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 Abstract  

 We evaluate the role skin tone plays in the likelihood of dropping out of high 

school for black male respondents in the NLSY97. We find that blacks are 11 

percent more likely to drop out of high school. This gap almost disappears after 

controlling for key family background variables. In addition, we find that light 

skinned blacks are less likely to drop out compared to whites, while dark 

skinned blacks are more likely to drop out compared to whites after controlling 

for the same family background variables. Therefore, after controlling for 

family background, the dropout likelihood of both light and dark skinned blacks 

“cancel out” and thus the bi-racial gap mistakenly seems to disappear. 
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The gray area: high school dropout likelihood among skin tone levels of black males 

 

1. Introduction 

 
This study analyzes the effect of skin tone on the likelihood of dropping out of high school.  A 

growing field of research shows that not only are racial disparities in education a continuing 

issue, but disparities based on variation in skin tone within racial groups are also present. 

The literature on skin tone effects finds differences in economic and social outcomes, 

such as years of schooling (Loury, 2009; Hughes & Hertel, 1990; Keith & Herring, 1991), 

school suspensions (Hannon et. al., 2013) and wages (Kresiman & Rangel, 2014; Goldsmith 

et. al., 2006) due to the variation in skin tone within racial groups.  According to Hughes and 

Hertel (1990), the effects of skin tone on socioeconomic outcomes have changed little from 

the start of the twentieth century to the end of it, with years of schooling and income being 

higher for light skinned blacks.  Hersch (2006) finds that light skinned blacks have higher 

educational attainment than dark skinned blacks.  More recently, Loury (2009) finds that the 

educational disadvantages of dark and very dark skinned blacks continued between older and 

younger cohorts of the NSBA.   

We use a very rich and detailed sample from the National Longitudinal Survey of 

Youths 1997 (NLSY97). NLSY97 is a representative sample of the U.S. population, which 

recently includes a skin tone rating varying from 1 to 10.
3
  Using this newly added variable, 

we are able to add to the literature on educational differences both inter- and intra- racially. 

We create three groups of black skin tones based on the distribution of skin tone rating. Our 

results follow the literature on skin tone effects and colorism in which the majority finds 

lighter skin tones face better outcomes.   

 

 

 

                                                 
3
 The test was conducted privately by the interviewer. 
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2. Data  

The data are taken from the National Longitudinal Study of Youth 1997 (NLSY97), a 

nationally representative sample of individuals born between 1980 and 1984. The sample 

contains 8,984 youths who were first interviewed in 1997 and have continued to be 

interviewed annually.  The data collected provide detailed information on respondents’ home 

environment, education, and labor market outcomes, among many other variables. Starting in 

2008, the NLSY includes a skin tone measurement.  This new variable is measured on a scale 

ranging from 0 (albinism) to 10 (darkest).  Figure 1 shows the implanted scale that had also 

been previously used in a New Immigrant Survey commissioned by the National Opinion 

Research Center in 2003.   

 

 

 

 

 

 

 

                                          Figure 1: NIS/NLSY skin color rating scale. 

 

 

Interviewers memorize the scale and note the respondents’ skin tone only if the data 

collection is done in person. Our sample is a cross-section of the year 2011 and consists only 

of male respondents to control for differences in academic achievements by gender and the 

potential effects of double discrimination for black female respondents.  We divide the black  
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respondents into three variables. The lightest represents skin tone ratings 1 through 4 (light) 

and the darkest represents skin tone ratings 8 through 10 (dark).  

The dependent variable, high school dropout, is a binary variable equal to unity if the 

reported highest grade completed is smaller than twelve and no GED certificate has been 

received.  Our family background variables include a binary variable measuring if the 

respondent’s residential mother dropped out of high school, a binary variable equal to unity if 

the respondent lived with both parents at twelve years of age, the log of family income in the 

year 1996, and a binary variable for whether the income is earned by the child. The last 

variable is important to eliminate endogeneity of the family income variable. That is, it is 

plausible to assume that in low-income families, high-school students are expected to support 

the family financially. Therefore, family income might be correlated with indicators for 

whether the child is facing pressure to earn income and support the family, and these 

indicators are likely to be in the error term. But controlling for whether the income is earned 

by the child eliminates this chain effect.     

About 18 percent of the black respondents with a skin tone rating are in the light group and 49 

percent are in the middle, medium, group, with the rest falling into the darkest group, dark 

(summary statistics in Table 1). Table 1 also presents the dropout rates by race and skin tone 

groups. When looking at the dropout rates by skin tone among blacks the likelihood increases 

from the light to dark groups.  
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Table 1: Summary statistics – means and standard deviations of male respondents. 

 
Whites All Blacks  Blacks by Skin Tone 

       Light (1-4) Medium (5-7) Dark (8-10) 

Dropout 0.214 0.324  0.264 0.316 0.369 

 

(0.41) (0.468)  (0.442) (0.466) (0.483) 

Both Parents (age 12) 0.618 0.257  0.239 0.279 0.233 

 

(0.486) (0.437)  (0.428) (0.449) (0.424) 

Mother Dropout 0.144 0.2  0.166 0.212 0.202 

 

(0.351) (0.401)  (0.373) (0.410) (0.402) 

Ln(Family Income) 8.163 6.796  6.827 6.391 7.390 

 

(4.561) (4.672)  (4.734) (4.839) (4.318) 

Child Income 0.010 0.016  0.018 0.016 0.014 

 (0.102) (0.125)  (0.135) (0.127) (0.118) 

Observations 2,682 833  163 433 287 

             
Notes: Dropout is a proxy created to measure if the respondent did not complete 12 years of school or receive a GED 

certificate. 

