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Measuring the Efficiency of Marketing Efforts in
the Indian Pharmaceutical Industry using Data
Envelopment Analysis
Mihir Dash*, Arunabhas Bose**, Samik Shome***, Shamim Mondal***,
Dennis J. Rajakumar***, Ramanna Shetty***,
Madhumita G. Majumdar****, Debashis Sengupta****
Abstract
Pharmaceutical companies have been spending
huge amount of money on marketing and promotions,
sales distribution, and travelling done by the sales
representatives. However, they find it difficult to directly
link the returns with these efforts. This study makes
an attempt to examine whether the marketing efforts
have significant influence on the sales performance in
the industry. It uses the DEA model (Data Envelopment
Analysis) to assess the efficiency of marketing efforts
by pharmaceutical companies, and uses random
effects maximum likelihood panel regression to assess
the significance of the impact of marketing efforts.
Keywords: Pharmaceutical Industry, Marketing
Efforts, Sales Performance, DEA Model, Random
Effects Maximum Likelihood Panel Regression

Introduction
The pharmaceutical industry is a major segment of the Indian
healthcare industry. It includes the industrial manufacture,
separation, processing, refining and packaging of chemical
materials. The Indian pharmaceutical industry meets
*
**
***
***
***
***
****
****

around 70% of the country’s demand for bulk drugs, drug
intermediates, pharmaceutical formulations, chemicals,
tablets, capsules, orals and injectables. It is ranked 3rd in
terms of volume and 14th in terms of value globally. The
domestic pharmaceuticals market was worth US$ 19.22
billion in 2012, and is expected to grow to US$ 55 billion
in 2020.1
The Indian pharmaceutical industry is a highly
competitive market, with a growth rate of 16% in 2012.
There are almost 20,000 small and big players in the
industry who strive hard to capture the market share
by differentiating themselves from one another. Both
domestic and global pharmaceutical market has become
competitive and margins are reducing, so presently the
industry is concentrating on manufacturing cost effective
drugs in order to make exports possible. Today most
companies in the industry have adopted or are in the
process of adopting good manufacturing practices so that
their products become easily acceptable both by domestic
as well as international customers.
1 McKinsey Report on ‘India Pharma 2020: Propelling access
and acceptance, realizing true potential’
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Marketing practitioners and scholars are under tremendous
pressure to be more accountable for and to show how
marketing expenditure adds to shareholder value.
This apparent lack of accountability has undermined
marketing’s credibility and threatened marketing’s
standing in the pharmaceutical companies. There are
three challenges for justifying marketing investments to
measure marketing productivity: firstly, the challenge of
marketing activities to long-term effects, and secondly, the
separation of individual marketing activities from other
actions, and finally, the use of purely financial methods.
There has been a continuous attempt to relate marketing
efforts in terms of cost with respect to sales, and this has
been a very relevant requirement in the pharmaceutical
industry, where marketing activities are quite unique.
There are difficulties in directly relating marketing effort
to sales in most industries, as many extraneous variables
other that marketing inputs affects sales. This often leads
to incomplete and erroneous calculation of marketing
effectiveness. However in the pharmaceutical industry,
the success of products is predominantly dependent
on marketing and sales efforts, as other factors have
relatively less influence. The usual promotional strategies
and modes common in consumer product industries are
not so significant here as the sales of the products in
this industry largely depend on the efforts of the sales
force. As the influence of extraneous variables beyond
marketing efforts is less in amount and intensity, it is
easier to relate marketing efforts to sales performance and
assess its effectiveness in the pharmaceutical industry. In
this context, the present study attempts to examine the
impact of marketing efforts on sales in the pharmaceutical
industry in India.

Literature Review
The literature on marketing efforts is wide, especially
for the pharmaceutical industry. One strand of literature
focuses on marketing modeling, mathematically relating
sales to different marketing efforts. Sinha & Zoltners
(2001) emphasized the use of models in measuring sales
activities, and suggested why new sales models were
required to be looked into to measure performances in
pharmaceutical industry. Momaya & Ambastha (2004)
emphasized on the usage of mathematical model to
understand enhanced competitiveness in pharmaceutical
industry. Gagnon & Lexchin (2008) argued that the
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pharmaceutical industry is marketing-driven, with
spending on promotion almost twice as much as spending
on research and development. de Boeck et al. (2010)
argued why the existing sales force marketing model need
to be changed and a more relevant outlook is required.
On the other hand, another strand of literature focuses
on the effectiveness of marketing efforts. Elling et
al. (2002) argued that the system of assessing sales
cost effectiveness was costly, inefficient, and rife with
dissatisfaction, and for these reasons, pharmaceutical
companies are considering what can be done to transform
their sales model. Momaya & Ambasta (2004) suggested
a change in sales force effectiveness measure for Indian
pharmaceutical firms to compete in global markets. Gupta
& Nair (2009) identified the need for pharmaceutical
companies to reduce cost in sales effort and streamline
the marketing activities.
Jakovcic (2009) discussed the impact that sales force
has on sales, costs and profits, in both the short and the
long term. He discussed different situations for sizing
a sales force such as expansion into new markets, new
product launches and downsizing, and he discussed three
different methods that companies use to size their sales
force. Agarwal et al. (2010) questioned the tradition ROI
method to assess sales efforts and emphasizes the need
of a new perspective to measure the marketing and sales
effectiveness.
Palo & Murphy (2010) focused on the key forces that
re-shape the pharmaceutical marketplace, including
the growing power of healthcare payers, providers and
patients, and the changes required to create a marketing and
sales model that is fit for the 21st century. These changes
will enable the industry to market and sell its products
more cost-effectively, to create new opportunities and to
generate greater customer loyalty across the healthcare
spectrum.
According to Mariani (2008), companies can monitor
the effects of promotional efforts through territorial
market dynamics evaluation. Tools are applied in order
to isolate the single contribution to information and
product prescription. Medical-scientific information,
like advertising and promotion, has the goals to improve
brand and product notoriety, to improve the perception of
product characteristics, and to augment the prescriptive
propensity.

Measuring the Efficiency of Marketing Efforts in the Indian Pharmaceutical Industry using Data Envelopment Analysis

Performance measurement also has a wide literature. The
balanced scorecard technique was proposed by Kaplan et
al. (Kaplan & Norton, 1992, 1993, 1996) to understand
the correlation between performance and strategies.
Performance management received the focus of attention
in the last two decades to analyse the multidimensional
nature of the firm’s performance (Anthony &
Govindarajan, 2003; Kaplan & Norton, 1992, 1993, 1996;
Zhu, 2000). However, the multidimensional performance
measure may not be able to capture the various weights of
the parameters explicitly (Ittner et al., 2003). Marketing
efficiency can be measured in different ways: like (1) the
net income generated by a marketing campaign divided
by its cost, (2) the value premium attributable to a brand’s
reputation, (3) the customer lifetime value, which is the
net present value of the revenue expected from a customer
over the lifetime of the business relationship (Rust et al.,
2004).
In this backdrop, the present study adopts data
envelopment analysis (DEA) to analyse the performance
of Indian pharmaceutical industry with respect to the
multiple dimensions of their marketing efforts, in terms
of tangible resources invested.

Methodology
The objective of the study is to measure the efficiency of
marketing efforts of pharmaceutical companies in India.
The sample companies selected for the study represented
the top eleven pharmaceutical MNCs, with India-wide
operations. Two of the companies, FKO and Organ on,
were not considered for the analysis, as they represented
very specialised segments, so that the final sample for the
study included nine pharmaceutical MNCs. The study
period was 2002-03 to 2011-12. The data for the study
were collected from the Capitaline database.
The study uses data envelopment analysis (DEA) to
measure the efficiency of marketing efforts in Indian
pharmaceutical companies. DEA was first developed by
Farrell (1957), and extended by Charnes et al. (1978). It is
a non-parametric method that identifies what proportion
of a unit’s inputs are actually required to produce its
given levels of outputs, as compared to other units.
Mathematically, it is represented by the model expressed
below.

min E s.t.

Â wj
Â w j Iij
Â w j Oij

3

= 1
£ E . I i*
≥ Oi !*

The inputs used in the study include marketing and
promotional expenditure, distribution and selling
expenditure, and travel expenditure. Marketing and
promotional expenditure includes advertising expenditure,
expenditure on sales promotions, and expenditure on
marketing materials. Distribution and selling expenditure,
for both primary and secondary sales, includes the costs of
maintaining inventory through various channel members,
logistics costs, and insurance costs. Travel expenditure,
which is one the most significant marketing efforts in
the pharmaceutical industry, includes travelling costs
for marketing calls and other trade-related promotional
activities. Sales revenue is taken as the output.
The study also considers a nonlinear form of DEA, taking
logarithmic data in place of the input and output variables.
The model is expressed as below.
min E s.t.

Â wj
Â w j ln(Iij )
Â w j ln(Oij )

= 1
£ E. ln( I i* )
≥ ln(Oi !* )

To examine the impact of marketing effort on the
efficiency scores, random-effects maximum likelihood
panel regression was performed. Panel data allows
control for unobservable company specific factors or
heterogeneity, or change in variables that vary over
time but not over entities (for example, macroeconomic
policies). The dependent variable was the efficiency of a
particular company, and the independent variables were
the proportion of marketing and promotional expenditure,
the proportion of distribution and selling expenditure,
and the proportion of travel expenditure. It was assumed
that the company specific unobserved variables were not
correlated with the independent input variables. Thus,
a random-effects model was used rather than a fixedeffect model, in which the unobserved company specific
heterogeneity is constant and its effect does not change
over time.
Formally, the model for firm i at time t can be represented
as:
Eit = b1 MPEit + b2 DSEit + b3 TrEit + ui + Œit
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where MPE represents the proportion of marketing and
promotional expenditure, DSE represents the proportion
of distribution and selling expenditure, and TrE represents
the proportion of travel expenditure. The specification is
linear, with the random effect captured in the term ui, a
firm-specific time-invariant random variable. It should
be noted that because the proportions add up to unity,
only two of these will form a linearly independent system
allowing recoverability of parameter estimates, so that the
model is specified without a constant term. The maximum
likelihood method is used to estimate the parameters,
fitting a normal distribution to ui. The dependent variables
are the linear efficiency scores and the nonlinear efficiency
scores, in turn.

