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Abstract. The purpose of this paper is to examine the influence of demographic 
attributes on investment decision-making. We consider six demographic attributes 
such as gender, age, education, profession, income and number of dependents for 
analysing their influence on the investment decision making of the urban investors of 
the Asansol-Durgapur industrial belt, West Bengal, India and intend to forecast the risk 
tolerance behaviour. Around 2000 respondents took part in our study. The primary 
data were analysed using logistic regression and subsequently, we used the linear 
discriminant analysis method for validation purposes. We notice that gender and 
profession are the two demographic factors that have the most significant impact on 
the financial risk tolerance (FRT) of the retail investors, whereas income and number 
of dependents have negligible impact. 

Keywords: Retail urban investors; Financial Risk Tolerance (FRT); Investor 
Behaviour; Demographic Factors; Logistic Regression; Linear Discriminant Analysis  

1. Introduction 

 One of the evident characteristics of the financial market is volatility which 
necessitates the importance of assessment of risk vis-à-vis any investment decision 
to formulate a portfolio for an investor (Gupta et al., 2019a; Biswas et al., 2019; 
Karmakar et al., 2018). As a result, it is quite imperative to study the pattern of stock 
price movements, returns, dividends, the performance of the constituting 
organizations and the influence of the macroeconomic variables, for example, bond 
rates, interest rates, policy decisions, and global market scenario. A plethora of 
research has been conducted to describe and predict stock market changes. 
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However, conventional models work on the efficient market hypothesis (EMH) which 
assumes that the markets are efficient and stable and investors are rational in 
decision-making. Investment options depend on the fundamental intention to 
maximize the return on investment while minimizing the risk (Toma, 2015). 
However, the ability to withstand a risk level varies from investor to investor 
according to their behavioural nature (Gupta et al., 2019b) which contradicts the 
assumption of EMH that all investors are similarly rational.  

In this context, a strand of literature related to the behavioural influence of 
investors on investment decision-making has emerged in the last two decades. This 
section of growing literature, popularly known as ‘Behavioural Finance’ (BF) has 
been a subject matter of research for policymakers and strategists in recent times. 
The fundamental aim of BF related work is to find out the underlying intention and 
behavioural pattern and psychological aspects such as cognition, personality, and 
emotions of the investors during pre-investment, investment and post-investment 
phases and their reaction to available information (Madition, et al., 2007). BF 
supplements the historical data based prediction of stock price movements for 
deriving a robust model to mitigate the disposition bias (Takeda et al., 2013; Jonsson 
et al., 2017).  BF has its genesis in the seminal work of Tversky and Kahneman 
(1974) who propounded that investors do not behave rationally always and hence, it 
is important to estimate the perceived risk. Over the years since the work of   
Tversky and Kahneman (1974), several researchers contributed significantly to 
developing the gamut of BF (Bayer, Bernheim & Scholz, 2009; Junkus & Berry, 2010; 
Weber, Weber & Nosic, 2013).  

However, demographic factors like gender, race, age, social status, peer group 
influence, and culture play a significant role in shaping out the psychological bias for 
the common investors apart from their economic considerations. Therefore, only 
analysis of the market fluctuations subject to the influence of the company 
performance, and macroeconomic impact and prediction of future stock prices may 
not provide the true picture to analyse the investment decision-making process. For 
understanding the rationale behind the formation of a portfolio, these demographic 
factors also need to be given due considerations. The level of risk tolerance of a 
particular investor largely affects the timing to enter the market, selection of stock 
type, stock holding period, the decision to sell, composition of the portfolio and many 
other issues. For these reasons, the field of BF has been allured a substantial number 
of contributions from several researchers (for instance, Barber and Odean, 2013; Lin, 
2011). In a recent paper, Alwahaibi (2019) has comprehensively pointed out the 
relevance of BF as below: 

“Investment decisions are usually being complicated by emotional process, 
mental mistakes and individual personality traits…….. the objective of having an 
understanding and at the same time predicting the behaviour of an economy is 
intimately linked to understanding individual attitudes towards risk…… behavioural 
finance happens to be a contemporary field that tends to merge the theory of 
behavioural cognitive psychology with conventional economics and finance with a 
view to giving reasons on why individuals made financial decisions that are 
irrational.” 

