers’ strategy. Ta-
ble 15 shows the top three significant factor in respective product categories. We
can see that Location is a very important factor that has significant impact on
product categories.

Table 16 depicts the overall performance of the model for predicting buying

DOI: 10.4236/tel.2018.83032

469 Theoretical Economics Letters


https://doi.org/10.4236/tel.2018.83032

R. Joshi et al.

behavior of customers for different product categories. The model performance
is divided into three scales namely, Good, Moderate and Bad, as per the level of
performance. The detailed understanding of the performance can be seen from
Table 17.

Table 17 compares the models for all the six categories based on six metrics:
True Positive Rate, True Negative Rate, False Positive Rate, False Negative Rate
and Error Rate. As discussed in earlier sections, the confusion matrix shows the
predicted values generated by the Random Forest model and is compared with
the actual values present in the training data set. The online buying preferences
the model predicted correctly represents True positive rate (TPR). However the
offline buying preference that model has predicted accurately signifies the True
negative rate (TNR). Both TPR and FPR contributed to the overall performance
of the Random Forest model. TPR is stated in terms of Sensitivity and TNR is
indicated as Specificity of the Model.

Sensitivity and specificity are the important characteristics of the Random

Table 15. Most significant factors to predict online purchase behavior.

Home Sports

Importance Books Movies Electronics . ' Handbags
appliances  equipment
. . # Items . X .
1 Occupation Location Location Location Location
purchased
. . No. of items # Items
2 Location Income Location Income
purchased purchased
Time using  Time using Time using
3 Income . Income Income
e-commerce internet e-commerce
Table 16. Model performance.
Home Sports

Books Movies Electronics Handbags Jewelry Cars/Bikes

appliances equipment

Predicting
peopl.e Good Bad Good Good Good Good
purchasing
online Market Market not
Predicting notready  ready
people
purchasing
offline

Good Good Bad Bad Moderate Moderate

Table 17. Detailed comparison of the model performance.

Home

Books Movies Electronics . Sports  Handbag
appliances
False positive rate 61.54% 6.38% 33.36% 76.19% 29.97%  26.67%
False negative rate 11.68% 90.91% 9.43% 18.92% 21.43%  39.14%
Sensitivity
.. 88.32%  9.09% 90.57% 81.08% 78.57%  60.86%
(true positive rate)
Specificit
pect {Cl ¥ 38.46% 93.62% 66.67% 23.81% 70.03%  73.34%
(true negative rate)
Error 15.11% 34.88% 1.16% 29.06% 15.52%  29.66%
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Forest model developed for different product categories. Sensitivity of the model
represents the percent of customers inclined towards online purchase that the
model is able to predict accurately. Likewise, the Specificity is the percent of of-
fline purchase behavior of customers that the model predicts correctly. As we
can see from Table 16 the Sensitivity of the Random forest model for Books and
Electronics categories is above 85%. Which can be considers as a good perfor-
mance for online purchase intension of customer. Retailers can use this model to
predict the buying behavior of customers based on the location. However, we
can also see that for product categories like Movies, Sports equipment and
Handbag categories the high value of Specificity signifies the model prediction
for off-line purchase intensions. So for these retailers may like to focus more on
customer service and satisfaction in physical store. The categories like Jewelry
and Cars/Bikes will absolutely not be received by the respondents for online
purchase in the coming future. If a firm intends to target an audience for their
product, it is acceptable if they send their advertisements to more people than
required, however, if they were to send it to less people and potentially lose some
customers, they may incur a huge opportunity cost. This model tries to do the
same, it predicts almost everyone who is willing to buy online, but for the ones
who are not, the error rate is a more.

A retailer may have a question: what is the chance that a person with an
online purchase behaviour prediction truly has the online purchase intension?
The model can run through the given values of the factors and the retailer may
calculate the probability of the customer buying behaviour. Thus, this research is
beneficial for retailer to determine if one should go for online channel or offline
channel or both. Further, the model helps in identifying which target segment
the retailers should focused on. At macro level, the top management could also
get insights on which geographies are the best for their online and offline chan-
nels.

Furthermore, the models can be created and stored in the database. To find if
the target audience will be attracted with the product offering of a particular
company, one can enter the characteristic of the target audience, and the model
will predict the likelihood of that audience actively purchasing the product. For
instance, Leather Handbags Limited, a hypothetical company is planning to start
an e-commerce application in Maharashtra, India. Their target audience is a
college going, unmarried student whose family has an annual income more than
10 Lac rupees (10 Lac = 1 Million; 1 Rs = 65 USD). The Random Forest model
prediction suggests that in Maharashtra, 40% of the people prefer to buy hand-
bags, 50% of students in Maharashtra prefer to purchase handbags and 100% of
the people in the defined annual income in those 50% of the students prefer
purchasing handbags. Thus, Maharashtra would be a good market to sell hand-
bags for that particular handbag manufacturer. As an alternate to that analysis
and data collection, one can enter the details in the model which will imme-

diately predict that handbags can be sold to a particular customer along with the
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likelihood of her purchasing the product through online application.

6. Conclusion and Future Research Suggestions

Today consumers are keen to maximize their shopping utility by comprehen-
sively considering all possible channels. With this diverse customer shopping
preferences, retailers face immense challenge in serving both online and off-line
channels efficiently. This problem further intensifies with the diverse social and
economic conditions in India. In this paper, we attempted to understand various
factors influencing the online buying behavior of Indian customers in different
product categories across the different States in India. Also, using Random For-
est model for each product category, we tried to establish consumer behavior in-
fluence on multi-channel retailer to understand if the Indian online shopping
market is ready for these identified product categories or the traditional channel
is preferred over by the customer.

In two ways, the paper contributes to the theoretical domain. First it estab-
lishes the influence of socio-psychological and economic factors upon the buy-
ing behavior of consumer. Second, it provides a thorough interplay of the factors
and their impact on online and offline buying behaviors in emerging economies
like India. Indian situation may echo to the situation in most of the Asian de-
veloping nations and similar solutions may apply there also ([46]). Mostly, in all
these countries, similar socio-economic practices prevail, and researchers may
take due observance of this fact. From a managerial perspective, the paper con-
tributes in two ways. First, the study provides product category wise Random
Forest models representing the percent of customers inclined towards online
and offline purchase. Second, retailers can use this model to predict the buying
behavior of customers based on the location and other local conditions.

Though the findings offer some new insights to many stakeholders in India
who are in business of online and offline retailing, the research has its own limi-
tations. Only 124 observations were taken and we could not have the data for all
the strata of the society. Also, the model will only work if the new data are within
the limits of the distributions. We created eight datasets with eight dependent
variables to run the model and the data were divided into training and validation
data with 70% and 30% share respectively. A bigger and comprehensive training
and validation dataset which includes respondents from all strata of life would
have been resulted in the efficient and robust model. The students and academi-
cians can use this research as a platform to further improve upon it. Also, varied
product categories can be included to further improve upon the models. The
factors like promotional pricing offers, quality, ease of return and brand orienta-
tion could also be considered in further studies.
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