Findings
The marketing efforts distribution and the overall
efficiency scores of the pharmaceutical companies are
shown in Table 1.
The company with highest efficiency scores was Abbott
(which was 100% efficient in all years except for 200506) with an average efficiency score of 99.14%. The
company seems to have shifted its marketing efforts,
with a decrease in the proportion of distribution and
selling expenditure by almost 50%, and an increase in the
proportion of marketing and promotional expenditure.
The company with next-highest efficiency was Glaxo
SmithKline (which has been 100% efficient from 200607 onwards), with an average efficiency score of 97.68%.
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The company seems to have maintained a consistent
marketing effort distribution, with almost equal emphasis
on distribution and selling expenditure and travel
expenditure, and almost twice as much emphasis on
marketing and promotional expenditure.
Pfizer has experienced a different trend in efficiency. The
company showed a continuous increase in efficiency until
2007-08, reaching 91.76%, and thereafter dropping to
54.15% in 2011-12. The company seems to have shifted
its marketing efforts, with a decrease in the proportion of
marketing and promotional expenditure, and an increase
in the proportion of distribution and selling expenditure.
Interestingly, in 2007-08, at the peak of its efficiency, the
company had reached a high proportion of marketing
and promotional expenditure and distribution and selling
expenditure.
The company with lowest efficiency was Merck, which
was 100% efficient in 2002-03, and which dramatically
slipped to 36.43% in 2007-08, with some recovery to
60.06% in 2011-12. This could have been affected by
the regime change in European Union health industry
regulations in 2007, as a significant proportion of Merck’s
sales are to the European Union. The company seems to
have shifted its marketing efforts, with a decrease in the
proportion of distribution and selling expenditure and
travel expenditure, and an increase in the proportion of
marketing and promotional expenditure.
Novartis also experienced consistently low efficiency,
with an average efficiency score of 64.03%. The company
also seems to have shifted its marketing efforts, with an

Table 1: Marketing Efforts Distribution and Average Efficiency of the Sample Companies
Company

%age Marketing &

%age Distribution &

Promotional Exp

Selling Exp

%age Travel Exp

Efficiency

Nonlinear
Efficiency

Pfizer
Abbott
Astrazeneca
Novartis
Sanofi
Merck
GSK
Fulford
Wyeth

49.83%
43.89%
36.66%
54.81%
40.44%
39.45%
48.59%
17.40%
48.98%

24.49%
22.75%
17.45%
25.01%
26.81%
24.48%
25.92%
31.23%
22.95%

25.68%
33.35%
45.89%
20.18%
32.75%
36.06%
25.49%
51.37%
28.07%

72.36%
99.14%
67.19%
64.03%
75.28%
58.64%
97.68%
84.40%
76.08%

86.19%
98.74%
72.16%
79.27%
84.94%
73.23%
98.76%
87.23%
75.61%

average

42.23%

24.57%

33.20%

77.20%

84.01%
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Table 2: Random-effects Maximum Likelihood regressions
Dependent variable: linear efficiency score

MPE
DSE
TrE
σu
σe
ρ
Wald χ2
Prob > χ2
Log Likelihood

Coeff.
0.2914
0.4802
1.6150
0.1694
0.1359
0.6084
207.69
0.000**
39.2925

Std. Err.
0.1103
0.1920
0.1891
0.0457
0.0108
0.1363

z stat
2.64
2.50
8.54

P > |z|
0.008**
0.012*
0.000**

Dependent variable: nonlinear efficiency score

Coeff.
0.6202
0.8273
1.1399
0.1033
0.0918
0.5589
569.68
0.000**
75.5034

Std. Err.
0.0714
0.1283
0.1244
0.0280
0.0073
0.1417

z stat
8.69
6.45
9.17

P > |z|
0.000**
0.000**
0.000**

* significant at 5%
** significant at 1%

increase in the proportion of marketing and promotional
expenditure and travel expenditure, and a decrease in the
proportion of distribution and selling expenditure.
To examine the impact of marketing effort on the
efficiency scores, random-effects maximum likelihood
panel regression was performed. The results are presented
in Table 2.
The random effect models were significant, as indicated
by the Wald test. The linear efficiency scores were
found to be positively impacted by all three categories
of marketing expenditures, and all coefficients were
significant at a 5% level. Further, increasing the
proportion of travel expenditure is the most effective way
to increase efficiency, followed by distribution and selling
expenditure and marketing and promotional expenditure.
Thus reducing expenditure on marketing and promotional
activities and increasing expenditures on travelling as well
as distribution and selling would improve efficiency. The
firm-specific heterogeneity is estimated to have a standard
deviation of 0.1694 and the error term has an estimated
standard deviation of 0.1359. The contribution of firmspecific heterogeneity to overall unobserved variability is
60.84%, as captured by the estimate ρ.
The nonlinear efficiency scores showed similar results.
This model appears to be a better fit, as it had a higher
log-likelihood compared to the linear efficiency scores.
All coefficients were significant at 1% level. Here the
coefficient estimates indicate the percentage improvement
in efficiency if the allocation to a particular marketing

expenditure category is increased by 1%. The results
are similar to those of linear efficiency scores: reducing
expenditure on marketing and promotional activities
and increasing expenditures on travelling as well as
distribution and selling would improve efficiency.

Discussion
The variables considered in the study were marketing
and promotional expenditure, distribution and selling
expenditure, and travel expenditure. All the three variables
had a significant impact on the efficiency scores, with
travel expenditure being the most significant followed
by distribution and selling expenditure and marketing
and promotional expenditure. The log-likelihood ratio
statistics for the nonlinear efficiency score model was
considerably higher than that of the linear efficiency score
model, suggesting that nonlinear efficiency score may be
a more appropriate indicator for efficiency of marketing
efforts in the pharmaceutical industry.
The above efficiency characteristics observed seems to
align with the practicalities of marketing efforts in the
pharmaceutical industry. In the Indian pharmaceutical
industry where sales takes place by direct interaction of
the sales force to the doctors and medical associations, it
is quite pertinent that more travelling would lead to higher
exposure and reach in the market, leading to possible
enhancement in sales. Distribution also is an important
aspect as availability of drugs in the market in due and
appropriate time is an essential requirement. Promotional
activities are unique in pharmaceutical industry, and
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though an important aspect, it is primarily a support
function compared to travelling and distribution.
There were some limitations inherent in the study. The
study included only nine MNC pharmaceutical firms
which contribute to about 55% of prescribed drugs
in India. The study can be made more extensive by
considering more number of pharmaceutical firms.
Domestic pharmaceutical companies in India can be
also included to find out whether similar characteristics
persist or not. Further, the study can be extended to global
perspectives by including pharmaceutical firms which
operate in other domestic scenarios in different countries.
Also, the variables considered were limited to only major
aspects of marketing efforts, and disaggregated data were
not available. The study can be extended to include other
variables related to marketing efforts, such as sales force
size, territorial spread, average sales calls made, and so
on.
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A Comparative Analysis of Support Vector
Machines & Logistic Regression for Propensity
Based Response Modeling
K. V. N. K. Prasad*, G.V.S.R. Anjaneyulu**
Abstract
Increasing cost of soliciting customers along with
amplified efforts to improve the bottom-line amidst
intense competition is driving the firms to rely on
more cutting edge analytic methods by leveraging
the knowledge of customer-base that is allowing the
firms to engage better with customers by offering right
product/service to right customer. Increased interest
of the firms to engage better with their customers
has evidently resulted into seeking answers to the
key question: Why are customers likely to respond?
in contrast to just seek answers for question: Who
are likely to respond?This has resulted in developing
propensity based response models that have become
a center stage of marketing across customer life cycle.
Propensity based response models are used to predict
the probability of a customer or prospect responding to
some offer or solicitation and also explain the drivers
– why the customers are likely to respond. The output
from these models will be used to segment markets,
to design strategies, and to measure marketing
performance.
In our present paper we will use support vector machines
and Logistic Regression to build propensity based
response models and evaluate their performance.
Keywords: Response Modeling, Propensity, Logistic
Regression, Support Vector Machines

Introduction
A Propensity Model is a statistical scorecard that is used
to predict the behaviour of customers or prospects base.
Propensity models are extensively used in marketing
arena to build list for solicitation and also act as a
robust tool in creating tailored campaigns that are best
*
**

received by customer. They help in developing analytical
infrastructure that helps in identification of prospective
opportunities and issues across the customer lifecycle,
thus acting as a platform in understanding the dynamics
of customer lifecycle.
Propensity models help in identification and generalisation
of the “natural inclination or tendency” among the
customer base for a given treatment. The identification and
generalisation will help in understanding two important
aspects – a) who are likely to respond when solicited?
b) Why are the solicited customers likely to respond?The
outcome of the propensity models will help to a larger
extent in designing an optimal marketing strategy
“reaching out to right customer with right product at right
time through right channel at right price”.
In our current paper we will use support vector machines
and Logistic Regression to build propensity based
response models and evaluate their performance.

Problem Statement
Logistic regression has been the workhorse for developing
propensity models in marketing and risk management
areas from long time, but for last few years there has been
an enormous progress in statistical learning theory and
machine learning – providing opportunity to use more
robust and less restrictive algorithms to obtain much better
results than traditional methods. In the present paper, we
will use support vector machines and logistic regression
to build propensity based response models and evaluate
their performance and also highlight certain positive and
negative aspects of the techniques under study.

Department of Statistics, Acharya Nagarjuna University, Guntur, Andhra Pradesh, India.
E-mail:kota.prasad.krishna@gmail.com
Department of Statistics, Acharya Nagarjuna University, Guntur, Andhra Pradesh, India.
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Literature Review

hyper plane that has the farthest minimum distance to the
training observations 1.

Increasing cost of marketing is driving companies to use
analytics as corner stone to gain deep understanding of
consumer behaviour. Amidst intense competition and
dynamic shifts in consumer behaviour, the pressure of
improving bottom lines has created enormous emphasis
on propensity based response models. Using propensity
based response models, one can identify a subset of
customers who are likely to respond than others, and also
generalise the need for response.