With this pretext, the present study attempts to discern the impact of the 
demographic factors on the urban retail investors’ behaviours while they make 
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investment decisions, particularly focusing on risk factors. Since every human being 
is treated as a bundle of emotions that defines a unique character, behavioural 
finance studies are always paid off. In addition, as we consider demographic factors 
as influencing variables here, location plays an important role. Here, we focus on 
urban retail investors residing in the three major cities of West Bengal, namely 
Kolkata, Asansol and Durgapur.  If we look at the cities of choice, it is evident that 
predominantly, income is assumed to be the most important factor. However, does 
that mean another influence of demographic factors is insignificant? In this paper, we 
aim to find the answer to this question. Within our search, we found that the studies 
on risk behaviours of urban retail investors are rare in nature. Therefore, this paper 
might be of importance to the research fraternity and policy-makers. The rest of the 
paper is organized as follows. In section 2, we present the demographic variables 
used in this study. Section 3 briefly describes the methodology, while in section 4 
summarizes the results. Section 5 discusses some of the implications of this study. 
Finally, section 6 concludes this paper while highlighting some of the future scopes. 

2. Related Work 

The extant literature shows the relevance and significance of considering 
demographic factors in explaining and predicting the behaviours of the investors in 
formulating investment decisions and selection of portfolios and their reaction to the 
fluctuations in the market conditions. Way back, Chen & Volpe (1998) advocated that 
age, gender and experience significantly influence the risk-taking behaviours of the 
investors. Following this work, Schooley & Worden (1999) noted that the level of 
education has a positive correlation with the risk taking ability of the investors. 
Mutswenje (2009) observed an interrelation between the constructs of BF theory 
and the behaviour of the average investors. Shleifer et al. (2010) argued that 
demographic and socio-economic factors significantly influence the investment 
decision-making process. Dash (2010) contemplated on the financial planning of the 
investors and mentioned that age and gender differences the investors in terms of 
their financial goals and lead to different choices in forming their portfolio at varying 
risk levels. Lutfi (2011) made an attempt to examine the causal relationship among 
the demographic factors such as gender, age, marital status, education, income, and 
the number of a family with the risk taking behaviour and investment pattern of the 
investors and found significant interrelation. Geetha and Ramesh (2012) further 
contributed by considering the dependent variables like period of investment, source 
of information, frequency of investment and degree of analysis in the Indian context 
and observed that demographic factors influence investment decisions. In tune with 
this work, Kannadhasan (2015) further extended by considering factor such as 
occupation. Heena (2015) aimed to ascertain the relationship between demographic 
features and personality elements and risk behaviour of the investors and observed a 
significant impact of income. Chavali and Mohan Raj (2016) endeavoured to address 
the gap between an individual’s perceived and actually obtained return vis-à-vis risk 
tolerance level and presented a notable finding that most often, individual investor 
overestimates their risk tolerance level under the desire of social recognition. 
Alquraan et al. (2016) conducted a study at Saudi Stock Market by considering 
behavioural finance attributes like loss averse, perception of risk and overconfidence 
in addition to demographic factors to examine their impact on investment decisions. 
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The authors noted the significant impact of behavioural finance attributes and 
education on the investment pattern. Lan et al. (2018) carried out a large scale study 
on over 9000 equity investors in China to investigate and predict the investment 
decision behaviour on the basis of demographic attributes and observed that 
demographics is closely associated with investment behaviour. Alwahaibi (2019) 
attempted to classify the investors on the basis of the influences of several 
demographic variables on risk taking abilities of the investors and investment 
patterns. Some other studies in this regard were made by Isidore & Christie (2018), 
Dangi & Kohli (2018), and Raut & Das (2015) to investigate the impact of 
behavioural biases; Gautam & Matta (2016) to examine the effect of attitudinal 
factors on the investment decision-making and Paramashivaiah, Puttaswamy & 
Ramya (2014) to introspect into the investment behaviour of the women investors. 

More recently, Ezekiel and Oshoke (2020) studied the influence of demographic 
factors on investment behaviour of individual investors residing in Edo State of 
Nigeria using the maximum likelihood method of estimation to estimate four 
multinomial logit equations and  showed that educational level, occupation and 
marital status are the main demographic determinants of individual investor’s 
behaviour. The regression results obtained by Nosita et al (2020) indicated gender 
and age to be statistically insignificant but marital status, income, and education to 
be significantly important in determining risk tolerance of about 850 Indonesian 
individual investors.  
In the most recent Indian context, Chaudhary et al (2021) analysed about 500 
responses received from the residents of Haryana state in India using multinominal 
regression and found that gender, residence, and work situation positively affected 
the investment behaviour of respondents. In another work, Chakkaravarthy et al 
(2021) used regression analysis to study the financial risk profile of investors living 
in Chennai city of India and found that the socio demo factors like age, income, 
occupation have a significant influence on the risk taking capacity of the investors 
whereas gender does not have any significant relation with the investor’s risk profile. 