 

 

3. Methodology 

Our question is whether or not there are significant differences in the likelihood of dropping 

out of high school among the different skin tones of blacks both inter- and intra- racially. To 

measure differentials we estimate the following model:  

                                1 2 3 4i i i i i iY light mid dark X                                                   (1) 

where Y refers to the dependent variable of dropping out of high school.  The vector X 

contains the variables to control for family background. To find differentials intra-racially, we 

drop the lightest skin tone category. By dropping the light skin tone dummy variable, we are 

trying to find differences in the likelihood of dropping out for the medium and dark skin tone 

groups compared to the light skin tone group.   

 To estimate the model in (1), we use the Linear Probability Model (LPM). As is well 

known, the LPM model is heteroskedastic with the following formula 

                                    Pr 1 * 1 Pr 1Var X Y X Y X                                                  (2) 
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Wooldridge (2010) argues that since we know the conditional variance formula, a Feasible 

Generalized Least Square (FGLS) estimator provides efficient estimates with low size 

distortion for associated test statistics and is superior to the standard White-Huber robust 

standard errors approach. All of our reported results are based on an FGLS estimator. One 

common concern with FGLS estimators is that the transformations of the variables can lead to 

very different estimates compared to other models for binary outcomes, including OLS with 

robust standard errors. Therefore, for robustness checks we report the marginal effects 

estimates from a logit regression, but our preferred model is the FGLS.  

 

4. Results 

The inter-racial estimates of the likelihood of dropping out of high school are reported in 

Table 2.  The first four columns report the racial gap of males in the likelihood of dropping 

out, ignoring skin tone.  The last four columns report the differences of dropout likelihood 

across different skin tones compared to white males. Therefore, in Columns 1-4, the main 

coefficient of interest is on the dummy variable Black, which captures the black-white gap in 

the likelihood of dropping out of high-school holding all other control variables fixed (i.e., 

ceteris paribus). In columns 5-8, the base category is whites, and the main coefficients of 

interest are on the three skin tone dummy variables. These three variables capture the skin 

tone-white gap in the likelihood of dropping out of high school ceteris paribus.   

When comparing black and white males without controlling for family background, 

the racial gap in the likelihood of dropping out is statistically and economically significant. 

Specifically, black males are about 11 percent more likely to drop out compared to white 

males. This result is closer to what is reported in Heckman and LaFontaine (2010).   When 

family background is added, however, this difference disappears. When comparing black 

males with different skin tones, light skinned blacks and whites have similar likelihoods of 

dropping out, whereas medium and dark skinned blacks are more likely to drop out. After 
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controlling for family background, light skinned blacks are 3.2 percent less likely to drop out 

compared to whites and dark skinned blacks are 6.6 percent more likely to drop out compared 

to whites.  These results give a different reasoning as to why the black-white dropout 

likelihood gap almost disappears when family background is controlled for.  That is, after 

controlling for family background, the dropout likelihood of both light and dark skinned 

blacks “cancel out” and thus the bi-racial gap seems to disappear.   

Table 2: Estimated effects of explanatory variables on likelihood of dropping out of high school for inter-racial 

analysis. 

 

Racial Gap 

 

  

Racial Gap by Skin 

Tone   

 

FGLS Logit FGLS Logit 

 

FGLS Logit FGLS Logit 

  (1) (2) (3) (4)   (5) (6) (7) (8) 

          Black 0.107*** 0.100*** 0.0179 0.00937 

     

 

(0.0175) (0.0154) (0.0171) (0.0162) 

     Black - Light 

     

0.0551 0.0547* -0.032 -0.0354 

      

(0.0354) (0.0328) (0.030) (0.0327) 

Black - 

Medium 

     

0.0930*** 0.088*** 0.003 

-

0.000255 

      

(0.0235) (0.0205) (0.022) (0.0209) 

Black - Dark 

     

0.158*** 0.141*** 0.066** 0.0465* 

      

(0.0296) (0.0234) (0.029) (0.0238) 

Both Parents 

(age 12) 

  

-0.130*** -0.136*** 

   

-0.131*** -0.136*** 

   

(0.0152) (0.0152) 

   

(0.015) (0.0152) 

Mother 

Dropout 

  

0.177*** 0.151*** 

   

0.177*** 0.151*** 

   

(0.0225) (0.0176) 

   

(0.022) (0.0176) 

Ln(Family 

Income) 

  

-0.0507*** -0.0483*** 

   

-0.050*** 

-

0.0477*** 

   

(0.00738) (0.00822) 

   

(0.0074) (0.00820) 

Child Income 

  

0.171** 0.135** 

   

0.170** 0.136** 

   

(0.0747) (0.0556) 

   

(0.075) (0.0554) 

Note: The dependent variable is a dummy equal to unity if the respondent dropped out of high school.  All regressions 

control for indicators for missing any of the family background variables. The FGLS estimates use the weighting 

p(x)[1-p(x)]. The estimates from the logit regressions are the marginal effects evaluated at the means.  

 

 

 

Table 3 reports the results for our estimation of the likelihood of dropping out of high school 

using skin tone to compare intra-racially.  Column (1) shows dark skinned black males are 
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10.3 percent more likely to drop out compared to light skinned black males.  The result 

remains significant and drops to 9.7 percent after controlling for family background.  

 

Table 3: Estimated effects of explanatory variables on likelihood of dropping 

out of high school for intra-racial analysis. 