Consider class of training observations x1 ... ..., xn Œ Rp and
the respective associated class labels y1 ... yn Œ {– 1, 1}.
The maximal hyperplane is defined as the solution to the
optimisation problem:

Companies use the knowledge of consumer behaviour to
segment, to design marketing strategies, and to measure
marketing performance (Schiffman & Kanuk, 1991). The
use of SVM is rare in both CRM and customer response
model, with exceptions (Viaene et al., 2001). Response
models have been proven to be highly profitable tool in
fine-tuning marketing strategies (Elsner et al., 2004).
SVMs have great generalisation ability and have strong
performance when compared to traditional modeling
approaches, but applications of SVMs in marketing are
scant (Cui & Curry, 2005). The main purpose of response
modeling is to improve future return on investment on
marketing (Shin & Cho, 2006). Coussemet & Poel (2006)
have used SVM in a newspaper subscription contest, and
have proved that SVM have good generalisation ability
when compared to logistic regression and random forest.
Lately, companies are increasingly deluged by data and
sophisticated data mining techniques are available to
marketers (Ngai et al., 2009).

Support Vector Machines
The Support Vector Machines (SVMs) are supervised
learning models with associated learning algorithms
that are used for pattern recognition, classification and
regression problems. Support Vector Machine (SVM)
was introduced by Boser, Guyon & Vapnik in 1992. In
1995, soft margin classifier was introduced by Cortes &
Vapnik and the algorithm was extended to problem of
regression by Vapnik. Support Vector Machine (SVM) is
generalisation of maximal margin classifier.

Maximal Margin Classifier
The maximal margin classifier is defined as the separating
hyper plane for which the margin is largest-that is, it is the

maximize bb0, …. bp||b|| = 1
Subject to yi (b0 + b1xi1 + b2xi2 + … + bpxip) ≥ M " i = 1,
…, n
yi (b0 + b1xi1 + b2xi2 + … + bpxip) ≥ M
The constraint ensures that each incoming observation
will be on the correct side of the hyper plane at least at a
distance M from the hyper plane and is called the margin.
In above optimisation problem one tries to choose bo, b1
... … … bp to maximise the distance M.

Soft Margin Classifier
In many real world problems constructing linear separable
classifiers is not always possible implying that maximum
margin classifiers are no longer valid. In 1995, Corinna,
Cortes & Vapnik suggested a modified maximum marginal
classifier, in which a new classifier is achieved by relaxing
the constraints a little to accommodate small amount
of misclassification. The generalisation of the maximal
margin classifier to the non-separable case is known as
the support vector classifier. The soft margin classifier is
defined as the solution to the optimisation problem:
maximize b0,... bp, Œ1 …. Œn ||b|| = 1 M
Subject to yi (b0 + b1xi1 + b2xi2 + … + bpxip) ≥ M (i – Œi)
" i = 1, ... , n
where xi ≥ 0 and Â i = 1 xi < C
n

Where C is a nonnegative tuning parameter, M is the
margin and one seeks to maximise the margin as much
as possible and xi are slack variables which measures
of misclassification of the data x1. If xi > 0 then the ith
observation is on the wrong side of the margin, and we
say that the ith observation has violated the margin. If xi
> 1 then we conclude that ith observation is on the wrong
side of the hyper plane.

A Comparative Analysis of Support Vector Machines & Logistic Regression for Propensity based Response Modeling

Support Vector Machine (SVM)
representation
Given a training set of instance-label pairs (Xi. yi), i =
1, … l where Xi Œ Rn and {1, – 1}, let us assume that
patterns with yi = 1 belong to class 1 while with yi = – 1
belong to class 2. Then training support vector machines
(SVM) require the solution for the following optimisation
problem:
l
1
minw,b,x W T W + C Â xi
2
i =1

Subject to yi (W f ( Xi ) + b ) ≥ 1 - xi
T

xi ≥ 0, i = 1, ... l

The above optimisation problem is most general Support
Vector Machine (SVM) formulation allowing both nonseparable and non-linear cases. The xi are slack variables
which measure misclassification of the data and C > 0
is the penalty parameter of the error term. In the above
optimisation problem the training vectors Xi are mapped
into a higher dimensional space by the function implicitly
by employing kernel functions thus, Support Vector
Machine(SVM) tries to find a linear separating hype
plane with the maximal margin in this higher dimensional
space.

Kernel Trick and Kernel Functions
In many real world problems finding a linearly separable
hyper plane is not possible, to accommodate non-linearity
kernels are used, and the input data are non-linearly
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mapped into high dimensional space. Consider a vector x
in the input space can be represented as f(x) in the higher
dimensional space H, the mapping of data into higher
dimensional space makes it possible to define a similarity
measure on the basis of the dot product. If there is a kernel
function K such that
K(x1x2) = f(x1). f(x2)
then mapping is provided by
·x1x2Ò ¨ K(x1x2) = ·f(x1) . f(x2)Ò
Thus, if a kernel function K can be constructed, a classifier
can be trained and used in the higher dimensional space
without knowing the explicit functional form of mapping.
In simple, the kernel trick enables one to find linearly
separable hyper plane in feature space for the underlying
training data, provided the underlying training data is
not linearly separable in input space.A kernel that can be
used to construct a SVM must satisfy Mercers condition.
The kernel function plays a pivotal role in training SVM
and its performance and is based on reproducing Kernel
Hilbert Spaces.
Table 1 shows the list of little important kernel function
used in practice.

Features Scaling
Since the range of values of raw data varies widely, in
some machine learning algorithms, objective functions
will not work properly without normalisation. Scaling
of input features will help in overcoming the numerical
difficulties during training SVMs, since kernel values

Table 1: Important Kernel Function
Linear kernel

Polynomial kernel

Gaussian kernel

Exponential Kernel

It is the simplest kernel function and is equivalent to principal component analysis. It is the inner product of input features k(x, y) = xTy + c
plus an optional constant c
T
Polynomial kernel are most popular method for non-linear k(x, y) = (ax y + c)d
modeling and are well suited where all the training data is nor- α is the slope
malized
c is constant and d is polynomial degree
The Gaussian kernel is an example of radial base kernel. The
Ê || x - y ||2 ˆ
adjustable parameter sigma plays an pivotal role in performance
K(x, y) = exp Á ˜
of SVM and should be carefully fine-tuned,
Ë
2s 2 ¯
It is also a radial base kernel; the exponential kernel is closely
related to the Gaussian kernel, with only the square of the norm
Ê || x - y || ˆ
left out. The exponential kernel produces a piecewise linear so- (x, y) = exp Á ˜
Ë
2s 2 ¯
lution and
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depend on the dot product of the input feature vectors,
large feature values might cause some problems. Thus the
input features are scaled between [-1 +1] or [0 1].

Logistic Regression
Consider the following simple linear regression setting
with ‘r’ predictor and binary response variable
yi = b0 + b1x1 + … + brxr + Œi, i = 1,2, … n
Where yi is the binary response variable, Œi ~ N
and are independent.

(

0, s Œ2

),

Let Pi denote the probability that yi = 1 and xi = x
1
Pi = P(Yi = 1 | Xi = X ) =
(1 + e- z )
Where Z = b0 + b1xi + … + brxr

Volume 3 Issue 1 April 2015

Accuracy Ratio
It shows the proportion of the total number of predictions
that were correctly classified.
(a + d )
AR =
(a + b + c + d )

Precision
It is the proportion of the predicted positive cases that
were correctly classified.
d
P=
b+d

Kolmogorov-Smirnov (KS)

Or

This measures the maximum vertical separation
(deviation) between the cumulative distributions of goods
and bads and is defined as follows

Logit(p) b0 + b1x1 + b2x2 + b3x3 + b4x4 + … + brxr

KS = MAX FG( s ) - FB( s )

The above equitation is called logistic regression: a
statistical method in which we model the logit (p) in terms
of explanatory variables that are available to modeler. It
is non-linear in the parameters b0, b1,…………. br The
response probabilities are modeled by logistic distribution
and estimating the parameters of the model constitutes
fitting a logistic regression.

The higher the KS value the better is the models ability
for separation.

Performance Evaluation Measures
The following are various methods for assessing the
discriminating ability of the trained model and in-time
validation dataset.

Confusion matrix
A confusion matrix (also known as an error matrix)
is appropriate when predicting a categorical target;
confusion matrix helps one to evaluate the quality of the
output of the classifier

Actual

Figure 1: Confusion Matrix

No
Yes

Predicted
No
Yes
a
b
c
d

Lift Curve
Lift is a measure of effectiveness of a predictive model
and it is defined as the ratio between the results obtained
with and with-out use of the predictive model. The lift
curve will help analyse the amount of true responders
discriminated in each subset. This is extremely helpful
for any marketing team for making optimum decisions.

Data Description
The data is related with direct marketing campaigns of a
Portuguese banking institution. The marketing campaigns
were based on phone calls. Often, more than one contact
to the same client was required, in order to access if the
product (bank term deposit) would be (or not) subscribed.
The classification goal is to predict if the client will
subscribe a term deposit (variable y).

Dataset Preparation
The dataset consist of 45,211 instances. We have used
random sampling to construct a dataset of 22,605

A Comparative Analysis of Support Vector Machines & Logistic Regression for Propensity based Response Modeling
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Figrure 2: Distribution of Variables

instances.This dataset was used for training and validating
logistic regression and support vector machines.

Table 2 summarizes the basic statistics for the numerical
variables (raw andscaled).

Data Cleaning

Logistic Regression vs Support Vector
Machine Performance comparisons

As a part of data cleaning exercise, all the prospective
variables are subjected to univariate and bivariate analysis;
the missing values for numeric variables are imputed
with the median and in case of the discreet variables the
missing values are imputed by mode.

Variable Transformations
All the numerical variables are scaled between [0, 1] using
min-max scaling method, the categorical variables are
binned into smaller groups based on the response rates.