In this paper, we consider six demographic attributes such as gender, age, 
education, profession, income and number of dependents for analysing their 
influence on the investment decision making of the investors of urban Kolkata and 

the Asansol-Durgapur industrial belt, West Bengal, India and intend to forecast the 
risk tolerance behaviour. To the best of our knowledge there is no report in the 
literature which has conducted a study on the investor behaviour of this location 
making our work as the first attempt to understand and forecast investor behaviour 
of this locality. Table 1 summarises the demographic factors considered by us.  

Table 1. Demographic factors and related hypotheses used in this study. 

Demographic 
variable 

Relevance References Hypothesis 

Income (X1) 

The level of income decides 
the affordability and a general 

notion is that once the basic 
needs are met, people tend to 

invest 

Dohmen, Falk, Huffman, 
Sunde, Schupp, and 

Wagner (2011);  Kumar 
& Goyal (2016) 

Higher income 
investor has 

more FRT than 
lower (H1) 

Gender (X2) 
It is evident from the literature 

that there are emotional 
differences among male and 

Jianakoplos & Bernasek 
(2006); Sapienza, 

Zingales & Maestripieri 

Male has more 
FRT than 

female (H2) 
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female investors because of 
the influence of gender. 

Females are susceptible to 
herding than male while later 

is more confident than the 
former. 

(2009); Lin (2011); 
Barber & Odean (2013); 
Kumar & Goyal (2016) 

Age (X3) 

The priorities of life and 
investment goals get changed 
with age. It is seen that young 

aged people are more risk 
taker and get influenced by 
peers while the middle and 

upper middle-aged investors 
are more stable and take 
strategic decisions at an 

affordable risk level 

Prosad et al. (2015);  
Tekçe et al. (2016) 

An investor 
with more 

education have 
higher FRT 

(H3) 

Education 
(X4) 

An educated investor is more 
analytic and informed while 
they are assessing different 

investment options and 
calculative in risk taking. 

Deaves et al. (2010);  
Goo et al. (2010); Ates 
et al. (2016); Pašalić et 

al. (2020) 

The younger 
investor has 
higher FRT 

than older (H4) 

Profession 
(X5) 

 

Profession often determines 
the level of income. A salaried 

person depends on a fixed 
income and most often prefers 
to invest in a structured way. 
It is seen from the literature 

that  optimistic results, 
overconfidence and the 

disposition effect rise with the 
better profession 

Grable & Lytton (1999); 
Prosad et al. (2015) 

Salaried 
individuals 
have higher 

FRT than 
others (H5) 

Number of 
dependents 

(X6) 

Higher the number of 
dependents, higher is the 

burden of running the family 
and lower is the tendency in 

the investment and risk taking 
abilities. Moreover, the nature 

of the financial goals also 
changes with the number of 

dependents. 

Holt & Laury (2002);  
Hallahan, Faff and 
McKenzy (2003) 

An increase in 
the number of 

dependents 
decreases 
FRT(H6) 

3. Research Methodology 

The objective of this paper is to apply statistical methods to the data collected 
from the respondents living in Kolkata, Durgapur and Asansolcities in order to 
develop a simplified model for the prediction of their risk behaviour based on their 
demographic data. With the six above-mentioned demographic factors as 
independent variables, the dependent variable that we want to predict from this 
study is the risk response, i.e., how likely an investor will make an investment 
through risky instruments, namely mutual funds, shares, stocks, etc. Cook and 
Whittle (2015), defined an individual’s risk profile as the extent to which an 
individual prefers certain rewards compared to uncertain yet larger rewards. In 



Bhattacharya et al./Oper. Res. Eng. Sci. Theor. Appl. – First online 
  

 

 

general, the individual who favours a low probability outcome is a risk taker and an 
individual who does not favour a high probability outcome is a risk averse. 

