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Abstract  
This study sets out to identify the factors determining Initial Public Offerings (IPO) in India. The sample for our 
study covers on a monthly frequency from April 2001 through December 2017. Where, volume of IPO, i.e., 
number of companies that have gone public is taken as the dependent variable and it is regressed on variables that 
capture the macroeconomic scenario as well as investor’s confidence. Having a count dependent variable, we have 
employed Poisson regression and negative binomial regression techniques to estimate the parameters. The results 
from our study confirms the significance of the chosen variables in determining IPOs in India. However, it is the 
role secondary market variables like stock returns, liquidity and volatility that stands out prominent among other 
factors like economic growth, interest rate, inflation, credit and FII’s. Apart from these conventional variables, we 
also find investor’s perception about businesses measured by business confidence index (BCI), to be an influential 
factor in determining the volume of IPOs.          
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1. Introduction 

Initial Public Offerings (IPO) is the process by which a private company sells its shares of capital 
stock to the public for the first time in the primary market. This is also referred as ‘going public’, 
meaning owners of the company give up a part of their ownership to those who buy their shares. 
For companies, IPOs are a source of capital to grow and expand their business. Whereas, for 
investors IPOs are an excellent choice for investment as they are more profitable when compared 
to returns from the secondary market. For the economy, IPO markets are indicators of economic 
performance as higher number of companies going public in a particular time period could point 
towards expansionary or stable economic environment (Lowry, 2003).  
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Indian economy has seen a significant increase in the number of companies that have gone public 
in the recent times (see figure-1). During the calendar year 2001, the number of companies that 
had gone public in India was as low as 17, from there, in year 2017 we notice a significant surge 
in the IPO market where, as many as 169 companies have floated their shares. In terms of its 
monetary value, the amount raised in IPO market has increased from Rs. 588 crores in 2001 to 
Rs. 68718.84 crores in 2017. Initial signs of an IPO boom were noticeable right from late 2004, 
nevertheless, this rising trend failed to sustain for long. Starting from 2007 to until about 2013, 
except for few spikes, the trends in IPO were more or less stagnant. Quite naturally, one could 
relate this period of decline between 2007-08 through 2013 to financial crisis and its 
repercussions.  

 
Data source: Securities and Exchange Board of India (SEBI)    

 
Figure 1 - Volume of IPOs from April 2001 through December 2017 

In this context, India’s domestic macroeconomic performance (see table-1) during the periods 
(1st) starting from 2004 through 2007, (2nd) 2008 through 2013 and (3rd) from 2014 through 
2017 has been significant. The average economic growth during the first period was one of the 
highest since independence at 9.07 percent. Once again, as it was in case with IPO, the growth 
rates slipped to 6.85 percent during 2008-2013 and then recovered to 7.34 percent during the 
third period. With respect to prices, the five-year period between 2008 and 2014 saw an alarming 
rate of inflation at average above 10 percent. Whereas, for other two periods, inflation was low 
and manageable. The fiscal strength measured by low gross fiscal deficit (GFD) to GDP ratio 
was excellent during first and third period, while it was considerably high at 5.43 percent during 
2008 through 2013. On the financial front, the average returns from stock market were at its peak 
during 2004-2007 period and then declined sharply between 2008 and 2013. Thankfully, the 
markets have shown signs of recovery in the third period, though at a slower pace. Reading these 
trends together with the volume of IPOs in the respective periods, the obvious question is 
whether these factors have contributed to the dynamics in IPO market.  
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Table 1 - Economic Indicators 

Period Years 
Annual average 
growth rate in 

GDP 

Rate of 
Inflation (CPI) 

GFD/GDP 
ratio 

Stock returns 
(BSE) 

1st 2004-2007 9.07 5.13 3.43 37.32 

2nd 2008-2013 6.85 10.05 5.43 9.34 

3rd 2014-2017 7.34 4.96 3.69 13.68 

Data source: GDP and Inflation from the World Bank database, GFD/GDP ratio from RBI handbook of statistics 
and Stock returns calculated as y-o-y growth rates of closing price of BSE Sensex.    

However, in spite of its significance in influencing businesses at large, the relationship between 
macroeconomic variables and IPOs are seldom explored. Early evidences for relationship 
between IPOs and macroeconomic variables could be found in Loughran, Ritter and Rydqvist 
(1994) analyzing IPO markets in as many as 52 countries. Their study found relationship between 
stock prices and timing of IPOs to be positive. Similar results were also reported by Rydqvist and 
Hogholm (1995), Jenkinson and Ljungqvist (2001), and Breinlinger and Glogova (2002) for 
European countries. A common thread connecting these studies is that they all reported 
insignificance of business cycles measured by trends in GDP and IIP in determining IPOs. 
Whereas, authors like Rees (1997), and Angelini and Foglia (2018) for the UK market, Tran and 
Jeon (2011) for the US, Ameer (2012) for Malaysia, Meluzin and Zinecker (2014) for Czech 
Republic and Poland have argued for significant positive association between economic growth 
and IPOs.  