Basic Statistics

Confusion Matrix
The confusion matrix results for the classifier obtained by
both models are shown in Figure 3.
The comparison indicates that SVM are marginally
better in development and in validation they perform
equivalently well with the logistic model

Rank-ordering
The scores obtained by the classifier (Logistic and SVM)
are used to rank-order consumers -how likely they are to
respond when solicited. The following table provides the
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Table 2: Basic Statistics for the Numerical Variables (raw andscaled)
Variable
age
balance
day
duration
campaign
pdays
previous
rand
target
age_scaled
balance_scaled
duration_scaled
previous_scaled

N
22605
22605
22605
22605
22605
22605
22605
22605
22605
22605
22605
22605
22605

Mean
40.95067
1343
15.79889
257.4868
2.74059
40.47184
0.56912
0.24761
0.11878
0.29806
0.08499
0.05236
-0.00207

Std Dev
Sum
Minimum Maximum
10.62267 925690
18
95
2935 30347863 -3058
102127
8.28949 357134
1
31
255.6189 5820489
1
4918
3.07033
61951
1
63
100.9995 914866
-1
871
1.88134
12865
0
55
0.14432
5597
2.74E-05 0.5005
0.32354
2685
0
1
0.13796
6738
0
1
0.02664
1921
0.04504
1
0.05198
1184
0.000203
1
0.00684 -46.7818
-0.2
0

Figrure 3: Confusion Matrix Results for the Classifier

rank-ordering ability of the models in train and test data.
In training and test the SVM classifier performs better
than the logistic classifier.
The maximum KS for SVM occurs in 2nddecile in train
and test , while the maximum KS for logistic regression
classifier occurs in 3rd decile in train and test.

Actual

Logistic model
Predicted
Yes No
Yes 9749 188 9937
No 1068 297 1365
10817 485
Accuracy
88.89%
Error
11.11%
Recall
21.76%
precision
61.24%
Logistic model
Predicted
Yes No
Yes 9781 202 9983
No 1037 283 1320
10818 485
Accuracy
89.04%
Error
10.96%
Recall
21.44%
precision
58.35%
Actual

Actual

Actual

SVM model
Predicted
Yes No
Yes
9799 138 9937
No
1013 352 1365
10812 490
Accuracy
89.82%
Error
10.18%
Recall
25.79%
precision
71.84%
SVM model
Predicted
Yes No
Yes
9813 170 9983
No
1044 276 1320
10857 446
Accuracy
89.26%
Error
10.74%
Recall
20.91%
precision
61.88%

ROC Curves
The ROC obtained by the classifier constructed from both
the model are populated below, the SVM perform better
in marginally better in the training, while in the test it
underperform when compared to the logistic regression.
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Table 3: Scores Obtained by the Classifier (Logistic and SVM)
Training
Logistic _
SVM_Resp Logistic_KS SVM_KS_T
Decile Leads Logistic SVM Response
Leads Logistic SVM
onse Rate _Training
raining
Rate
0
1,130
575
685 50.88%
60.62%
36.54%
45.70% 1,130
565
583
1
1,130
334
353 29.56%
31.24%
53.00%
63.75% 1,130
318
278
2
1,130
216
63
19.12%
5.58%
59.62%
57.62% 1,131
176
85
3
1,131
101
84
8.93%
7.43%
56.66%
53.24% 1,130
129
102
4
1,130
69
56
6.11%
4.96%
51.04%
46.54% 1,130
74
63
5
1,130
30
35
2.65%
3.10%
42.16%
38.08% 1,131
24
58
6
1,131
20
25
1.77%
2.21%
32.45%
28.78% 1,130
19
44
7
1,130
14
32
1.24%
2.83%
22.24%
20.08% 1,131
8
38
43
4
10.71% 1,130
2.12%
11.12%
0.27%
3
24
8
1,130
9
1,130
3
8
0.27%
0.71%
0.00%
0.00%
1,130
3
26
Total 11,302 1,365 1,365 12.08%
12.08%
11,303 1,320 1,320

Test
Logistic _
SVM_Resp
Response
onse Rate
Rate
50.00%
51.59%
28.14%
24.60%
15.56%
7.52%
11.42%
9.03%
6.55%
5.58%
2.12%
5.13%
1.68%
3.89%
0.71%
3.36%
3.81%
0.35%
0.27%
2.30%
11.68%
11.68%

Logistic_K SVM_KS_
S_Test
Test
37.14%
53.10%
56.87%
56.61%
51.64%
42.37%
32.68%
22.04%
11.06%
0.00%

38.69%
51.21%
47.18%
44.60%
38.69%
32.34%
24.79%
16.72%
9.09%
0.00%

Figrure 4: ROC Curves

Train
Test

ROC Curve
SVM
Logistic
87.15% 87.14%
80.76% 86.87%

Lift Charts

Propensity Profile

The lift obtained by the classifier constructed from both
the model are populated below, the SVM perform better
in better in the training, while on the test it is performs
equivalent when compared to the logistic regression.

The output from the SVM will provide no means to profile
the prospective lead list, on the other hand theoutput from
the logistic model can be use to create customer profiles
as shown in Table 4.
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Figrure 5: Lift Charts

Table 4: Propensity Profile
Bins

Bin's Description

(Intercept)
marital

loan
job

education

contact

pdays

balance_scaled

z value

Pr(>|z|)

Sig

-3.47017

0.17144

-20.241

< 2e-16

***

-0.2561

0.10625

-2.41

0.015942

*

02: Single

0.06415

0.11195

0.573

0.566659

0.34155

-0.922

0.356471

0.11023

-5.657

1.54E-08

***

01: 'admin.','management','self0
employed','technician',
'unemployed','unknown'
02: 'blue-collar','entrepreneur','housemaid'
-0.34072

0.09203

-3.702

0.000214

***

03: Other

0.09044

3.611

0.000305

***
**

01: Yes

0
-0.31495

02: No*

0

01: Yes

-0.62362

02: No*

0

01: 'primary', 'secondary'

0.32656
0

02: 'tertiary'

0.23425

0.0775

3.022

0.002508

03: 'unknown'

0.07789

0.17258

0.451

0.651752

01:'cellular'

0

02:'telephone'

-0.11832

0.1371

-0.863

0.388134

03:''unknown'

-1.27635

0.12128

-10.524

< 2e-16

***

0.09551

9.365

< 2e-16

***

01: Not contacted earlier
02: Contacted

month

Std. Error

01: Married
03: divorced*

default

Estimate

0
0.89447

01: Jan,Feb, Mar

0

02: Apr, May, Jun

-0.10571

0.10622

-0.995

0.319628

03: Jul, Aug,Sep

-0.27022

0.11022

-2.452

0.014223

04:Oct, Nov, Dec

-0.01262

0.12531

-0.101

0.919761

4.08877

1.09629

3.73

0.000192

***

*

duration_scaled

20.27482

0.59724

33.947

< 2e-16

***

previous_scaled

-10.41849

4.92502

-2.115

0.034394

*

A Comparative Analysis of Support Vector Machines & Logistic Regression for Propensity based Response Modeling

15

The prospects who are Single, not defaulted earlier, have
no previous loans, having tertiary education, contacted
previously on mobiles are more likely to respond to
campaigns

generic and niche segments that enable the marketing
teams to develop more tailored campaigns.

SVMs vs Logistic Regression: Pros &
Cons
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The current study indicates that SVMs perform better
than logistic regression on the performance evaluation
parameters that we have used to evaluate the classifiers,
but still logistic regression continues to be work-horse in
response modeling due to the following reasons

Pros
∑ The SVMs have good generalisation in both in-samples, hold-out and out-of-sample by choosing appropriate parameters.
∑ The concept of kernels encompasses non-linear
transformations, so no prior assumption is made
about the functional form of the transformation.
∑ SVMs are robust to outliers.

Cons
∑ Unlike logistic regression - SVMs is the lack of
transparency of results.
∑ The choice of kernel is another shortcoming
∑ Unlike logistic regression - SVMs has high
algorithmic complexity and requires extensive
memory requirements.

Conclusion
The current study indicates that SVMs perform better
than logistic regression on the performance evaluation
parameters that we have used to evaluate the classifiers.
But lack of transparency of results, extensive memory
requirements, issues in implementation in production
system for regular scoring, no comparable standards to
monitor SVMs on an ongoing basis to track performance
make’s logistic regression models, the preeminent choice
due to extensive theory around regression framework, ease
of understanding and implementation, sensible results
along with actionable insights could be used to identify
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A Study on the Analytics Tool Used in Decision
Making at Small and Medium Enterprise
Vivek N. Bhatt*

Abstract
The article focuses on the study of prevailing decision
making styles of Small Scale Industrial (SSI) Units.
It presents data collected from 200 SSI units from
Bhavnagar – a coastal city of Gujarat, India. The
objective of writing the article is to depict heuristic
decision patterns of small and medium enterprises,
and the rare use of analytical or statistical business
intelligence tools in decision making processes. It
would be interesting to study the design of decision
taken on routine basis in small units, poorly equipped
with technology and technical know-how. The paper is
descriptive in terms, and lays a lucid picture of present
decision making processes.
Keywords: Decision Making, Smallscale Units,
Analytical Tools, Statistical Tools, Business Intelligence

Introduction
In a very simple and primary endeavour to study
decision making process adopted by small business
units in Bhavnagar town in South Gujarat, India, data
were collected for basic business decision areas, use of
software or analytical tools was done for these decisions,
and the efficiency of decisions was considered.
According to the Ministry of Micro, Small and Medium
Enterprises, recent ceilings on investment for enterprises
to be classified as micro, small and medium enterprises
are as shown in Table 1.

makers. It was proposed to be a convenient sample of
the entrepreneurs, but in the due course of data collection
process, it was realised that to collect data from a large
mass of busy entrepreneurs, who are not using computers
to a noticeable extent, and who are especially not
looking up to any customized computerised solution, is a
challenging task.
Table 1 : SME Definition
Scale

Micro
Small
Medium

Manufacturing

Rs. 25 Lakh
Rs. 5 Crore
Rs. 10 Crore

Service

Rs. 10 Lakh
Rs. 2 Crore
Rs. 5 Crore

Literature Review
In a study (Paul Foyce, 2003), it is emphasised strategic
decisions, keeping in pace with rapid changes and growth
of the unit in mind structure decision processes are high
in demand. Speed of change and demand of competency
enhancement areso resilient that formalised decision
making seems indispensable which further induces the
need for software applications of business intelligence
systems. Since globalisation and liberalisation in India,
requirement for formalised decision models and decision
making systems has surfaced.

For manufacturing units, investment limit is for plant and
machinery, and for service unit it is for equipment.

In another study (Simon Mosey, 2002), the focus was
on growth and innovation. Decision for growth includes
innovation in product design. For the decisions about
innovation in any aspect, enterprise requires market and
competitor analysis in strategic planning.