In our work, data were collected from 2000 respondents using a structured 
questionnaire during the period of September to December 2017 from retail 
investors residing in Kolkata covering diverse demographic factors. The 
questionnaire was prepared to keep in mind the typical questionnaires used by 
financial advisors of investment agencies to ensure the appropriateness of the 
survey. The raw data collected were then subjected to Multi-logistic regression 
analysis to develop a model to forecast the probability of the response based on six 
independent demographic variables as above. Age, income and number of 
dependents were measured on ratio scales whereas gender, education and 
profession were measured on a nominal scale. The detailed codes used to categorise 
the responses received against each of the independent variables are listed in Table 
2. 

Table 2. List of independent variables and their response codes used in the study 

Variable Coding 
Income (X1) in INR > 20,000 = 0; 20,000-50,000=1; 50000-120,000; > 

120,000 
Gender (X2) Male = 1; Female = 0 

Age (X3) 20 – 40 = 2; 40 - 60 = 1; Above 60 = 0 
Number of 

dependents (X4) 
0 - 5 (absolute number) 

Education (X5) Under graduate = 0; Graduate = 1; Post graduate = 2; 
Above = 3 

Profession (X6) Salaried = 0; Self-employed = 1 

FRT of an individual investor was the only dependent variable in the analysis and 
was classified into two categories: risk-takers were coded as 1 and risk-averse were 
coded as 0. Respondents were requested to choose the responses that best described 
their financial investments through risky instruments (such as shares, stocks and 
mutual funds) in the percentage of their total savings in order to classify them into 
appropriate. Respondents with more than 30% of total investment in shares, stocks 
and mutual funds were categorised as Risk takers whereas those with less than 30% 
investment in shares, stocks and mutual funds were categorised as Non-risk takers. 

In this paper, we use a widely used machine learning framework such as Logistics 

Regression for the following reasons: 

i) Logistic regression does not assume a linear relationship between the dependent 
(risk) and independent variables (demographic factors). The dependent variable 
must be dichotomous (2 categories) and the independent variables need not be 
interval, nor normally distributed, nor linearly related, nor of equal variance 
within each group.  

ii) The categories (groups) of the demographic factors must be mutually exclusive 
and exhaustive; a case can only be in one group and every case must be a 
member of one of the groups.  
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iii) Logistic regression determines the impact of multiple independent variables 
presented simultaneously to predict the membership of one or two dependent 

variable categories. 

For analysis purposes, we use SPSS (version 20) and python tools in this paper. 

4. Findings and Discussion 

In order to examine whether the data is normally distributed and since the data 
under consideration was relatively large (2000 samples), we perform the 
Kolmogorov-Smirnov test using SPSS the results of which are presented in table 3. 

Table 3. Results of Kolmogorov-Smirnov Test 

Demographic factors 
In

co
m

e 

G
en

d
er 

A
ge 

D
ep

en
d

en
ts 

E
d

u
catio

n
 

P
ro

fessio
n

 

Normal 
Paramete

rs 
 

Mean 1.95 1.37 2.13 2.10 2.05 1.86 

Standard 
Deviation 

.893 .483 .694 
1.19

7 
.874 .873 

Most 
Extreme 
Differenc

es 

Absolute .234 .407 .260 .183 .226 .255 
Positive .234 .407 .260 .183 .226 .255 

Negative -.159 -.275 -.241 
-

.166 
-.175 -.162 

Kolmogor
ov 

Smirmov 
(Z) 

10.45
4 

18.22
1 

11.62
4 

8.20
5 

10.12
9 

11.42
5 

Asymp. Sig. (2 tailed) .000 .000 .000 .000 .000 .000 

In general, if the significance value is less than .05 at 5% confidence level, then the 
data is said to be normally distributed. Table 3 shows that the significance is .000 for 
all demographic variables, which confirms the normality test.  