Apart from stock returns and various measures of economic growth, several macroeconomic 
variables such as interest rates (e.g., Baru, Francis and Kohers, 2003; Jovanovic and Rousseau, 
2004), volatility (e.g., Gleason, Johnston and Madura, 2008), liquidity (e.g., Ameer, 2012) are also 
found to be important in determining volume of IPOs. Nevertheless, common consensus is that, 
stock market returns and strong economic fundamentals are important in providing favorable 
market conditions to encourage firms to go public. An anomaly from this agreement could be 
Angelini and Foglia (2018) finding no evidence for relationship between stock market returns and 
IPOs in UK. At this stage, it is also important to take note of Tran and Jeon (2011), where the 
authors have examined the relationship between aggregate market conditions and proceeds raised 
through IPOs. According to them, the 10 years US yield and the Fed fund rates play a significant 
role in raising the IPO proceeds, whereas; stock market performance, volatility, liquidity and 
economic growth are important while determining timing of IPOs.         

Studies relating to IPOs in Indian market have majorly focused on various issues such as initial 
performance of IPOs (e.g., Krishnamurti and Kumar 2002; Sehgal and Singh 2008) long run 
performance of IPOs (e.g., Das, Saha and Kundu 2016; Dhamija and Arora 2017a), underpricing 
of IPOs (e.g., Bansal and Khanna 2013; Dhamija and Arora 2017b) etc. A closely related study 
analyzing determinants of IPOs in Indian setting could be Mayur and Kumar (2013) analyzing the 
impact of firm level factors such as size and age of firm, ratio of intangible assets to total assets, 
growth of sales etc. in determining firm’s decision to go public. However, as one could notice, 
the chosen variables are related to firm specific factors rather than economy wide indicators. A 
probable reason for dearth of studies exploring the significance of macroeconomic fundamentals 
in influencing IPO volume could be the premature stature of the Indian primary markets. As per 
the SEBI Investor Survey (SIS) report by SEBI (2017), only 3 percent of its survey participants 



EEccoonn  RReess  GGuuaarrdd                          3300                                                                                                                                22002211  

invested in IPOs. However, this is expected to change in the coming days with Application 
Supported by Blocked Amount (ASBA) IPO application developed by SEBI.  

Thus, for the current study we set out our objective as, determining economy wide factors that 
influence the volume of IPOs in India. For this purpose, we have considered data from April 
2001 through December 2017 on a monthly frequency. The volume of IPOs is measured in 
terms of count integers, i.e., number of companies that have gone public during the sample 
period. In the IPO literature, macroeconomic factors are defined as all those external factors that 
are not firm specific. In such a formulation, macroeconomic indicators such as GDP, inflation, 
interest rates and the aggregate financial aspects captured by secondary market variables like 
stock returns, volatility etc. are considered under the broad title, ‘macroeconomic determinants’. 
However, in following study, we depart from this usual procedure and have independently 
looked at the impact of macroeconomic variables and secondary market variables on determining 
the volume of IPOs in India. While macroeconomic variables account for the aggregate 
economic scenario, secondary market variables are taken as measures for investor’s 

sentiments/confidence in the market
1
. Nonetheless, to capture investor’s confidence in a specific 

way, we also include business confidence index (BCI) as one of the independent variables. For 
now, we end this discussion at this stage and these issues will be taken at length while we explain 
the theoretical model.  

2. Modelling count data 

While estimating regression model using the ordinary least squares (OLS) methodology, an 
important underlying assumption is that the errors follow normal distribution. However, this 
assumption could be violated when we have count dependent variable. A count refers to number 
of specific events occurred during a given time period. Such data could potentially lead to 
situations where we may have value ‘zero’ for the time periods when the event is absent. During 
our sample period, IPO volume takes ‘zero’ value in as many as 25 months (see figure-2). In such 
cases, according to authors like Hammer and Landau (1981), and Gardner, Mulvey and Shaw 
(1995), OLS regression can lead to a situation where the sampling statistics may significantly 
differ from the population parameters. This could affect the accuracy of standard errors and 
increase the rate of Type I or Type II error. i.e., either misidentification of non-existent 
relationships or true relationship not being discovered (Sturman, 1999).  