The data for the research are collected from 200 different
small and medium scale entrepreneurs or decision

In an article by Hedgebeth (2007), describes origin of
business intelligence (BI), BI applications, and BI value in
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decision making. It clearly concludes informed decisions
greatly depend upon accuracy of BI applications.
Efficiency of decisions leads to minimising cost, market
forecast and analysis, which further is an outcome of
proper implementation and use of BI applications and
analytical methods.
One more study (Martin Aruldoss, 2014), which is
more comprehensive in nature, discusses composition
and development of BI applications, and points out the
fact that most of the researches about BI tools talks, in
majority, about development of BI applications, than
about the usage of these applications in real business
decision-making processes.

Methodology
As mentioned above, the study is more descriptive in
nature, with a view to display a picture of present decision
making pattern of small enterprises. Since the objective
was to collect data about some basic decision areas and
their impact in a small business, study proceeded with
data collected from 200 entrepreneurs.

Volume 3 Issue 1 April 2015

Types of Units
The first criterion selected is the type of unit, since
decision pattern changes a lot with the change of type.
As displayed in Figure 1, out of 200 units 44 units were
manufacturing, 155 units were service providing, 1 unit
is EXIM unit.

Scale of Units
The second criterion is the scale of units, because financial
and technical feasibility largely depend upon the scale
and financial capacity of the unit. As it can be seen in
Figure 2, out of 200 units interacted with, 38% are small
and 29% units are medium scale units.
Figure 2: Scale of Unit

In the method adopted to collect data and to regularise
it, a questionnaire was designed, but the details were
collected through informal talks, indirect approach,online
form filling. However, a structured format of personal
interview was not followed. The details collected were
arranged in the strict format of questionnaire.

Data Collection and Analysis
The classification of the details collected is as follows.
Figure 1: Type of Unit

Market Share
Past decisions can be assessed with different parameters,
one of which is market share. For 200 units contacted,
the scenario about market share is displayed in Figure 3.
61% units claim to hold 20% to 40% market share in their
respective area.

Utilisation of Established Capacity
The best decisions majorly lead to optimum allocation
of resources, and eventually to maximum utilisation of
established capacity of a firm. As seen in Figure 4, 160
units (80% units) utilise50% to 70% established capacity
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of their firm, which is a signal of poor resource allocation
and so of weak decision making.
Figure 3: Market Share
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with different methods. We have collected data, and
found the units using methods like agency services,
intuition/ experience, statistical methods, software or
other methods. It is noticeable here that 168 units (84%
units) forecast demand only using Intuition / Experience,
which is quite disappointing.
Figure 5: Failure of Production Schedule

Figure 4: Utilisation of Established Capacity
Figure 6: Demand Forecasting Method Adopted

Failure of Production Schedule
Production scheduling is a routine decision. Such
decisions are normally taken by gross experience. This
results in failure of production schedule in 10% to
30% cases, for 133 units (66.5% units). More shocking
figure is that of 7 units having failure rate from 30% to
50%. Although the number is not too big in a sample
of 200 units, it might count remarkable in the complete
assessment if conducted.

Demand Forecasting Method Adopted
Planning and scheduling greatly depends on demand
forecasting efficiency. Demand forecasting can be done

Difference between Actual and Forecasted
Demand
Efficiency of the method employed for demand forecasting
is assessed with the help of deviation observed of actual
demand from estimated/ forecasted demand. Apparently,
there are 56% units (112 units) having deviation rate of
10% to 25%.
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Figure 7: Difference between Actual and Forecasted
Demand
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the basic applications they use, 18 decision-makers face
problems with the applications they utilise.
Figure 9: If Facing Problem in using Software

Software/ Application Used
Around 29.5% units (59 units) do not use any software.
Units using computer software comprise of the units using
Microsoft Word (62 units), Microsoft Excel (39 units),
Microsoft Access (2 units), Tally Accounting software (15
units), Word and Excel (12 units), customised software (3
units – these units also have got the applications designed
mainly for inventory and accounting), and Lotus (8 units).
Now this discomforting number of 59 units explains the
whole case. When in a sample of 200 units 59 units are not
using any software, for the whole population this number
may elevate to a greater extent.

Problems in using Software
Looking into this point, it amazes us with a fact that,
majority of problems comes as technical infeasibility to
use a computerised tool rather than financial infeasibility
or non-affordability. Although, here software application
in question are very primary applications like Word, Excel,
Access and Tally and one or two customised applications,
it does not lose significance that prime concern is technical
comfort over financial one.

Facing Problems in using Software

Do You Opt for Customised Software?

Out of 141 units using some software for their routine
activities, detail storage or analysis, 123 are happy with

This is a question which leads to the future scope for
Business Intelligence tools to play role in decision

Figure 8: Software Used
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making of small businesses, the way they contribute
in large business processes. At juncture too subdued
outcome is 144 units are quite indifferent towards the
need of a customised application and so for the need
of computerisation in the day-to-day business process
for decision making. We can consider lack of skilled
employees or the technical infeasibility in the root of this
pessimistic retort. Here it exhibits a clear vacuum in the
area of Business Intelligence tool/ application designed
principally for SMEs.
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Figure 12: Features Expected in Customised
Solution

Figure 10: Problems in using Software

Independently treating the features, we have the
preferences as shown in Figure 13.
Figure 13: Features Preferred

Figure 11: Do You Opt for Customised Software?

Features Expected in Customised Solution

Conclusion

When asked about the features decision-makers seek in
customised software solution, their responses were woven
around six main factors i.e. Cost, Good Presentation,
Less Hardware Requirement, Complex but more
facilities and functions, Ease of use and maintenance, and
Implementation Ease. The combinations they suggested
are displayed in Figure 12.

Preliminary qualitative analysis was preferred. The
study leads to two major ideas; first there is a need for
systematic data storage, analysis and use in decision
making – looking, mainly, at low capacity utilisation
and noticeable failure rate of demand estimates; and
second, (29% of the units do not use any tool or software
application) as low as three units out of 200,i.e.one and
a half percent of the total 200 units studied, understand
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the need of a customised software and use for decision
making. It could be,therefore, concluded that cost and
ease of use and maintenance are the characteristics most
preferred in a customised software solution. Means
financial and technical plus technological feasibility is the
main concern for the entrepreneurs. Eventually it narrows
down to the path leading to a tailor-made software
solution which satisfies the primary requirements and
helps an individual to arrive at a decision following an
easy alternative selection process.
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Comparison of Logistic Regression and
Artificial Neural Network based Bankruptcy
Prediction Models
Easwaran Iyer *, Vinod Kumar Murti**
Abstract
Logistic Regression is one of the popular techniques
used for bankruptcy prediction and its popularity is
attributed due to its robust nature in terms of data
characteristics. Recent developments have explored
Artificial Neural Networks for bankruptcy prediction. In
this study, a paired sample of 174 cases of Indian listed
manufacturing companies have been used for building
bankruptcy prediction models based on Logistic
Regression and Artificial Neural Networks. The time
period of study was year 2000 through year 2009. The
classification accuracies have been compared for built
models and for hold-out sample of 44 paired cases. In
analysis and hold-out samples, both the models have
shown appreciable classification results, three years
prior to bankruptcy. Thus, both the models can be
used (by banks, SEBI etc.) for bankruptcy prediction in
Indian Context; however, Artificial Neural Network has
shown marginal supremacy over Logistic Regression.
Keywords: Bankruptcy,
Logistic
Regression,
Artificial Neural Network, Classification Accuracy.

Introduction
Many researchers have built bankruptcy prediction
models and tested in different countries. Among them, the
most popular has been the model developed by Edward
Altman (USA) in 1968 in which Multiple Discriminant
Analysis was used. Next to Multiple Discriminant
Analysis, Logistic Regression has been used extensively.
Several other techniques like Probit Regression,
Data Envelopment Technique, Time Series CUSUM
Methodology, Cox Regression, Decision Tree Analysis,
Simple Hazard Model, Black-Scholes Option-Pricing
Model, Simple Fuzzy Logic, Artificial Neural Networks
*
**

and Genetic Programmed Decision Trees were also used
for exploring better discriminating models for bankruptcy
prediction. We have found that very few researchers have
conducted researches with Indian data. Moreover, most of
the researches have been around Altman’s model (1968)
with Multiple Discriminant Analysis. There is a distinct
gap between the researches done abroad and researches
done in India with regard to application of discriminating
techniques.
In this study, we compared one of the most popular
techniques used for bankruptcy prediction, that is
Logistic Regression, with a comparatively newer one
that is Artificial Neural Network with Indian data. The
independent variables were considered the same as those
considered by Ohlson (1980) due to their worldwide
acceptability. To the best of our knowledge, this is the first
of its kind, which compares both techniques with Indian
Data for bankruptcy prediction. We present a quick relevant
Literature Review under section 2 followed by Data and
Methodology under section 3 followed by Analysis and
Results under section 4 followed by Conclusions under
section 5 and References are mentioned at last under
section 6.