Logistic regression is used to test the role of demographic factors as a 
differentiating factor as this can handle both continuous and categorical variables. 
The overall model was statistically significant at 5% level. Table 4 compares the 
observed and predicted category of individuals, the degree of their prediction 
accuracy and the success of the classification of the sample. The performance of the 
model was assessed by cross-tabulating the observed response categories with the 
predicted response categories which are shown in the classification table 4. Here, 
whenever the predicted probability was greater than the cutoff value of 0.5, the 
predicted response category was treated as 1. It can be seen in table 4 that the model 
correctly classified 68.20% of non risk takers and 87.70% of those who are risk taker 
with an overall prediction of 81.20%.   
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Table 4. Classification Table Predictor (SPSS) 

Observed Predicted  
 Non-Risk Taker Risk Taker Correct percentage (%) 

Non-Risk Taker 456 213 68.2 
Risk Taker 164 1167 87.7 

Overall Percentage   81.2 

Table 5 shows the logistic regression coefficients- Wald tests, odds ratio (Exp (B)) 
for each predictor used in the FRT model. Table 5 has several important elements. 
The significance of each predictor is explained by Wald statistics which has a chi-
square distribution. Wald can be explained through the significance level. If the 
significance is more than .05 then the hypothesis is rejected. However, in our case, all 
the variables have a significance level 0, which indicates that all the hypotheses are 
accepted and that the logistic regression is statistically significant. This means that 
all the six demographic factors (Income, Gender, Age, Dependent, Education, and 
Profession) are significant and influences the FRT of the retail investor. The high 
values of Exp (B) associated with Gender and Profession (12.290 and 11.079, 
respectively) in table 5 indicate the strong dependence of the investors FRT on these 
two demographic factors. On the other hand, very small values of Exp (B) associated 
with income and number of dependents indicate negligible dependence of the 
investors’ FRT on these two demographic factors. 

Table 5. Logistic regression parameters of the model for FRT 

 B SE Wald Df Sig. Exp (B) 
Income (X1) -3.248 0.263 152.882 1 .000 0.039 
Gender (X2) 2.509 0.293 73.569 1 .000 12.293 

Age (X3) 1.996 0.195 104.757 1 .000 7.357 
Dependents 

(X4) 
-0.953 0.175 29.680 1 .000 0.386 

Education (X5) 1.760 0.301 34.283 1 .000 5.810 
Profession (X6) 2.405 0.214 34.283 1 .000 11.079 

Constant -5.788 0.367 248.428 1 .000 0.003 

To test the goodness of fit, Hosmer - Lemeshow test was conducted as this 
provides useful information about the model. The significance level for chi-square 
was found to be .000, which indicates acceptance of the null hypothesis which states 
that there is not much difference between the predicted and the observed values. 
This result shows that the model is fit with chi-square value at 172.875 of this model 
at 0.01 significance level. This indicates that the logistic regression is meaningful, in 
accordance with the dependent variable related to each specified independent 
variable. 

Logistic regression classifier (LRC) and linear discriminant analysis (LDA) are 
used on the dataset for the purpose of prediction.  Some of the important associated 
hyperparameters for the classifier are reported in Table 6. Each of these 
hyperparameters is tuned using the class RandomizedSearchCV, provided in the 
scikit-learn library of Python. 

 



Does Demographics Influence the Risk Behaviour of Urban Investors? A Machine 
Learning Model Based Approach 

 

 

 

Table 6. Hyperparameters of LRC and LDA 

LRC LDA 

Hyperparameter Value Hyperparameter Value 

𝑡𝑜𝑙 0.0001 𝑠𝑜𝑙𝑣𝑒𝑟 ‘svd’ 

𝑠𝑜𝑙𝑣𝑒𝑟 saga 𝑠𝑡𝑜𝑟𝑒_𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 True 

𝑚𝑎𝑥_𝑖𝑡𝑒𝑟 300 − − −− 

𝑓𝑖𝑡_𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 True − − −− 

For the prediction purpose, the dataset is divided into 70:30 percentage ratio to 
determine the training and testing dataset. Subsequently, LRC and LDA are trained 
on the training dataset and their predictive capability are measured considering the 
testing dataset in terms of five performance metrics, accuracy, precision, recall, f1-
score and receiver operating characteristic (ROC) score. The accuracy, precision, 
recall, f1-score and ROC score for LRC are calculated as 0.80, 0.76, 0.77, 0.77 and 
0.77, respectively. Whereas, for LDA, the corresponding values of accuracy, precision, 
recall, f1-score and ROC score are determined as 0.79, 0.76, 0.76, 0.76 and 0.76. 
Accordingly, we observe that LRC outperforms LDA with respect to each of these five 
performance metrics. Furthermore, we provide the ROC curve and the confusion 
matrix for both LRC and LDA in Fig 1 and Fig 2 respectively.  