 

FGLS Logit FGLS Logit 

 

(1) (2) (3) (4) 

          

Black – Medium 0.0378 0.0403 0.0346 0.0388 

 

(0.0411) (0.0445) (0.0364) (0.0453) 

Black – Dark 0.103** 0.104** 0.0973** 0.101** 

 

(0.0448) (0.0465) (0.0409) (0.0473) 

Both Parents (age 12) 

  

-0.101*** -0.118*** 

   

(0.0322) (0.0408) 

Mother Dropout 

  

0.160*** 0.156*** 

   

(0.0427) (0.0395) 

Ln(Family Income) 

  

-0.0669*** -0.0613*** 

   

(0.0164) (0.0173) 

Child Income 

  

0.245* 0.232* 

   

(0.131) (0.121) 

Note: The dependent variable is a dummy equal to unity if the respondent dropped out of 

high school.  All regressions control for indicators for missing any of the family background 

variables. The FGLS estimates use the weighting p(x)[1-p(x)]. The estimates from the logit 

regressions are the marginal effects evaluated at the means.  

 

 

 

5. Robustness  

The results so far suggest that the black-white gap in the likelihood of dropping out of high 

school cannot be explained by the student’s family background. Specifically, the likelihoods 

change based on the student’s skin tone. In this section we test the robustness of the estimates 

to a different scale of the skin tone. That is, we use the skin tone rating as it was reported in 

the NLSY97 from 1 to 10, with skin tones 1 to 3 and 9 to 10 combined for sufficient sample 

size.
4
  

 Table 4 reports the estimates from the FGLS regressions, where columns 1 and 2 re-

estimate the FGLS regressions from Table 2 to test the inter-racial gap, and columns 3 and 4 

                                                 
4
 In the NLSY97 only 2 students are of skin tone rating 1, 27 of skin tone rating 2, and 23 of skin tone rating 10.   
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re-estimate the FGLS regressions from Table 3 to test the intra-racial gap. In column 1, we do 

not control for family background, and find that blacks of all skin tones are more likely than 

whites to drop out of high school. The estimates are stronger for darker skinned blacks than 

lighter skinned blacks. When we control for family backgrounds, however, we find that light 

skinned blacks are less likely to drop out of high school than whites, but the results are 

statistically insignificant. In addition, dark skinned blacks are more likely than whites to drop 

out of high school.  

 

 Table 4: Robustness checks to longitudinal skin tone index. 

 

Inter-Racial 

 

Intra-Racial 

  (1) (2)   (3) (4) 

      Black, 1-3 0.0506 -0.0544 

   

 

(0.0494) (0.0377) 

   Black, 4   0.0596 -0.00936 

 

0.00903 0.0414 

 

(0.0496) (0.0430) 

 

(0.0693) (0.0594) 

Black, 5 0.119*** 0.0442 

 

0.0682 0.0867 

 

(0.0449) (0.0416) 

 

(0.0660) (0.0569) 

Black, 6 0.101** 0.00784 

 

0.0506 0.0639 

 

(0.0396) (0.0363) 

 

(0.0625) (0.0533) 

Black, 7 0.0697** 0.0346 

 

0.0191 0.0223 

 

(0.0347) (0.0310) 

 

(0.0595) (0.0499) 

Black, 8 0.136*** 0.0394* 

 

0.0853* 0.0916* 

 

(0.0443) (0.0215) 

 

(0.0466) (0.0471) 

Black, 9-10 0.175*** 0.0830** 

 

0.124** 0.135** 

 

(0.0385) (0.0372) 

 

(0.0618) (0.0540) 

Both Parents (age 12) 

 

-0.132*** 

  

-0.106*** 

  

(0.0151) 

  

(0.0322) 

Mother Dropout 

 

0.179*** 

  

0.166*** 

  

(0.0224) 

  

(0.0427) 

Ln(Family Income) 

 

-0.0501*** 

  

-0.0650*** 

  

(0.00742) 

  

(0.0163) 

Child Income 

 

0.166** 

  

0.236* 

  

(0.0748) 

  

(0.132) 

Note: The dependent variable is a dummy equal to unity if the respondent dropped out of high 

school.  All regressions control for indicators for missing any of the family background 

variables. All the regressions use the FGLS estimates use the weighting p(x)[1-p(x)]. In 

columns 1 and 2, the reference group is white responders. In columns 3 and 4, the reference 

group is blacks with light skin tone of 1 to 3.  

 

 



The gray area: high school dropout likelihood among skin tone levels of black males 

 

 In columns 3 and 4, we restrict the sample to only black respondents and compare the 

estimates of blacks with different skin tones to blacks with a light skin tone of 1 to 3, the 

reference group. The estimates suggest that medium skinned blacks are more likely than light 

skinned blacks to drop out of high school, but the estimates are statistically insignificant. Dark 

skinned blacks (skin tone of 8 to 10), are statistically and economically more likely than light 

skinned blacks to dropout of high school.     

 
 

6. Conclusions  

Using a national sample, our analysis reveals there are disparities in the likelihood of 

dropping out of high school along the scale of skin tones of black males.  In particular, our 

results show that the light and dark skin tone groups have opposite effects on dropout 

likelihoods, leading to a misleading biracial interpretation.  This study highlights the 

importance of using data on skin tone to further analyze racial disparities due to the deeper 

understanding it provides.     
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 Abstract  

 This paper aims to quantify, using an utility maximization approach, the extent 

to which an attribute affects the decision making process at individual as well 

as group level for a community based health insurance scheme launched among 

tribal populations of Madan Rampur block in Kalahandi district, Odisha. 

Analysis has been performed using mixed logit modeling incorporating 

conditional as well as multinomial logit models because of the dependency of 

both the choice specific and the individualistic attributes of the choice maker on 

the decision making process. The price of the health care insurance plan has 

been taken as the choice specific attributes, while the gender ratio of group, 

average age along with male, children, working and literacy population 

percentage have been taken as group-specific attributes. This choice modelling 

provides a tool for community based health insurance (CBHI) schemes’ 
efficient designing, evaluation and implementation in low- and middle-income 

countries.   