Literature Review
In the paper published by Ohlson (1980), he had mentioned
two unpublished papers by White and Turnbull (1975a;
1975b) and by Santomero and Vinso (1977) which were
the first studies that had logically and systematically
developed probabilistic estimate of failure. Ohlson had
also used the methodology of maximum likelihood so
called logit model or logistic regression. He had used 58
bankrupt and 2058 non-bankrupt companies in his sample
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pertaining to the time period of 7 years from 1970 to 1976.
He believed that if financial statements are disclosed after
the declaration or filling of bankruptcy, there are very
high chances that the firm might back-cast the results.
Under these circumstances, the financial results were
bound to reflect bias and did not reflect true position. For
the sake of not including such companies in his study,
Ohlson had referred to Accountant’s Reports. Ohlson
had considered only three reporting periods (years)
prior to bankruptcy. He had further mentioned that many
important problems pertaining to the development of data
for bankrupt firms had not been addressed in the literature.
Ohlson had mentioned the strict assumptions of Multiple
Discriminant Analysis which demands mainly i) equality
of variance-covariance matrices of the predictors among
failed and non-failed groups and ii) normally distributed
predictors. He had further mentioned that under many
circumstances, researcher is interested towards more
traditional econometric analysis and test variables for
statistical significance where the above-cited assumptions
create limitations. Furthermore, he had mentioned that
use of dummy predictors displays departure from these
assumptions. Ohlson formed the opinion that discriminant
scores developed by Multiple Discriminant Analysis
have little intuitive interpretation. Ohlson had further
stated that the matching of sample on the basis of size
and industry is somewhat arbitrary. Logit analysis, on
the other hand, is free from assumptions regarding prior
probabilities and distributional properties of predictors.
He had cited this as a major advantage of using logit
analysis. With regard to statistical significance, Ohlson
had stated that this could be obtained through asymptotic
(large sample) theory. He had used the following
predictors: i) Size: log (total assets/GNP price index).
The index assumed a base value of 100 for 1968. ii) Total
Liabilities/Total Assets. iii) Working Capital/Total Assets.
iv) Current Liabilities/Current Assets. v) OENEG; One if
total liabilities exceed total assets, otherwise zero. vi) Net
Income/Total Assets. vii) Funds from Operations/Total
Liabilities. viii) INTWO; One if net income was negative
for the last two years, otherwise zero. And ix) CHIN; (NIt
– NIt-1)/(Mode NIt – Mode NIt-1). Ohlson had built three
models for one year prior to bankruptcy, two years prior
to bankruptcy and three years prior to bankruptcy and
found 96.12, 95.55 and 92.84 percent correctly classified.
Finally, Ohlson had concluded that i) the timing issue
with regard to declaration of bankruptcy and disclosure
of financial statements were important and should not be
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ignored and ii) additional predictors, particularly market
related predictors should be explored for improving the
predictions.
Luther (1994) had compared ANN with Logistic
Regression with the help of 104 sample size of US
companies. The study period was 1984 through 1989. The
neural network was trained using the Genetic Algorithm
technique, which iterates towards the optimum solution by
looking only at the value of the objective function and not
getting trapped in the local minima. Thirteen predictors
were selected for model building by ANN and LR. The
study concluded that ANN model had significantly higher
prediction accuracy than the Logit Model in both the
training samples and the hold-out samples at almost all
cut-off points. Luther mentioned that that the prediction
accuracy was less sensitive to changes in the cut-off point
in the model, thus making ANN more robust technique
than Logit.
Zhang, Hu, Patuwo, and Indro (1999) had studied
matched sample of 220 US firms 1980 through 1991 and
explained the link between ANN and traditional Bayesian
classification theory. They found that ANN models were
significantly better than Logistic Regression models in
prediction as well as classification rate estimation. They
reported that ANN was robust to sampling variations in
overall classification performance.
Javanmard and Saleh- (2009) had used a sample of 80
companies and compared Multiple Discriminant Analysis
and Artificial Neural Network. They mentioned that the
ANN has been used to solve many financial problems
including forecasting financial distress and many
researchers using ANN to forecast financial distress have
come to the conclusion that the accuracy of ANN is much
more effective than the traditional statistical methods.
They quoted Cerano-Sinka’s work on comparison of MDA
& ANN where Cerano-Sinka got forecasting accuracy as
86% and 94% respectively. Javanmard and Saleh had also
reported superiority of ANN over MDA in their study.
Lin (2009) had compared MDA, Logit, Probit and ANN
models for bankruptcy prediction in Taiwan. He had
studied Taiwan public industrial firms for the period 19982005. Final models were validated through out-of-the
sample data. Lin found Probit models as the best among all
in terms of classification accuracies and stability. Lin had
mentioned that if the data does not satisfy the assumptions
of statistical approach, then the ANN approach would
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demonstrate its advantage and achieve higher prediction
accuracy.
Wang and Campbell (2010) had studied the application
of Ohlson’s model on Chinese publicly traded companies
during the period 1998-2008. They had mentioned that
the Chinese economy was significantly affected by
the 2008-09 Global Financial Crisis due to the export
oriented nature of the economy. They had reported from
the reference of Thurston (2009) that 28 percent increase
in overall bankruptcy filling and 29 percent increase in
commercial bankruptcy filling in February, 2009 were
witnessed vis-à-vis last year. Chinese stock exchange
started in 1990; but, the first delisting took place in
the year 2001 with the delisting of Shanghai Narcissus
Electric Appliances Co., Ltd. In 2006, Chinese GAAP for
reporting financial statements was changed to IFRS. Wang
and Campbell had collected a sample of 1336 companies
from manufacturing and non-manufacturing industry
sectors. The Ohlson model gave overall prediction of 95
percent; but, prediction of non-failed companies was very
poor.

Data and Methodology
We have explained design of hypothesis, data preparation,
brief outline of discriminating techniques used in this
study viz., Logistic Regression and Artificial Neural
Network and tools and techniques used for analysing
classification results in the following section.

Design of Hypothesis
For comparing and judging the best displayed
classification accuracies by the models based on Artificial
Neural Network and Logistic Regression, the following
hypothesis was designed and tested later on:
Ho: There is no statistically significant difference between
the Classification Accuracies for Bankruptcy Predictions
displayed by the models based on Artificial Neural
Network and Logistic Regression.
Ha: There is statistically significant difference between
the Classification Accuracies for Bankruptcy Predictions
displayed by the models based on Artificial Neural
Network and Logistic Regression.
The Proposed Level of significance was 5%.
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Data Preparation
This section explains the sample preparation, validation
sample, and independent and dependent variables.

Sample Preparation
For building models for bankruptcy prediction, pairs
of bankrupt and non-bankrupt companies were needed.
The names of bankrupt companies were taken from
the official web site of BIFR (Board of Industrial
and Financial Reconstruction). A ten year period was
studied in this study. In this ten-year time period, total
2678 companies had filed for bankruptcy. Availability
of financial data was one of the major constraints. Out
of 2678, only 1152 companies had their presence in
Capitaline data source. Further, the study was pertaining
to only manufacturing and listed companies only, we
could find only 827 bankrupt manufacturing companies
available in Capitaline data source. Out of 827, only 245
bankrupt companies had their financial data available
for the past five years prior to bankruptcy. Further, 50
bankrupt companies were found repetitive in the list
available on site. These 50 companies were deleted from
245 bankrupt companies. As a practice followed by
previous researchers to not select smaller companies in
their studies, which seems logical as small companies are
more prone to financial distress due to variety of reasons,
we also deleted 58 small companies whose Total Assets
for the third year prior to bankruptcy was less than INR
30 Crores. We made third year as the reference year prior
to bankruptcy for pairing purpose and for the purpose
of comparison of Total Assets. This is because that the
year bankruptcy was filed is bound to show lowest Total
Assets. Third year prior to bankruptcy is supposed to
show comparable financial health (of bankrupt and nonbankrupt companies) in terms of Total Assets. On the same
note comparatively too big should also not be included in
the sample. For the same reason, 2 bankrupt companies
were also deleted. Finally, we left with 135 bankrupt
companies belonging to only manufacturing and listed
category and filed for bankruptcy. These 135 bankrupt
companies were attempted for pairing. For meaningful
pairing, the following considerations were taken into
account. The prospective pair of a bankrupt company
should be i) belonging to manufacturing industry ii) listed
in any of the stock exchange so that Market Capitalisation
can be computed iii) belonging to the same or nearly
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same industry classification (of bankrupt company), iv)
of almost same size with a plus minus variation of 30% v)
free from bankruptcy filing vi) financially healthy and vii)
having financial data of last five years prior to bankruptcy.
As a result of the above mentioned criteria, we could
match or pair only 109 bankrupt companies with nonbankrupt companies. Thus, the sample size became of
218 cases. Six data sets were prepared pertaining to year
of bankruptcy, t0 through fifth year prior to bankruptcy,
t5.

Selection of Validation Sample
We randomly selected 20% of 218 cases which resulted
into 22 paired cases totalling 44 cases for validation
purpose. These 44 cases (hold-out sample) were not
used for building the model. The build models were
validated by this holdout sample. The model building
data sets were having 174 cases (87 cases for bankrupt
nomenclature as group_1 and 87 cases for non-bankrupt
cases nomenclature as group_0 in this study). Six data
sets were prepared for validation pertaining to year of
bankruptcy, t0 through fifth year prior to bankruptcy, t5.

Independent and Dependent Variables
We have mentioned in the introduction (section 1) that
we considered the independent variables selected by
Ohlson (1980) due to their worldwide acceptability.
These are mentioned at the beginning of section 2 where
we have mentioned the notable paper of Ohlson (1980).
Dependent variables were 0 and 1 for non-bankrupt and
bankrupt outcome.

Software Used
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Logistic Regression
Logistic Regression is a specialized form of regression
that is formulated to predict and explain (two-group)
categorical variable rather than a metric dependent
measure. The form of the logistic regression variate
is similar to the variate in multiple regressions. The
variate represents a single multivariate relationship with
regression-like coefficients indicating the relative impact
of each predictor variable. Logistic Regression differs
from multiple regression, however, in being specifically
designed to predict the probability of an event occurring
that is the probability of an observation being in the group
coded 1. Because the binary dependent variable has only
the values 0 and 1, the predicted value (probability) must
be bounded to fall within the same range. To define a
relationship bounded by 0 and 1, logistic regression uses
the logistic curve to represent the relationship between
independent and dependent variables.
This logistic curve ensures i) the predicted values are
always between 0 and 1 and ii) the predicted values
correspond to the probability of Y (Dependent variable)
being 1, in our case, bankruptcy. The logistic regression
is first performed with a transformed value of Y, called the
logit function as shown below:
Logit (Y ) = In(odds) = a + k1x2 + k2x2 + L + knxn (2.1)
Where odds refer to the odds of Y being equal to 1.
Probability
(2.2)
       Odds =
1 - Probability
Odds are defined mathematically as:
Odds
(2.3)
       Probability =
1 + Odds
Odds can be converted into probabilities by the following
expression:

We used SPSS Version 20 for model building, validation,
building Receiver Operating Characteristic Curves and
applying One Sample Kolmogorov Smirnov and Paired
Sample t-tests.