Here, it is to be mentioned that for our dataset, we have conducted experimental 
trials on our dataset using various classifiers and eventually observed that LDA and 
LDC generate better ROC scores. Hence, for the comparison purpose of our results, 
we have selected these two classifiers for our dataset in this study. Furthermore, it is 
also observed that the dataset which we have considered consists of only 2000 
instances (samples) which are relatively small to train the machine learning 
estimators. This essentially becomes the limitation of our study. 

The findings above are largely in accordance with previous literature. For 
example, one of the key findings of this study is that salaried men have a much higher 
level of FRT than un-salaried women. This finding is similar to the findings of Croson 
& Gneezy (2009), Grable & Lytton (1999), and Grable (2000) who also suggested that 
men are more risk takers than women. Another important finding of this study is 
that the Profession of the investor (whether self-employed or salaried) has a strong 
influence on the FRT which is also in good agreement with other studies (Shtudiner, 
2019). Also, the finding that the level of FRT decreases with an increase in age in this 
study is consistent with the study of Kannadhasan (2015). 
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(a)     (b) 

Figure 1. ROC curve of (a) LRC and (b) LDA 

 

(a)     (b) 

Figure 2. Confusion matrix of (a) LRC and (b) LDA 

It is generally believed that investors having higher income can afford to take a 
higher level of risk than their lower income counterparts but our study did not 
support this strongly. The reason for this is not well understood but could be 
associated with a number of other factors such as increased level of responsibilities, 
dependants, etc. We also did not see much dependence of the FRT on the number of 
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dependents in the family and the reason for this could be in the perception of the 
dependents in the minds of the investor. If the dependents are perceived by an 
investor as family members irrespective of whether they are also earners, this could 
easily mislead the data implication. 

5. Research Implications 

The findings of this study can be useful to the financial investment 
agencies/advisors in identifying their potential clients living in the cities of Kolkata, 
Asansol and Durgapur who are likely to make investments through risky instruments 
such as stocks, shares, etc. based on demographic factors such as gender, profession, 
age and education. However, for better accuracy of prediction, the study would 
require the inclusion of more demographic details such as information on the 
number of earners in the family, ethnic origin, marital status, etc.  

6. Conclusion and Future Scope 

In this article, we have made an attempt to investigate the influence of six 
independent demographic factors which may influence the financial decision of the 
individual retail investors residing in the three major cities of the Indian state of 
West Bengal. The study specifically focuses to forecast the probability of investment 
(through risky instruments such as stocks, shares and mutual funds) of a retail 
investor based on his/her demographic information such as income, gender, age, 
number of dependents, education and profession for retail investors residing in the 
cities of Kolkata, Asansol and Durgapur. We use the multi-logistic regression analysis 
to determine the influence of these factors which revealed that gender and 
profession are the two demographic factors that have the most significant impact on 
the FRT of the retail investors whereas income and number of dependents have 
negligible impact. Also, our multi-logistic regression analysis predicted the number 
of investors with high FRT (risk takers) with up to 81.2 % accuracy.  

The study does suffer from certain limitations. From the perspective of data 
collection, some investors may refuse to answer certain questions which can cause 
difficulty in classification and in turn introduce some biases in the data. Another 
problem regarding demographic variables is the fact that certain groups are overall 
more risk seeking or risk averse, but this does not necessarily mean that the 
questioned individual always acts in coherence with this group. Men for example are 
considered more risk tolerant than women, but there are definitely other women as 
well who are more risk tolerant than the average man. So the problems of certain 
exceptions always pertain. According to Jianakoplos&Bernasek (2006), there is even 
a difference between actual risk tolerance and stated risk tolerance as they found 
that many men verbally claiming to be more risk tolerant were actually non risk 
taker when measured by their actual investments. Market volatility and political 
instability may also have a strong impact on the financial risk decision of an informed 
retail investor and thus is a limitation of the current research.  

It is worth noting that demographics alone may not be sufficient to classify retail 
investors into different categories since the socio-economic and attitudinal factors 
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may also influence the financial risk decision of an investor (Grable &Joo, 2004). 
Financial education of the investor is another parameter that may be included in 
future studies. More sampling from a larger number of respondents with information 
on additional demographic factors such as marital status, number of earners in the 
family, financial education, ethnicity, family background, personality, etc., would 
establish a more generalised model for predicting the retail investors' risk category. 
Such studies may be extended to retail investors residing in other parts of India and 
can also be compared with institutional investors based on the same demographic 
factors.  
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