 

  

Keywords: Discrete choice analysis, Community Based Health Insurance (CBHI), 

India, Choosing Health plans All Together, Utility Approach, Willingness-to-Pay, 
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1. Introduction 

 

Community financing for health is a mechanism where a households in a community finance 

the current costs associated with a given set of health services, and at the same time are expected 

to gain participation in its management and organization of the health services (Carrin, 2005). 

Community based health insurance (CBHI) is a common denominator for such voluntary health 

insurance schemes that are run on a non-profit basis using the basic principle of risk-sharing. 

Over the last two decades or so, CBHI is an evolving phenomenon that helps the urban and rural 

poor and informal populations in various developing countries in Asia, Africa and Latin 

America, for smoothening the risk and income over a period for a community.  

CBHI schemes help reduce the financial risk associated with health expenditure by pooling 

the health risks and its redistribution in order to lessen its impact. For the sustainability of such a 

scheme it is important to deal with factors like moral hazard and adverse selection (Binswanger, 

1980). The higher involvement of the people in the community associated with its design and 

management is also a crucial element for sustainability of a scheme. CBHI schemes in low and 

middle-income countries ought to be designed in quite different manner when compared to high 

income countries, as the members of such schemes are usually poor and have incomes near to 

subsistence levels in most cases.   

      Willingness-to-pay (WTP) studies for CBHI schemes in the past have used revealed 

preferences, contingent valuation method, bidding game and dichotomous choice techniques 

(Dror, 2012). Revealed preferences try to evaluate the WTP by using some proxy related to the 

health care expenditure while contingent valuation method finds its ground in artificial market 

creation, making it difficult for illiterate and innumerate individuals to answer. Bidding game has 

a drawback of ‘starting point bias’ which can influence final WTP. Dichotomous choice 
technique has a ‘yes saying’ bias. Each of these methods have some pros and cons, but while 
these methods focus only on the value of WTP, the discrete choice analysis evaluates the 

component wise distribution of the WTP along with the WTP for extent of an attribute. Along 

with this, the other benefit that the study of discrete choices of stated preferences has is in its 

applicability to the health care sector where actual data is not available (Mandy, 2004). Discrete 

choice analysis gives us liberty to analyze the features of the multi-attribute health care plans 

along with the willingness to pay.  

       The study of discrete choices in low- and middle-income countries (LMICs), have been 

applied within the health sector to elicit job preferences of health workers (Blauuw, 2010; 

Chowdhury, 2010; Mangham, 2008; Rockers, 2012), hospital quality assessment (Hanson, 

2005), priority setting in resource allocation (Baltussen, 2006), maternal health issues (Kruk, 

2010) and health system reforms (Kruk, 2011), and health insurance (Becker, 2008; Hershey, 

1984; Van den Berg, 2008; Vroomen, 2011). Our review found only two studies using discrete 

choice methodology for in community based health insurance schemes (Abiiro, 2014; Robyn, 

2012). While Abiiro (2014) presented a documentation of a rigorous process of developing 

attributes and attribute levels for the design of a DCE to elicit community preferences for a 

potential CBHI scheme in rural Malawi, Robyn (2012) conducted a DCE to examine CBHI 

provide payment attributes that influence health workers’ stated preferences for payment 
mechanisms.  
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       Where planning for health services is conducted or implemented, a wide range of 

information about the preferences that people make is required. It is important to know which 

aspects of the health services people find significant and how their choices are influenced. The 

use of discrete choice analysis leads us to analyze the attributes that influence the willingness to 

pay (WTP) of individuals and/or groups for each aspect of the health services along with their 

innate characteristics (Kuwawenaruwa, 2011). This makes alternative product design and 

preference elicitation approaches that rely on market-oriented strategies, less feasible in 

generating timely data to support the design and implementation of CBHI interventions in such 

contexts (Kjaer, 2005). In this paper we aim to investigate people’s preferences for a community 
based health insurance (CBHI) scheme by measuring the impact of attributes that are an integral 

part of these benefit plans and the extent to which individuals are willing to trade-off one 

attribute against another. Study at attribute level helps us to design the health care benefit 

packages more efficiently, much closer to the actual needs of the community involved in the 

design
4
.  

This paper tries to model the process of such a decision making in a low income level setting 

for CBHI scheme by finding the impact of different attributes, whether it be the health care plan 

specific or the ones pertaining to individuals/groups making choices, to overall choice of a 

benefit package.  

 

 

2. Methodology 

 

2.1 Data sources 

 

The data used in this paper comes from three field datasets; the first dataset is part of the 

baseline information survey (conducted in May-June 2013) which explored the healthcare 

utilisation, morbidity, and costs of healthcare in the 3 blocks of Kalahandi district, Odisha State. 

The second dataset consists of the details collected of the groups with whom the CHAT process 

was conducted which was conducted from September, 2012 to October 2012. The third dataset 

consists of enrolment data for the packages formed after CHAT. This enrolment dataset provides 

details of enrolee, such as sex, age, income level, package selection etc. For our analysis the 

enrolment from its launch (from November 20
th

, 2012) to April 30
th

, 2013 has been taken. 

The data sources and the attributes of the discrete choice analysis have been broadly explored in 

following paragraphs. 