The right hand side of Equation (2.3) does not guarantee
values between 0 and 1. Hence, exponent of each side is
taken as shown below:

Classification Techniques

Now dividing both sides of Equation (2.4) by (1+odds)
results into:

Two classification techniques were applied on 6 data sets
and classification results were compared for judging the
efficacy of discriminant techniques. Both the techniques
are explained in short as below.

eIn(odds) = odds = e(a + k1x1 + k2x2 + L + knxn)(2.4)

    

Odds
e( a + k1 x1 + k2 x2 + L + kn xn )
(2.5)
=
(1 + odds) (1 + e( a + k1 x1 + k2 x2 +L + kn xn ) )

Comparison of Logistic Regression and Artificial Neural Network based Bankruptcy Prediction Models

The right hand side of Equation (2.3) is equitable to right
hand side of Equation (2.5). Hence, the equation looks
like:
    Probability =

e( a + k1 x1 + k2 x2 + L + kn xn )
(1 + e( a + k1 x1 + k2 x2 + L + kn xn ) )

(2.6)

The Equation (2.6) yields p, probability of belonging to a
group (Y=1, bankrupt) rather than the log of the odds of
the same. SPSS version 20 has the capability of computing
the coefficients kn for the regression shown in Equation
(2.1). Thus, the computation of probabilities of belonging
to Group_1 is done. The Equation (2.6) can only yield
values that are between 0 and 1.

Artificial Neural Network
A neural network’s ability to perform computation is based
on the hope that we can produce some of the flexibility and
power of the human brain by artificial means. Network
computation is performed by a dense mesh of computing
nodes and connections. They operate collectively and

simultaneously on most or all data and inputs. The
basic processing elements of neural networks are called
artificial neurons, or simply neurons. Neurons perform
as summing and nonlinear mapping junctions. They are
often organized in layers, and feedback connections both
within the layer and toward adjacent layers are allowed.
Each connection strength is expressed by a numerical
value called a weight, which can be modified. A typical
Neural Network diagram (used for data set for year t2 as
an example) is shown in Figure 1.
As shown in the Figure 1, there is one input layer (left
most), one hidden layer (middle one) and one output layer
(right most). Within input layer, there are 5 nodes equal to
numbers of predictors. Output layer has 2 nodes as levels
of dependent variable (bankrupt 1 and non-bankrupt 0).
The numbers of nodes, 2 in hidden layer can be adjusted.
The network specifications followed in building the
models were: (i) 70:30 ratio was set for training and
testing network (ii) Hyperbolic Tangent function was
used as activation function for hidden layer (iii) Softmax

Figure 1. Artificial Neural Network Diagram

Source: SPSS Output.
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function was used as activation function for output layer
(iv) Range of nodes in hidden layers was set as 1 to 50 (v)
Batch Training was used for training network (vi) Scaled
Conjugate Method was used as Optimization algorithm
(vii) Initial Lambda was set as 0.0000005 (viii) Initial
Sigma was set as 0.00005 (ix) Interval centre was set as
0.00 (x) Interval offset was set as ± 0.50 (xi) Minimum
Relative change in Training Error was set as 0.0001 (xii)
Minimum Relative change in Training Error Ratio was
set as 0.001(xiii) Maximum Training Time was set as 15
minutes and (xiv) Maximum steps without a decrease in
error was set as 1.
Hyperbolic Tangent function has the following form:
      Y (c) = tan h (c) =

(e c - e - c )
(e c + e - c )

(2.7)

Where, c is the input from previous nodes. Y(c) takes
real-value arguments and transforms them to the range
(– 1, +1).
Softmax function has the following form:
1
(2.8)
       Y (c) =
1 + e- c
Y(c) takes real-value arguments and transforms them to
the range (0, +1).

Tools for Analysing Classification Results
Empirical analysis of classification results which was
vertical (across the years) and horizontal (across the
discriminating schemes) was the preliminary analysis
tool. Comparison of classification results produced by
models was done with the help of ROC curves. Paired
Sample t-test was used for hypothesis testing.
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Analysis and Results
The 6 data sets pertaining to year of bankruptcy (t0),
one year prior to bankruptcy (t1), two years prior to
bankruptcy (t2), three years prior to bankruptcy (t3),
four years prior to bankruptcy (t4) and five years prior
to bankruptcy (t5) were run through Logistic Regression
(LR) and Artificial Neural Network (ANN) by SPSS. The
classification accuracies of models and validated results
have been discussed in the following section.

Models Overall Classification Accuracies
The following Table 1 shows overall classification
accuracies in percentages displayed by Artificial Neural
Network (ANN) and Logistic Regression (LR). The last
column shows the difference between overall classification
accuracies displayed by each models.
Table 1: Overall Classifications through ANN
and LR Models
Years

Overall ANN Model

Overall LR Model

Difference:
ANN-LR

T0
T1
T2
T3
T4
T5

91.10
84.40
81.50
75.20
75.00
70.20

89.70
83.90
77.59
73.56
70.12
69.54

+1.40
+0.50
+3.91
+1.64
+4.88
+0.66

Source: SPSS Output.

Both the models showed the highest classification
accuracy for the year t0 and the lowest for the year t5.
This was because of diminishing discriminating capability

Table 2: Predictors Prediction Capability
Years

Numbers of Poor

Poor Predictor’s p-value of F statistics/Chi-square statistics [>0.05]

Predictors

T0
T1
T2
T3
T4
T5

2
1
3
4
4
6

Source: SPSS Output.

CL/CA [0.733], CHIN [0.101]
CL/CA [0.623]
WC/TA [0.346], CL/CA [0.271], CHIN [0.187]
SIZE [0.095], WC/TA [0.504], CL/CA [0.883] & OENEG [0.202]
SIZE [0.223], WC/TA [0.975], CL/CA [0.485] & OENEG [0.469]
SIZE [0.272], WC/TA [0.892], CL/CA [0.289], CHIN [0.136], FO/TL [0.097] & OENEG [0.35]
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Figure 2. Receiver Operating Characteristic Curve

Source: SPSS Output.

of predictors across the years. The year of bankruptcy,
t0 had maximum discriminating capability possessed by
predictors. This was obvious as bankrupt companies were
financially strained at the year of filing for bankruptcy
whereas their counter parts (in the analysis, non-bankrupt
and healthy companies) were not experiencing any
financial strain as captured by predictors or financial
ratios. However, 5 years prior to year of bankruptcy,
both categories of bankrupt and non-bankrupt did not
have so differentiable predictors or, in other terms, both
the categories were almost the same. Table 2 shows poor
prediction capability of predictors judged through F-test
for continuous predictors and through Chi-square test for
categorical predictors at 5% level of significance.
The comparison of overall classification accuracies
clearly favoured the supremacy of ANN over LR. All
years showed marginally higher classification accuracies
by ANN models. In the year’s t2 and t4, the differences
were impressive in the tune of 3.91 and 4.88 respectively.
The differences were found significant at 5% level

of significance with p-value as 0.032 associated with
Paired Sample t-test. Prior to Paired Sample t-test, the
classification accuracies displayed by ANN and LR were
tested by One Sample Kolmogorov Smirnov test and
p-values were found as 0.939 and 0.987 respectively.
Thus, necessary condition for applying Paired Sample
t-test was met.
The above results were crosschecked by the areas
under Receiver Operating Characteristic Curves (ROC)
captured by ANN and LR. ROC curves are plotted
against (1-specificity) on X-axis and sensitivity on Y-axis
for a range of cut-offs. Sensitivity is the probability of
classifying a case wrongly when the case belongs to
category 1. This is termed as Type I error in the domain
of terminologies used for explaining classification results.
Similarly, specificity is the probability of classifying
a case wrongly when the case belongs to category 0.
This is termed as Type II error. ROC curves are used for
comparing different discriminating schemes. The closer
the ROC curve towards left top corner, the better the
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Table 3: Area under Receiver Operating Characteristic Curves through ANN and LR Models
Years

Area under ROC Curve ANN Model

Area under ROC Curve LR Model

Difference: ANN-LR

T0
T1
T2
T3
T4
T5

95.40
91.60
89.30
81.40
81.20
74.60

95.40
91.30
86.30
80.60
80.80
75.70

0.00
+0.30
+3.00
+0.80
+0.40
-1.10

Source: SPSS Output.

curve is. Judging closeness of two ROC curves towards
left top corner is a subjective matter which is resolved by
the term ‘area under ROC curve’. Area under ROC curve
is an indication of efficiency of classification scheme.
Thus, the higher the area under ROC curve, the better
is the discriminating scheme. ROC curves are generated
for ANN by SPSS V 20; however, for LR, these are not
default output. ROC curves for LR were generated by
separate commands through SPSS V 20.
A typical ROC Curve has been shown in Figure 2.
The Table 3 shows the areas under Receiver Operating
Characteristic Curves captured by ANN and LR across
the years. The last column shows the differences in areas
under ROC curves captured by ANN and LR models.
As evident from the above table, areas under ROC curves
were marginally higher in case of ANN models across the
years. Besides, year t3 which showed higher area captured
by ANN model by 3.00 percent, rest of the years were
marginally higher in case of ANN models. The differences
were found not significant at 5% level of significance with
p-value as 0.352 associated with Paired Sample t-test.
Prior to Paired Sample t-test, the areas under ROC curves
captured by ANN and LR were tested by One Sample
Kolmogorov Smirnov test and p-values were found as
0.964 and 0.943 respectively. Thus necessary condition
for applying Paired Sample t-test was met.
The Overall classification results and Areas under ROC
curves captured by ANN and LR models were better for
ANN models; however, the final verdict can be framed
only after analyzing Validation results which are discussed
below.

Validated Overall Classification Accuracies
We took out 44 cases (22 bankrupts and 22 non-bankrupts)
out of initial paired samples of 218 cases for each of six
years for validation purpose. These 44 cases were not used
for model building. The models were first saved in xml
files and then later applied by Scoring Wizard commands
available under Utilities in SPSS V 20 software.
Table 4 shows the Validated Overall classification
accuracies displayed by ANN and LR. The last column
shows the difference between overall validated results
displayed by ANN and LR.
Table 4: Overall Validated Classifications through
ANN and LR Model
Years Overall validation by

T0
T1
T2
T3
T4
T5

Overall validation

Difference:

ANN Model

by LR Model

ANN – LR

100.00
79.56
79.56
72.73
63.64
63.64

97.73
81.82
81.82
72.73
52.30
59.10

+2.27
-2.26
-2.26
0.00
+11.34
+4.54

Source: SPSS Output.