                                                 
1 As pointed out by Baker and Wurgler (2007), investors sentiments can be broadly defined as perceptions about the 
future cash flows measured by current returns and market volatility capturing investment risks. 
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Figure 2 - IPO volume and Frequency 

Literature in the field of applied statistics suggests that one could transform the count data to 
overcome the methodological shortcomings of OLS regression. One such example could be 
square root transformation as suggested by Johnson and Wichern (1998). However, such a 
transformation might not overcome the problem, as square root transformation retains the zero 
values as it is in the original data. Moreover, authors like Tabachnick and Fidell (2007), have 
criticized such transformations as it may lead to difficulties in interpretation of the results. 
Alternatively, we could transform the count data into binary data, which can be easily estimated 
using Logit and Probit models. In our problem, we could achieve this by assigning ‘0’ (zero) to 
those months with no IPO activity, and for all other months irrespective of how many IPO’s are 
issued we could assign value ‘1’ (one). Binary transformation might be helpful when the problem 
is just to verify whether an event has happened or not. Nevertheless, this might not be useful for 
the present study, as our objective is to analyze the significance of the selected variables in 
determining the volume of IPOs.  

Also, by transforming count data into binary data, a potential problem is loss of information and 
misinterpretation, as meaningful variation in the data may be ignored (Greene, 2002). For 
instance, while assigning the value ‘1’, we are indifferent between those months that had just a 
single public issue and those which had as many as 40 companies going public. This definitely is 
loss of information. Sturman (1999), have a detailed discussion on transformation and alternative 
estimation procedure involved in modelling count data. His results assert the superiority of 
negative binomial regression over other techniques such as OLS, OLS with transformed 
dependent variable, Tobit model, Poisson regression, over-dispersed Poisson regression, ordinal 
logistic regression and ordinal probit regression. Some prominent references for specification and 
estimation of count models can be Wooldridge (1997), Cameron and Trivedi (1986, 1990, 2005), 
Long and Freese (2001), Greene (2002, 2007, 2008), and Hilbe (2014) among many. In the 
following discussion, we will present a brief summary of Poisson regression leading to a short 
narrative on Negative Binomial regression. 
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2.1. Poisson regression model   

Most popular and traditional way of dealing with discrete count dependent variable is to use 
Poisson regression technique. Ease of estimation and its extension to regression framework have 
made Poisson models popular while estimating count data. A detailed mathematical coverage on 
Poisson regression and methodology of estimation can be found in Greene (2002, 2007 and 

2008). In a Poisson model, conditional density function for    given     can be represented as 
follows.   

           
                

  

   
    (1) 

Where,                                             (2) 

Equation (2) represents one of the corner features of the Poisson model where the conditional 

mean and conditional variance is equal and is given by   . However, this equality of conditional 
mean and variance (commonly referred as equidispersion) is the major disadvantage of the 
Poisson model, as the observed data may tend to show significant overdispersion (Cameron and 
Trivedi, 1986). In presence of overdispersion, the Poisson model is misspecified. Nevertheless, 

assuming the assumptions are valid, we could use maximum likelihood technique to estimate   
by maximizing the following log likelihood function.  

               
                                   (3) 

If the conditional mean is specified correctly, with    following Poisson distribution, then the 

estimated   will be consistent and efficient. Yet, for the Poisson results to be valid, we need to 
first ensure that the assumption of equidispersion is not violated. As noted by Cameron and 

Trivedi (1990), in most of the count models, overdispersion takes the form of              

                   . Where,   is the unknown parameter and   generally taken as    
 
. The 

test for overdispersion can be performed under the null hypothesis,                      
or    . The alternative hypothesis takes the form     and with overdispersion, we will have 

value of       This hypothesis can be tested through an auxiliary regression by using the 
predicted values of dependent variable from the Poisson model. Formally, the Cameron and 
Trivedi (1990) test for overdispersion can be expressed as follows:   

 
         

    

   
    

      

   
         (4) 

This regression is estimated using the OLS technique without constant term.    as usual is the 

error term. From equation (4) if the estimated coefficient for      and significant then we can 
conclude that there is over dispersion in the Poisson model.    