A ‘Baseline Survey’ conducted in the villages of M Rampur, Norla and Kesinga, for 
collecting the data on medical expenditure in last 365 days and the frequency of healthcare 

events, was used to calculate the premium and to make the benefit packages. The survey was 

conducted in the randomly assigned sample weighing 10% of the total household population of 3 

                                                 
4 In 2012, Micro Insurance Academy (MIA) procured funds from UK Department for International Development (UKAID), for 

implementing a community based health insurance scheme (CBHI) in 178 villages belonging to 3blocks (i.e. Madan Rampur, 

Norla and Kesinga) of Kalahandi district, Odisha, India (See Figure 1). The CHAT (Choosing Health-plans All Together) 

simulation was used to comprehend requirements and expectations of the community as part of the implementation of the CBHI 

scheme in terms of premium and benefit package selection. MIA in cooperation with Mahashakti Foundation, Kalahandi. Odisha 

and Catholic Health Association of India (CHAI), Secunderabad, launched the scheme to cover 84 villages on November 22nd, 

2013 after rounds of discussions and feedback incorporated, under the supervision of MIA staff during group level CHAT 

process. 
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blocks of Kalahandi district. Every tenth household was interviewed in each village of the block 

consisting of 178 villages in the field. After this survey, a quality check was deployed for 5% of 

the already surveyed sample to check for the consistency and authenticity of data. A total of 

2764 different households were surveyed for baseline across the 3 blocks. Ethical consideration 

was conducted through Institutional Ethics Committee for protocol and verbal informed consent 

of participants.  

 

Table 1: Five benefit packages formed prior to CHAT 

 1. 2.
 

3. 4. 5.
 

6.
 

7. 

Pack 1 3,500 
Free 

    
361 

15,000     

Pack 2   100 200 
500 

 
297 

  500 1,000  

Pack 3 2,000 
Free 

 100  
100 281 

 8,000  1,000  

Pack 4 
1000 

Free  100  
100 192 

   1,000  

Pack 5 
1000 

  200  
100 152 

   1,000  
1. Hospitalization (Max Limits, INR per event) Hospitalization: includes all cases of more than 24 hours 

2. Consultation
#
 

3. Lab Test ( INR per event) 

4. Imaging  (INR per event)*  

5. Wage loss
* 
(INR) 

6. Transport
^ 

(INR) 

7. Premium
^ 

(INR) 

Notes: Pack indicates  Package 

*Fixed wage loss benefit worth 500 INR for each hospitalization 

^ Fixed transportation worth 100 INR for each hospitalization 

# Free consultation support in ‘Nirmaya Primary Care Clinic’ 
 

The data from the baseline survey such as costs of OPD, laboratory, radiology, drugs, 

hospitalization, and maternity, and frequency of events were subjected to a simulation exercise to 

elicit 5 benefit package options (Table 1). Using these benefit package options CHAT simulation 

exercise was later conducted in 84 villages with 264 groups in M Rampur block. In CHAT the 

requirements, expectations and WTP is analyzed via series of consultation with the local 

populations, after which health insurance packages are designed in the field with assistance from 

trained staff. Next, groups are formed and given some choices, out of which they select one as 

their group choice. In this study three different health care insurance packages selected as the 

group choices were presented (Table 2) out of which groups were asked to select one as their 

premium choice. The three different packages were different in the premium prices and the 

benefits being offered. This section of information provided us with the ‘stated preferences’ of 
the group. Detailed process of how CHAT is conducted is described elsewhere (Dror, 2006). 

When we took review about these five packages, it was observed that community wanted 

packages with smaller premium size along with hospitalization, and transportation benefits. 

Three benefit packages (Table-2) were selected as a result of group consensus and consultation 

from the trained staff of MIA incorporating requirements of community. In the field, as part of 

the implementation, CHAT (for pictorial version, see Figure1; for specification see Table 2) was 
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conducted among 264 groups consisting of 6 to 23 individuals having different age group 

members in 84 villages under the supervision of MIA (Micro Insurance Academy) training team 

and trained staff from ‘Mahashakti Foundation’ in M Rampur block from September 2012-

October 2012. Overall, 264 groups purposively selected comprising of 2848 individuals (43% 

(n=1252) males and 57% (n=1646) females) participated in the CHAT process (Table 3). 

 

 Table 2. Health Insurance benefit plans’ specification 

  Package-1   Package-2   Package-3  

 pi pf pe pi pf pe pi pf pe 

Hospitalization(ML) 2000 15000 500 2000 15000 500 2000 15000 500 

Transportation    100 pi 100 pi 

Imaging    1000 3000ph 250 500 3000ph 125 

Wage loss support   
 

50 on 4
th
 and 5

th
 day of 

hospitalization 

50 from 4
th
 to 8

th
 day 

of hospitalization 

DMNHC 20% 20% 20% 

Premium/Package cost 145 per person a year 180 per person a year 200 per person a year 

Note 1: pi = per incidence, pf = per family,  pe= per event, ML= Maximum limits, ph=per household, DMNHC= Discount in 

medicines and ‘Nirmaya’ Health Clinic, 
Note 2: *In Imaging first 250 INR will be paid by individual in every event in package-2 and similarly 125 INR in package-3. 

All values in Indian Rupee 

 

The enrolment data from ‘Suchana’ – a Management Information System (MIS) 

developed in-house by MIA consisting of information of insured persons under the CBHI 

scheme is the third data set used in this study,  giving us the information about the ‘revealed 
preferences’. A total of 4397 enrolments, 4371 enrolments between the period of November 22, 

2013 and April 30, 2014, is being considered for our analysis here. Under personal attributes; 

income level, age, gender, years of schooling, land holdings, RSBY enrolment status, BPL 

enrolment status, house owning, condition of house, marital status and caste have been taken into 

consideration.  

 

Table 3. Group Package in CHAT and during enrolments 

Packages # of Groups Groups (%) # of Enroless Enrolee (%) 

Package-1 90 34 1636 37.4 

Package-1 14 61 2644 60.5 

Package-1 160 5 91 2.1 

Toltal 264 100 4371 100 

 

‘Census of India, 2011’ data was used as a ‘secondary source” for literacy rate of 
villages, male population,  children population and the working people percentage giving a wide 

perspective about the villages.  