Validated results were the same for year t3, higher by LR
models in years t1 and t2 both by 2.26 percent and higher
by ANN models for years t0, t4 and t5. The lead taken by
ANN model over LR model for year t4 was spectacular
in the tune of 11.34 percent. These mix results could
not show supremacy of any model over another. Paired
Sample t-test showed p-value as 0.331 which was not
significant at 5% level of significance, thus confirming the
statistically same performance by both the models. Prior
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to Paired Sample t-test, the validation results by ANN and
LR were tested by One Sample Kolmogorov Smirnov test
and p-values were found as 0.866 and 0.993 respectively.
Thus, necessary condition for applying Paired Sample
t-test was met.
As a commonly accepted/practiced rule of thumb
(gathered through extensive literature review) of
considering a classification accuracy more than 70% as
good classification accuracy depicts that both ANN and
LR models could display good validated results till year
t3 (three years prior to bankruptcy).

Conclusions
In this work, we compared the classification accuracies
of bankruptcy prediction models based on Logistic
Regression and Artificial Neural Networks. Based on
Overall Classification results, areas under Receiver
Operating Characteristic Curves and Validated Overall
Classification results, models based on Artificial Neural
Network were found marginally better. Our findings were
in line with the findings of Luther (1994), Zhang (1999)
and Lin (2009). However, stability of ANN remains an
issue which needs attention by technique developers.
Altman had mentioned in his paper pertaining to study
with Italian data that the behavior of the network became
at times unexplainable and unacceptable. Altman had
further mentioned in the same paper that ANN had shown
enough promising features to provide an incentive for
better implementation techniques and more creative
testing.
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Sentiment Analysis of Swachh Bharat Abhiyan
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Abstract
The present paper is about the social media analytics.
It is a new tool to analyse the behaviour of the users
who use social networking sites and other social sites
like blogs, forums etc. Every organisation uses this
tool to analyse their customers. Even the government
agencies are using these analytical tools to get
the feedback of their newly launched missions and
their policies. In this paper the sentiment analysis of
Swachh Bharat Abhiyan is done with the help of tweets
extracted from twitter. Tweets regarding Swachh Bharat
Abhiyan are extracted with the help of an open source
software R-studio. The geo-locations of tweets are also
extracted in the software and the results are plotted
on the map of India. The pattern of tweets is analysed
and the popularity of the mission is evaluated. The
word cloud of the popular and the most used words is
also formed in the R-studio software. With the overall
analysis, the popularity of the mission is perceived
according the regions on the map of India, and the
strategies can be applied to popularize the campaign
in the lesser known regions of India.
Keywords: Swachh
Bharat,
Geo-Location, Campaign

Word

Cloud,

Introduction
Swachh Bharat Abhiyan is a special campaign by the BJP
government to clean the roads, streets and infrastructure
of the country. It is the visionary mission launched by our
honourable Prime Minister Shri Narendra Modi. It was
launched on 2nd October, 2014. This campaign is one of
the India’s biggest campaign, covering around 3 million
government employees. This mission is widely popular
among the citizens of the country as it directly gives
*
**

them the responsibility to clean up their own country.
The cleanliness campaign is also covering the schools,
colleges and universities. The Prime Minister also
nominated the nine big personalities of the country and
also gave them the responsibility to nominate nine more
people to join the campaign, making a chain to increase
the participants of the mission. The aim of the campaign
is to achieve the vision of cleanIndia by the year 2019.
The main objectives of the campaign are to finish up the
manual scavenging and to eliminate the open defecation
which is the main cause of the tuberculosis in India. The
construction of individual, community and cluster toilets
were also included. The villages should be cleaned and to
lay water pipelines in the villages to ensure 24 hour water
supply to all the households by 2019.

Review of Literature
Social media produces massive amount of data (Ediger et
al., 2010).Twitter is a micro blogging service where users
create messages called tweets. These tweets sometimes
express opinions about different topics (Go, Huang &
Bhayani, 2009). Social media is used as the official media
platform by the celebrities, politicians but the research
can be centred around the events also (Tumasjan et al.,
2010). Millions and trillions of users share their opinions
on social media sites. Athletes use tweets to interact with
their fans. Twitter feeds can also be used for emergency
events like natural disaster and crisis management during
or after the time of disaster(Zielinski et al., 2012). The
research can be done in English or any other language,
where relevant tweets can be classified and extracted.
Sentimental classifier is able to determine the neutral,
negative and positive tweets. Algorithm can be made
accurately to classify Twitter messages as positive or
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negative, with respect to a query term (Go et al., 2009).
Searching the tweets can be more easily done by using the
hashtags ahead of the subject to be searched. Hashtags are
used to categorise the messages in the twitter. With the
use of the hashtags, twitter users can propagate the ideas
and promote specific topics and people. Hashtags are used
to streamline the search and at the same time, to increase
the effectiveness of the research (Wang et al., 2011). But
the biggest problem is the size of an unstructured data,
which is in chunks, and there can be lot of repetition
in the data, so this unstructured data should be taken in
large volumes and therefore more complex algorithms are
used to classify very high number of tweets. Linguistic
features can also be used to identify the language used
in the tweets. The research is also done on how many
retweets came and what are the factors contributing to the
retweets (Naveed et al., 2011). The researchers brought
much attention to the data from the tweets as the data
is very irregular due the 140 character limits put on the
tweets (Saif, He & Alani, 2012). The authors show how to
automatically collect a corpus for sentiment analysis and
opinion mining purposes. Using the corpus, the authors
build a sentiment classifier that is able to determine
positive, negative and neutral sentiments for a document
(Pak & Paroubek, 2010).
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Objectives
The objective of the research paper is to do the sentimental
analysis on the cleanliness campaign launched by the
present government. The analysis will give the perception
of the citizens regarding this new campaign. The second
objective of the paper is to find the location of the tweets
regarding the Swachh Bharat, and then plot them on the
map of India to check the popularity of the mission. The
third objective of the paper is to make a word cloud of
the tweets which will prompt the most used words in the
tweets.

Research Methodology
The data related to the research are the unstructured data.
The unstructured data are extracted from twitter in the
form of tweets. For extracting the data from the twitter
we used open-source R-Studio software which is based
on windows platform. First of all the developer account
has to be created in the twitter, and then the application
to mine the text is created in the application account of
the twitter. In this application, keys and tokens were
generated. With these keys and tokens, authorisation
is provided by twitter to extract the tweets. In R-studio
software, these tweets were extracted with the help of

Figure 1: Function for Sentiment Analysis
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some text mining packages. When the extraction of
tweets is done, the analysis is done on the set of tweets.
In the analysis part, we are categorising the tweets into
the positive tweets, negative tweets and neutral tweets. It
is done with the assistance of text files having the list of
positive and negative words. With these lists tweets are
compared and the positive and negative ratings are given
to the tweets. The rated tweets are plotted on the pie chart
with the help of which analysis is done.
Figure 1: shows the function for sentiment analysis. With
this function the tweets are rated to positive, negative and
neutral.
The word cloud of the tweets is the pictorial representation
of the words in the software. It will highlight the most
used or talked about words in the middle of the cloud.
With this cloud some prominent parts of the mission
can be detected. The cloud can also prompt us about the
important subjects of the mission. The word cloud is
created with the help of the word cloud package and then
the word cloud function is created to display the word
cloud.
The Highlighted Portion of the Screenshot in Figure 2
Shows the Word Cloud Function
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The geolocation of tweets is done with the assistance
of ggplot package and maps package.The tweets are
extracted according to the location. According to the
research, tweets should be extracted from the Indian
region. So the longitude and latitude of the area is given
from the south-west corner to the north-east corner in the
command interface and the tweets will be extracted from
this bounded region. Maps package will print the map in
the software and ggplot package will plot the extracted
tweets from the twitter on the map. The geo-located
tweets will give the pattern on the map, and will give the
region from where more number of tweets are coming.
The tweets which are fetched according to the Indian
region will be saved in bharat2.json file. Then these
tweets be cleaned for the relevant text, and then plotted
on the world map.

Analysis And Discussion
When the tweets are extracted from twitter on
swachhbharat, then the sentiment analysis is done on the
tweets. Analysis is done through pie chart, as shown in
Figure 4. Pie chart clearly explains that twitter users are
having a liking towards the swachhbharat mission as there
are very less negative responses towards the campaign.

Figure 2: Word Cloud Function
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Figure 3: Steps to Save Tweets in bharat2.json file

Figure 4: Analysis Through Pie Chart
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Figure 5: Word Cloud of the Tweets

There is more number of neutral and positive responses
on this campaign. This clearly explains that the people of
India are adapting to this kind of campaign.
Word cloud of the tweets is also made in the software. In
the word cloud it is clearly seen that the Narendra Modi
is a heavily used word, as it is seen in the middle of the
cloud. This shows that he is an integral part of the mission.
It is a well-known fact that he is the creative mind behind
this whole campaign. The word “clean” is the most
highlighted word in the word cloud. This indicates that
the twitter users, who are sending tweets on the twitter
about the Swachh Bharat were more concerned about
cleanliness, which is the main objective of this campaign.
Tweets are extracted from the Indian region to see the
popularity of the region, from where the people are

more concerned about the Swachh Bharat. When the
tweets are plotted on the map of India then the tweets
are easily distinguished on the basis of their recurrence.
More number of tweets are coming from northern and
southern region of India as it is clearly seen on the
map. That means the campaign is more popular in these
regions. The campaign has started from New Delhi, and
that is the only reason it is very popular among them. In
the southern region, the campaign is popular in the state
of Tamil Nadu. The campaign is not so popular in the
Gujarat region and in other states of India. Many tweets
have been received from the neighbouring countries also.
This shows that campaign got worldwide popularity and
the new government is connecting with the neighbouring
countries in a positive way.
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Figure 6: Origin of Tweets
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should be encouraged in the central parts of India also.
The campaign has been accepted by the people, so this
initiative can be easily extended to the lesser known
regions also.
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Twitter is the emerging social media tool, and every
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initiative by the Indian Prime Minister.
In this analysis many loopholes are also found for the
campaign. Though the campaign is popular and is very
much appreciated, but still it is not popular in the central
region of India. Very less number of tweets has been
received from these parts of India. Northern part of the
India is also less involved in this campaign. The main aim
of this campaign was cleanliness and the tweets show that
‘clean’ is a highly used word in the tweets as shown in the
word cloud.
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