2.2. Negative binomial regression model2   

As mentioned earlier, Poisson model is misspecified when the equality of conditional mean and 
variance is violated. In such situations, negative binomial regression can be used as an alternative 
formulation that relaxes the restrictive assumption of equidispersion. In case of equidispersion, 

                                                 
2 The mathematical equations for this section are drawn from Wooldridge (1997).   
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the negative binomial distribution converges to Poisson distribution (Sturman, 1999). In fact, 
Cameron and Trivedi (1986) terms Poisson model as a special form of negative binomial model 
with equidispersion. The log likelihood for the negative binomial regression is given by,  

                 
     

              
 

                             
 

    

              
 

  
           (5)  

In equation (5)    is the variance parameter and this should be jointly estimated with the 

conditional mean,  . Since negative binomial regression is generally used when the data is 

overdispersed i.e.,                , conditional mean and variance need not be equal and 
they can be expressed as follows:  

                                (6) 

                                         (7)  

From equation (7), we notice that    is the difference between the conditional mean and 

variance. In other words,     it is the magnitude at which conditional variance is greater than the 

conditional mean. Since,     is the squared term, this expression can only be positive and 

therefore we have                             . Analogous to the Poisson model, maximum 

likelihood estimates of negative binomial regression consistent, when distribution of    follows 
negative binomial. 

Yet, maximum likelihood estimators are criticized while estimating count regression based on 
conditional mean. As pointed out by Gourieroux, Monfort and Trognon (1948a), existence of 
dependence between the observations can lead to computational complexity and inaccurate 
estimates for maximum likelihood estimates. Alternatively, quasi-maximum likelihood estimators 
(QMLE) can be employed as they neglect the dependence between the variables. Moreover, 
according to Wooldridge (1997), for a distribution like negative binomial that is based on 
conditional mean and other parameters; maximizing the likelihood function based on all the 
parameters may produce inconsistent estimates of conditional mean. The quasi likelihood 
function for Negative binomial can be written as, 

                  
   

            
        

       

            
    (8) 

As in the previous case,       and is a fixed. For QMLE, this generally taken to be     . 

However, instead of fixing   , one may also follow a two-step quasi generalized pseudo 
maximum likelihood estimator for negative binomial model proposed by Gourieroux et al. 

(1948a, 1948b). Where,    in equation (8) replaced by    . The two steps here refer to (i) 

estimating the value of     and (ii) is the QMLE analysis of equation (8) with    . The most 

common procedure for estimation of     is the one proposed by Wooldridge (1997), where,     is 
obtained by regressing the squared value standardized residual from the Poisson model on 
predicted value of the dependent variable. Formally, this is expressed as, 

         
                 (9) 
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Equation (9) can be estimated using the OLS methodology and the coefficient of   is taken as 

estimator of    . Apart from Wooldridge (1997), one could also estimate the value for     using 
the methodology proposed by Gourieroux et al. (1948b) or Cameron and Trivedi (1986)3. By 
using a two-step quasi-generalized pseudo maximum likelihood estimator for negative binomial 

model, we could obtain the consistent estimators of   without arbitrarily fixing the value for 

     . Moreover, an added advantage of quasi-maximum likelihood method while estimating 

negative binomial regression is that, the estimators are consistent even if    is not following 
negative binomial distribution. 

3. Theoretical framework 

Given the problem in hand, now we turn to explain the theoretical framework followed in this 
study. The determinates of IPO volume are estimated under two separate equations aimed at 
capturing specific objectives. While, one looks at the impact of macroeconomic variables on 
number of IPOs, the second one estimates IPO volume as function of variables that measures 
investor’s confidence in the market. The motivation of such an analysis is to look at relative 
importance of each of these factors in determining the volume of IPOs in India. Our intuition is 
that investor’s sentiments/confidence in the market will be as important as macroeconomic 
factors while deciding to float a company. Before going into explaining the theoretical 
significance of the model, let us first introduce the variables and notations as they appear in the 
equations.  

Table 2 – Variables, Notations and Sources 

Variable Measure Notation Source 

Number of companies that 
has gone public in a given 
month 

Volume of IPO IPO SEBI 

Macroeconomic Variables 

y-o-y rate of growth of IIP 
with 2011-12 = 100  

Economic activity IIP 

RBI Handbook of 
Statistics 

y-o-y rate of growth in CPI 
IW with 2011-12 = 100 

Rate of inflation INF 

Monthly average REPO 
rates4  

Rate of interest 
indicating the monetary 
policy stance 

ROI 

y-o-y rate of growth of 
non-food credit. 

Availability of credit CREDIT 

y-o-y rate of growth of 
foreign institutional 
investments. 

As a proxy for foreign 
private equity flows 

FII 

 
 
 

                                                 
3 For details, refer to Wooldridge (1997).   
4 Monthly REPO rates are calculated as weighted average of REPO rates during a month, with number of days a 
particular rate was applicable as its weight.   
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Secondary Market Variables 

Business confidence index 

Investor’s opinion about 
businesses based on 
developments in 
production, orders and 
stocks of finished goods 
in the industrial sector 

BCI OECD database 

Market volatility based on 
BSE Sensex. 