 

 

2.2 Discrete Choice Analysis 

 

In our case, we assume one of the choices as a base alternative and set the utility derived 

from it to be zero, which then works as a reference level for utility estimation for other 

alternatives. In the case of CHAT analysis, the price of the health care insurance plan i.e. the 
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premium and the maximum security limit for imaging facilities were taken as the choice specific 

attributes,  while the gender ratio of group, average age along with male, children, working and 

literacy population percentage have been taken as group - specific attributes. For the case of the 

enrolment data analysis, the premium and the maximum permissible limit for imaging were 

taken as the choice specific attributes,  while gender, age, marital status, years of schooling, 

caste, RSBY (‘Rashtriya Swasthya Bima Yojna’) and BPL (Below Poverty Line) enrolment status 

were considered individual-specific attributes. 

The package with the least premium and minimum coverage was chosen as base 

alternative. In the final model, the probability that the individual i chooses the alternative j in the 

conditional (multinomial) logit model is given by:  

 

 
1

ij

ik

U

n k basealternative U

k

e
P j C

e







 
  

   (1) 

  

          The presence of 1 in the denominator of this probability signifies the zero utility assigned 

to the base alternative which is the value of the element of summation ∀݇. 

 
0 1basealternativeU

e e      (2) 

 

The equation 6 can be re-written in terms of systematic components of the utility function i.e. 

 

 
1

Vij

ik
n k basealternative V

k

e
P j C

e







 
  

   (4) 

 �௜௝ is thus assumed to be a linear combination of the set of attributes making it.  For individual i 

and alternative j, �௜௝ may be defined as, (except for the base alternative for which �௜௝ is assumed 

to be zero)  

 

ij j ij lV X Z      (5) 

 

The above equation can be summed over to all individual specific attribute and 

alternative specific attributes 

 

lk lij j ij lV X Z 
 

      (5) 

 

where k is the number of individual specific attribute and ݈ being the number of alternative 

specific attributes 

 

3. Results 

 

Out of the benefit plans developed as an outcome of CHAT, 61% of the members showed a 

very high preference for the second benefit package (Table 3) which was the second highest in 
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terms of premium and also the benefits. Similar results were observed at the time of enrolment, 

when again around 60% (see Table 3) of the individuals chose this package similar to the group 

CHAT.   

CHAT data has been analysed using the Conditional (Multinomial) Logit approach involving 

the information including properties of the group along with the premium and maximum 

coverage limit for medical imaging. The working population information, children share in 

population and gender proportion has been taken to analyse if group’s stated preferences are 

influenced by these factors. For the analysis purpose Package-1 has been assumed as the base 

category which is the package with minimum premium and so comprising minimum health 

benefits. The results of the Conditional (Multinomial) Logit regression are shown in Table 4.  

The group CHAT data results shows that at group level the factors which seems  to be 

statistically influencing group’s decision are the coverage limit and the percentage of working 

population in a village. The coverage is statistically significant at 90% confidence level while 

proportion of working population is significant at 99.9% and 90% confidence level for Package 2 

and Package 3 respectively (See Table 4). 

 

Table 4. Mixed logit Regression results of CHAT revealed preferences 

Choice Variable Coefficient Z-val. Prob. Remarks 

Package-1 

{Base 

Alternative} 

Imaging Coverage 

Limit 
0.014 1.68 0.092 Significant* 

Premium -0.119 -0.54 0.591  

Package-2 

Imaging Coverage 

Limit 
0.014 1.68 0.092 Significant* 

Premium -0.119 -0.54 0.591  

Sex Ratio 0.161 0.40 0.691  

Average Age -0.033 -1.37 0.171  

Male % -6.936 -1.10 0.273  

Children % -10.767 -1.43 0.153  

Literacy % -0.731 -0.34 0.733  

Working % -6.923 -4.38 0.000 Significant** 

Package-3 

Imaging Coverage 

Limit 
0.014 1.68 0.092 Significant* 

Premium -0.119 -0.54 0.591  

Sex Ratio -0.178 -0.21 0.831  

Average Age 0.232 0.49 0.627  

Male % -1.171 -0.10 0.922  

Children % -1.295 -0.09 0.929  

Literacy % 0.015 0.00 0.997  

Working % -5.889 -1.89 0.058 Significant** 

Log likelihood -190.3222 

Wald chi
2
 (χ2

) 104.38 (Degrees of freedom = 14) 

Probability 0.000 
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The enrolment data is an example of revealed preference (as opposed to stated preference in 

group CHAT) as these individuals paid the premium to get them and their family members 

enrolled which wasn’t the case at time of group CHAT decision. Around 50% of the enrolled 

population belonged to OBC, followed by Scheduled Tribes at 29.7%, and the scheduled castes 

and general comprising of 16.7% and 6% respectively. The data of CBHI enrolment was also 

analysed using conditional logit model, and the likelihood maximization results of regression are 

shown in Table 5. In this regression the coverage limit of the health benefit plan along with 

premium turns out to be significant. In terms of individual specific attributes marital status, caste, 

income, wealth (land holding as a proxy), BPL
5
 and RSBY

6
 enrolment status turn out to be 

statistically significant in influencing the decision towards enrolment. 

The next section of the paper deals with explanation of each of the result of these analysis 

and the impacts that it may have in influencing preferences.  

 

4. Discussion 

 

The result of group CHAT suggests that even in the low and middle income countries, 

illiterate and innumerate people are able to associate a positive utility to the benefit coverage in a 

CBHI scheme. This is exactly what we expected as, the higher the coverage limit, the lesser is 

one’s one’s burden for an improbable illness event in future. Other studies about insurance also 

explore similar results in hypothetical market situation (Manning, 1996)
7
. 