Investment risk VOLT SEBI 

Natural logarithm of BSE 
Sensex prices. 

Stock market 
performance 

SENSEX 
RBI handbook of 

Statistics 

Market Liquidity. 
Measure of investor’s 
willingness to commit 
resources in the market  

LIQ 

Author’s calculation: 
        

                    
 

Using the variables mentioned in the table 2, the proposed theoretical models could be expressed 
in the form of equations (10) and (11) presented below. The signs below the independent variable 
are the expected sign of respective variable indicating its relationship with the dependent variable.  

I     f     
 

, FII
 

,    
 

,   I
 

, C   I 
 

               (10) 

I     g  BCI
 

,       
 

,    
 

,     
 

     (11) 

In both the equations, number of companies that has gone public IPO is taken as the dependent 
variable. Equation (10) estimates IPO as function of macroeconomic variables; these include IIP, 
INF, ROI, CREDIT and FII. Among these variables, except IIP and FII we expect all other 
variables to be negatively related to the dependent variable. IIP as mentioned earlier is taken as 
proxy for economic activity5. With higher economic activity, we expect it would encourage more 
companies go public as the macro economic environment is positive. Moreover, augmented 
growth rates according to authors like Choe, Ronald and Nanda (1993) and Flannery and 
Protopapadakis (2002) could also lead to expansionary demand shocks that encourage investor’s 
sentiments. Either way, a healthy growth in industrial production may boost the primary market. 
The coefficient for FII measures the impact of foreign private equity flows on the volume of 
IPOs6. This effect is expected to be positive as the higher flow of foreign funds to the market 
may be taken as an indication by the managers to float the company as they can raise capital with 
lower costs. Moreover, this will also help the companies to share their risks with foreign investors 
(Ameer, 2012).       

Higher inflation is not desirable for any economy as it brings in uncertainty with respect to future 
prices (Fisher and Modigliani, 1978). This, according to Pindyck (1988, 1991) and Huizinga 
(1993) could delay the investment process. Therefore, we expect the relation between INF and 
IPO to be negative. The relation between rate of interest and firm’s decision to go public has 
produced mixed reactions about its association. Arguments in favor of direct relationship is of 

                                                 
5 GDP data is not available on a monthly basis; hence, IIP is taken as its proxy.     
6 FII could also be taken as proxy for foreign venture capital funds. Barry et al. (1990), Megginson and Weiss (1991), 
Brav and Gomppers (1997) have shown that IPO market responds positively to venture capital finances. However, 
we could not employ this variable directly, as the data on foreign venture capital funds in India is not available for 
our sample period.  
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the view that at lower interest rates, companies can use debt over IPOs to achieve its capital 
requirements (e.g., Myers and Majluf 1984; Golbe and White 1993; Baru, Francis and Kohers 
2003). Whereas, authors like Jovanovic and Rousseau (2004), and Tran and Jeon (2011) have 
shown that higher interest rates discourage IPO activity as at high interest rates the future 
incomes are heavily discounted; meaning, lower future growth. We are in line with the latter 
opinion and expect higher interest rates to reduce the IPO activity. Moreover, higher interest 
rates can also inflate cost of borrowing thereby delaying new investments. CREDIT in our model 
is non-food credit. This measures the availability of bank credit for the firms for investment 
activities. Given the interest rates, higher availability of credit will encourage firms to go for bank 
debt rather than issuing shares. Alternatively, lesser availability of bank credit may push firms to 
stock market in search of capital (Williamson, 1988). In either way, its association with IPO is 
likely to be inverse.          

Equation (11) takes an alternative formulation, where it estimates IPO as function of variables 
specifically capturing investor’s confidence. From the list of independent variables, it could be 
noted that except BCI, rest of the exogenous variables (SENSEX, LIQ and VOL) in this 
formulation to relates to functioning of the secondary market. According to Ritter and Welch 
(2002), performance of the secondary market is among the most important factors that 
determines firm’s decision to go public. Increase in stock prices are associated with higher 
investor’s demand and their optimism (Baker and Wurgler, 2007). For companies that have 
decided to go public, investor’s optimism can be crucial in determining their timing of when to 
issue its shares. In this setting, we expect stock prices SENSEX and IPO to be positively related. 
A closely related variable capturing investor’s sentiment regarding the business activity can be 
business confidence index BCI. This variable quantifies investor’s opinion about business in 
terms of various business activities like production, sales etc. Higher value of index indicates 
better confidence. This, according to us could be taken as an indicator for timing the IPOs. 
Hence, the relation is expected to be positive.      

Market liquidity LIQ measures how easy it is to trade quickly in large volume. Evidence for 
relation between liquidity and stock market returns in the secondary market is well documented 
in the literature7. With ease of trading, we expect IPO markets to respond positively. Moreover, 
as explained by Tran and Jeon (2010), liquidity can also be taken as “investor’s willingness” to invest 
in the market. Thus, LIQ is expected to have positive sign. Finally, we have volatility VOLT, 
capturing the impact of market risk on the volume of IPOs. There have been studies like Lowry 
and Schwert (2002), Vuolteenaho (2002), Beaulieu and Bouden (2015) etc. analyzing the impact 
of systematic risks at the firm level on IPO activity. The results confirm that systematic risk and 
market wide uncertainty can be used to predict IPO volume. In our study VOLT is measured as 
standard deviation of the natural log of returns calculated from the BSE Sensex. The relation is 
expected to be inverse as higher volatility indicates uncertain returns and higher investment risks 
resulting in lower IPO activity.  

4. Empirical results 

Before we start our discussion about the estimated equations, it is worth recalling that we have a 
count dependent variable IPO and hence we deviate from the normal way of estimating 
regression using the ordinary least squares.  

                                                 
7 Brennan and Subrahmanyam (1996), Jones (2002), Pastor and Stambaugh (2003) can be few among many who have 
explored relation between stock market returns and liquidity.     
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4.1. Poisson regression 

From the estimated equations presented in table 3 using the Poisson regression, we can observe 
that the results with respect to the theoretical relation are in expected lines. The figures below the 

coefficients in ( ) are the  -statistics. 

Table 3 – Estimated results from the Poisson Model  

Variables Macroeconomic model Investor’s sentiments model 

CONSTANT 3.315 -43.901 

IIP 
0.041** 
(6.48) 

- 

FII 
0.001** 
(4.72) 

- 

INF 
-0.071** 
(-6.46) 

- 

ROI 
-0.152** 
(-4.23) 

- 

CREDIT 
-0.035** 
(-7.37) 

- 

BCI 
- 0.262 

(6.36) 

SENSEX 
- 1.936** 

(15.59) 

LIQ 
- 0.512** 

(8.44) 

VOLT 
- -0.462** 

(-6.50) 

** indicates statistical significance at 1%. 
Source: Author’s calculations. 

However, before we draw inferences, we need to check for the Poisson restrictions, i.e., for 
equidispersion. As noted earlier, in the presence overdispersion, the Poisson model is 
misspecified. The results from the Cameron and Trivedi (1990) test for overdispersion is 
presented in table 4. We may recall from equation (4) that a positive and significant coefficient 

for   from 
         

    

   
    

      

   
     indicates inequality of conditional mean and variance and 

presence of overdispersion. While testing for overdispersion, we have denoted       as the 

predicted value for IPO from the model with macroeconomic variables and       for the 
predicted value of the dependent variable from the model capturing IPO as function of investor’s 
sentiments. The results are as follows.  
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Table 4 – Test for overdispersion in the Poisson Model  

 
          

       

    
 

 
          

  
     

    
 

 

    
 

 

    
 

 
0.63** 
(3.35) 

- 

    
 
 

    
 

 - 
0.35** 
(3.43) 

** indicates statistical significance at 1%. 
Source: Author’s calculations. 

From table 4, it is clear that the Poisson restrictions are violated in both the cases, and thus we 
need to re-estimate the equations allowing for mean and variance inequality. To this end, we re-
estimate the parameters using a negative binomial regression.  

4.2. Negative binomial regression 

We now estimate the equations using a two-step negative binomial quasi-generalized pseudo 
maximum likelihood estimator (QMLE) given by Gourieroux et al. (1948a, 1948b). The first step 

is to estimate the magnitude of overdispersion given by   . For this purpose, we use the 

Wooldridge (1997) procedure as mentioned earlier in equation (9).           and 

          in table 5 refers to the standard residuals calculated from the Poisson regression 
equations presented in table 3 for macroeconomic model and investors sentiments model 

respectively. Results from Wooldridge procedure for estimating    is as in table 5. For equation 

with macroeconomic variables, the coefficient for overdispersion       is 0.63 and for the 
secondary market variables, it is 0.35. 