The coefficient of premium turns out to be negative and that of the coverage cap is positive 

which is exactly what we expect. This means that individuals are associating higher utility to 

greater coverage and lower utility to an increase in premium. Increase in premium is seen as a 

loss and thus fetches negative utility. The absolute value of coefficient for premium is around 24 

times that of the coverage limit, which means that an increase of premium by one unit can be 

compensated by an increase of 24 units to the coverage cap for restoring the utility degraded by 

the increase in premium. 

The positive coefficient associated with the imaging coverage limit suggests that even the 

illiterate and innumerate people involved as a subject seems to associate a positive utility to 

higher benefit coverage. Also as the hypothesis of non-zero coefficient for premium fails 

(probability of premium’s coefficient being zero=0.59), it may be inferred as the dominance of 

societal attributes over individualistic attributes in case group decision as described by Goold 

(2004). This insignificance of premium may also be the result of the stated preferences and 

hypothetical market formation at time of CHAT. 

The percentage of the working population seems to have negative impact on selection of 

package-2, package-3 at 99.99% and 90% significance level (Table 4) respectively. Package-3 

has the maximum premium and highest health coverage out of the three insurance plans and our 

base alternative Package-1 has minimum premium and benefit coverage. The negative 

                                                 
5
 Below Poverty Line 

6
 ‘Rashtriya Swasthya Bima Yojna’, an medical insurance scheme by government of India for BPL families 

7
 In regression results of CHAT, attributes like age, gender ratio did not turn out to be statistically different from 

zero. This means that the attributes pertaining to this group do not affect the preference. As the simulation - like 

group CHAT involves group decisions on insurance, our field experience also suggest that the decisions are based 

on interpersonal factors within a group rather than intrapersonal factors. The impact of premium turns out to be 

insignificant when a group decides around a benefit package rather than an individual, as societal elements are given 

more importance than the individual preferences.  
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coefficient of working population proportion means that the villages having higher proportion of 

their population involved in work are willing to pay less for a health benefit plan, which means 

they are less risk aversive when compared to the individuals who are unemployed (lower percent  

 

Table 5. Conditional logit Regression results of CBHI enrolment 

Choice Variable Coefficient Z-val. Prob. Remarks 

Package-1 

{Base 

Alternative} 

Imaging Cov. Lim. 0.0046591 5.76 0.000 Signif. ** 

Premium -0.1107615 -4.97 0.000 Signif. ** 

Package-2 

Imaging Cov. Lim. 0.0046591 5.76 0.000 Signif. ** 

Premium -0.1107615 -4.97 0.000 Signif. ** 

Age in Years -0.001595 -0.58 0.564  

Marital status 0.2267624 1.97 0.048 Signif. * 

Divorced/Wid. 0.0307924 0.14 0.892  

Years of schooling 0.0341402 4.05 0.000 Signif. ** 

Land holding 0.434112 2.13 0.033 Signif. * 

Income Level 0.1554861 7.95 0.000 Signif. ** 

BPL Card holding -0.5727669 -6.91 0.000 Signif. ** 

RSBY enroll. Stat. 0.2655929 2.86 0.004 Signif. ** 

House owning -0.3780462 -1.43 0.153  

SC -0.1805616 -0.87 0.382  

ST -0.7618243 -3.79 0.000 Signif. ** 

OBC 0.608224 0.31 0.755  

‘Kacha’ house -0.5737001 -7.27 0.000 Signif. ** 

Package-3 

Imaging Cov. Lim. 0.0046591 5.76 0.000 Signif. ** 

Premium -0.1107615 -4.97 0.000 Signif. ** 

Sex -0.3815209 -1.60 0.111  

Age in Years 0.0061434 0.69 0.488  

Marital status -0.3173681 -0.94 0.349  

Divorced/Wid. 1.022235 1.94 0.052 Signif. * 

Years of schooling 0.0858068 3.32 0.001 Signif. ** 

Land holding 0.0586411 1.29 0.196  

Income Level 0.2255186 4.44 0.000 Signif. ** 

BPL Card holding -0.53004 -1.90 0.058 Signif. * 

RSBY enroll. Stat. -0.4731724 -1.19 0.236  

House owning 0.5445986 0.82 0.413  

SC -0.7828266 -1.81 0.071 Signif. 

ST -1.792943 -4.14 0.000 Signif. ** 

OBC -0.8797833 -2.36 0.018 Significant 

‘Kacha’ house 0.7074185 2.62 0.009 Signif. ** 

Log likelihood -2890.392 

Wald chi
2
 (χ2

) 1521.82 (Degrees of freedom = 30) 

Probability 0.000 
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of working population). This is consistent with the theory (Sennen, 2012) that the poor in 

extreme poverty are more risk aversive, which means that communities with lower percent of 

working population are more inclined towards Package-2 and Package-3, –as they provide higher 

protection. 

The results of the enrolment regression (Table 5) show that both the premium and the benefit 

coverage limit have significant (at level of 99.9%) impact when individuals make choices. On 

one side, the premium fetches negative utility, while the coverage, on the other side, brings 

positive utility. The reverse signs of the coefficients of the premium and the benefit coverage 

signify the substitutability rate of the benefit coverage against the premium, which in this 

analysis turns to be around 24. This substitutability means that people give 24 times more 

weightage to premium than to the benefit coverage in their utility. 

The impact of the marital status is significant at 95% confidence level for Package 2, with a 

positive coefficient, which means that married individuals are more risk aversive when compared 

to the unmarried ones. This impact may be the result of higher responsibility and higher aversion 

among married individuals. But the impact of marital status is not observed for the most 

expensive Package 3 which means that married personnel tend to be more risk aversive but the 

impact of high premium overcomes this factor for Package 3 and other factors like income, 

landholding etc. dominates the choice making process. 