Table 5 – Wooldridge (1997) for estimating     

                               

    
  

0.63** 

(3.39) 
- 

    
  - 

0.35** 
(3.25) 

** indicates statistical significance at 1%. 
Source: Author’s calculations. 

Now, the second step is to estimate negative binomial regression by specifying the rate of 
overdispersion as the fixed variance parameter. The estimated two-step negative binomial 
equations are as in table 6.    
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Table 6 – Estimated coefficients from the two-step negative binomial quasi-generalized pseudo 
maximum likelihood model 

Variables Macroeconomic model Investor’s sentiments model 

CONSTANT 3.149 -48.877 

IIP 
0.048** 
(3.61) 

- 

FII 
0.001* 
(2.23) 

- 

INF 
-0.068** 
(-2.96) 

- 

ROI 
-0.146* 
(-1.98) 

- 

CREDIT 
-0.029** 
(-3.37) 

- 

BCI 
- 0.320 

(4.70) 

SENSEX 
- 1.860** 

(9.11) 

LIQ 
- 0.438** 

(4.01) 

VOLT 
- -0.427** 

(-3.91) 

McFadden’s pseudo-R2  0.04 0.19 

** and * indicates statistical significance at 1% and 5% respectively. 

Source: Author’s calculations. 

Comparing the results from the Poisson regression from table 3 and the two-step negative 
binomial quasi-generalized pseudo maximum likelihood model presented in table 6, it is observed 
that the estimates of the parameters are more or less similar in both the equations. However, 

there is significant difference is in terms of the  -values. It can be noted that the respective  -
values obtained from the negative binomial model are significantly lesser than that of Poisson 
model for all the coefficients. This can the taken as an indication for the presence of 
overdispersion in the Poisson model. The estimates of standard errors in presence of 

overdispersion can be lesser than its true value, thus leading to inflated  -scores (Cameron and 
Trivedi, 1986). This once again point towards the need for estimating the equations using 
negative binomial regression. 

Coming to interpretation of the regression coefficients from Poisson and the negative binomial 
model, it is not as straightforward as in ordinary least squares. Considering the superiority of 
estimates and want of precision, we will stick to interpretation of the two-step negative binomial 
regression presented in table 6. A positive 0.048 coefficient for IIP is interpreted as, 0.048 units 
increase in the expected log count of IPOs for a unit increase in growth rate of IIP8. Similarly, 
with unit increase growth rate of FII, the log count of the IPO is expected to increase by 0.001 

                                                 
8 Alternatively, we could also explain the coefficients as expected increase/decrease by factor of exp (β). For example, 
in case of IIP, there will be increase in expected number of IPOs by a factor of 1.04.     
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units. Whereas, a unit increase in INF, ROI and rate of growth of CREDIT, it is estimated to 
decrease the expected log count of IPO by 0.068 units, 0.146 units and 0.029 units respectively.  

A noticeable difference between the equation with macroeconomic variables and the one 
measuring investor’s confidence is that the coefficients in the latter is significantly higher than the 
former. For increase in BCI, SENSEX and LIQ, the expected log count of IPOs is estimated to 
increase by 0.320 units, 1.86 units and 0.438 units respectively. It is not surprising that SENSEX 
turns out to be the most significant factor. It implies that secondary market plays a crucial role in 
determining the dynamics in primary market. We believe that firms wanting to go public will 
closely watch the movements in secondary market as it doubles as an indicator about market 
sentiments as well as growth. Finally, with increase in VOLT the expected number of IPOs 
decreases by 0.427 units.     

Having explained the theoretical relations, we now move on to check for statistical significance of 

the estimated parameters. At the outset, we note that the individual  -values are significant for all 
the coefficients in both equations. The calculated McFadden’s pseudo-R square values are 0.04 
and 0.16 for macroeconomic model and the investor’s sentiments model respectively. Though 
our R square values are lower than what it is usually taken as a good fit, McFadden (1977) argues 
that the pseudo-R square values are significantly lower and are not as “well behaved” as the ones 
corresponding to OLS regression. Going by this, we could argue that our model gives fairly good 
fit9. As already seen with respect to the estimated coefficients, a higher R squared value for 
investors sentiments model could reiterate on the greater role of secondary market variables and 
state of investor’s sentiments in determining volume of IPOs. Further, to test for the joint 
significance of the estimated coefficients, we perform the Chi-square test for which null 
hypothesis, H0: all the regression coefficients in the model are simultaneously equal to zero. 
Under the given null hypothesis, the test statistic is as follows.  

                                                   
     

             (12)  

Where full refers to model with all the variables and null indicate model estimated with only 

constant. If the calculated value    is higher than the critical value, then we can reject the null 
hypothesis. Further, the likelihood ratio tests can also be used to confirm the need for negative 
binomial model. This is done by checking for significance of α where, α is taken as the measure 
of the dispersion parameter as shown in equation (4). The null hypothesis for the test is H0: α = 
0, meaning dispersion parameter is zero and the model can be estimated using Poisson 
regression. Under null hypothesis, the test statistic is given by, 

                                                                  
     

     (13) 

The calculated values for both the   and   for both the macroeconomic model and investors 
sentiments model is presented in table 7. 

 

 

 

                                                 
9 Studies by Pastor and Veronesi (2005), and Tran and Jeon (2014) have also reported lower R square while 
estimating determinants of volume of IPOs. 
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Table 7 – The likelihood ratio tests for statistical significance of the model 

Variables Macroeconomic model Investor’s sentiments model 

θ 39.46 ~  2 (4) 160.26 ~  2 (3) 

δ 241.46 ~  2 (4) 106.48 ~  2 (3) 

Source: Author’s calculations. 

The   and   values calculated for both the macroeconomic model and investors sentiments 
model is high enough to be greater than the critical value at k-1 degrees of freedom at one 
percent level of significance. Therefore, the null hypothesis is rejected for both the likelihood 

tests. For   it would mean that all the regression parameters are not simultaneously equal to zero 

indicating the overall significance of the model. The significance of    suggests the null 
hypothesis α = 0 is rejected and we could accept for overdispersion in the dependent variable 
under the Poisson model. This reaffirms the need for negative binomial model over the Poisson 
model. 

Finally, we report the comparison between the Pearson residuals (standardized residuals) for 
Poisson regression and negative binomial regression. The results are presented in figure 3 and 4 
respectively for the theoretical model presented in equations (10) and (11). Quite clearly, in both 
estimates, the Poisson residuals are greater than the residuals for negative binomial regression. 
This can be taken as indication for superiority of the negative binomial over Poisson in our 
exercises.    

 

Figure 3 - Standardized Poisson Residuals vs. Standardized Negative Binomial Residuals for 
model with macroeconomic variables based on estimated equations presented in table 3 and 6 
respectively   
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Figure 4 - Standardized Poisson Residuals vs. Standardized Negative Binomial Residuals for 
model with variables measuring investor’s confidence based on estimated equations presented in 
table 3 and 6 respectively   

5. Conclusions 

The current study is intended to identify the determinants of IPOs in India during the period 
from April 2001 through December 2017. To have a clear distinction between the 
macroeconomic factors and those related to investor’s confidence, we estimate two separate 
equations having variables relating to each of them. Under the macroeconomic factors, we have 
considered economic growth, inflation, rate of interest, bank credit and foreign institutional 
investments as the relevant variables. Investor’s confidence is captured by stock market returns, 
volatility, liquidity and business confidence index. IPO activity is measured as number (count) of 
companies that have gone public during the sample period. Having a count dependent variable, 
we have used techniques like Poisson regression model and negative binomial model to estimate 
the parameters from the model. Finally, on finding the evidence for overdispersion in the 
Poisson model, we have drawn inferences about the expected relations from the negative 
binomial model estimated using two-step quasi-generalized pseudo maximum likelihood 
technique.  

The results from our study confirms evidence for statistically significant relation between the 
selected variables and the volume of IPOs. Among the macroeconomic variables, we find that 
stable economic growth and greater flow of foreign institutional investments could be taken as 
positive economic conditions augmenting IPOs. Whereas, we see that IPO activities are on a 
decline during the periods when there is higher availability of credit, increased rate of interest and 
inflation. Amongst variables capturing influence of investor confidence on IPOs, the impact of 
Sensex, business confidence index (BCI) and liquidity is found to be positive, whereas, the effect 
of volatility is negative. These results are in line with theoretical relations.  
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Among the variables, the one that require special mention is BCI. This, in a specific way 
measures investors’ sentiment related to businesses in the country. Positive and significant 
coefficient of BCI points towards importance of investor’s perception about optimism in the 
market while deciding to make public offerings.  A closer look at the results also reveals that the 
impact of secondary market variables measured by stock returns, volatility and liquidity have been 
among the most prominent factors that determine IPOs in India. This is important, as it point 
towards the relation between of activities involved in primary and secondary markets. Finally, 
with respect to traditional macroeconomic variables, it may be argued that their impact on 
decision to float the company while comparing to the secondary market variables may be 
marginal, but still is important.  

In conclusion, the contribution of the current study to existing literature on IPO’s in India are on 
two counts. Firstly, we use the count data regression for identifying the determinants of IPO’s in 
India. Secondly, the study brings forth the significance of macroeconomic variables and investors 
sentiments measured by secondary market variables in influencing decision of a firm to go public. 
For managers, this can be handy while deciding on timing of IPO. From an investor’s 
perspective, findings from our study may help them to speculate on possibility of an IPO based 
on the prevailing economic and financial conditions in the country. This may help them to make 
informed investment decisions.  
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