The income level shows the present income, while land holdings signify wealth status of an 

individual; it is therefore expected that both of them should influence the choice. It is thus 

important to use both of them in the analysis. The coefficients of income and landholding are 

both positive for Package 2 and Package 3, which indicates that the rich individuals opt for a 

benefit plan with higher premium due to the affordability of these higher premium packages as 

higher income means higher cash inflow and easy affordability of benefit packages with higher 

benefits (all benefit plans had per person annual premium less than or equal to 200 INR). The 

impact of landholding is estimated to be positive and significant for Package 2 implying that 

more wealthy individuals go for a higher premium benefit plan but as the wealth doesn’t 
contribute to the cash holding; it is the present income which determines the affordability of the 

most expensive Package 3. 

Awareness is also a crucial factor which may influence decisions for a health insurance plan 

in a community having no prior information about insurance. Education level is a proxy to 

awareness and understanding of insurance. The results for years of schooling shows positive 

coefficient for both Packages 2 and 3 at confidence level of 99.9%. The coefficients are 0.034 

and 0.085 for Packages 2 and 3 respectively, which means that higher the education level higher 

is the chance of the individual of choosing Package 2 or 3 over Package 1. Also, the higher value 

for Package 3 indicates that, if all other values are kept equal, there is a higher chance of shift 

from Package-1 to 3 compared to the shift from Package-1 to 2, if years of schooling are 

increased.  

Similarly, higher risk aversion is showed by the individuals living in ‘kacha’ house. These 

are the individuals who don’t have sufficient money to build home properly and hence they show 
very high risk aversion. The coefficient for Package 3 is 0.70 at a significance level of 99% 

which means these people are opting for a costly benefit plan or in other words they give more 

importance to the huge loss at time of illness compared to others. But the coefficient pertaining 

to Package 2 is negative and significant at 99% confidence interval which signifies that they are 

less willing to choose Package 2 over Package 1. The possible reason may be that ‘kacha’ house 

dwellers are much more risk aversive and they prefer the best benefit Package 3 but the ones 
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who cannot afford this costly package are forced to opt for the cheapest benefit plan making 

Package 2 a mediocre choice. 

One more interesting result that comes out of this analysis is the package selection pattern of 

the widowed/divorced group. This is the group having limited sources of earning as in most of 

the families males are the sole earner of family. But there seems to be different package 

preferences when this sub-group is compared to entire sample. 44% of the widowed/divorced 

population opted for Package-1, 51% for Package-2, and only 5% for Package-3. For this 

subgroup the preference for package-3, having highest premium and benefit package is around 

two and a half times when compared to overall sample. The positive coefficient for Package 3 at 

confidence level of 95% indicates the higher risk aversion nature of the poorest of the poor as 

suggested by literature (Manning, 1996). 

The BPL card enrolees are less risk aversive and just a possession of BPL card shows their 

preference for the health benefit plan having least benefits. The RSBY enrolee has an advantage 

over others of having an alternate medical insurance to help them out. This makes them a little 

bit more secured against health issues and thus giving a dis-incentive for going for a large benefit 

plan. People enrolled in RSBY are the ones that are having some prior knowledge about 

insurance so they choose a better plan. RSBY enrolees prefer to go for Package 2, which shows 

their awareness of the importance of such a benefit package. Only a BPL card holder can register 

for RSBY, which means that all RSBY enrolee are living below the poverty line and even though 

opting for the Package 2 rather than going for the minimum premium. This shows that even the 

poor are insurable and they can make justified choices if they are given chance for such a 

decision. 

The coefficients belonging to scheduled castes (SC), scheduled tribes (ST) and other 

backward classes (OBC) turn out to be negative and significant for benefit plan with maximum 

coverage and are negative and significant for scheduled tribes in Package 2 analysis. This means 

that the scheduled tribe has Package-1 as their best choice which is the package giving minimum 

health benefit.  In our sample, scheduled castes constituted the highest percentage with 51%, and 

30% respectively with BPL card, and RSBY card, whereas scheduled tribes at 75% constituted 

the highest with ‘Kaccha’ houses (See Table 6). Their socio-economic deprivation influence 

their choice making process which results into lack of willingness to go for a high premium 

health benefit plan.  

 

Table 6. Access to amenities (a caste wise distribution) in enrolled populations 

 

In summary, the attributes of age, gender  do not affect the preference; whereas percentage of 

working population in family, being married, income, education, widow/divorced, RSBY show 

being positive influence towards higher benefit packages. In comparison, ‘Kacha’ housing, BPL 

Amenities 
General  

(n=266) (%) 

SC(n=728) 

(%) 

ST 

(n=1287) 

(%) 

OBC 

(n=2080) 

(%) 

Overall (%) 

BPL Card 20 56 51 33 42 

RSBY Card 4 30 29 15 21 

‘Kachha’1
 House 41 67 75 42 56 

 Note: Kachha houses are made up of mud, bamboo, leaves by the villagers in villages. These houses are not    

strong.             
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card possession and caste status such as SC/ST/OBC are attributes of risk averse towards benefit 

package selection. 

 

5. Conclusion 

 

This paper has presented a discrete choice analysis on revealed and stated preferences with a 

purpose of measuring the willingness to pay along with its component-wise distribution in a low 

income level study setting of block M Rampur, Odisha. The study reiterates that the uneducated 

and innumerate poor are also able to make a justified decision. This analysis was aimed on 

getting the empirical value for the extent to which different attributes influence the choice 

decision of an individual. The findings of the group decision suggest the societal element to be 

dominant and least significance to prices at time of group decision. As the premium and plan’s 
benefits are interdependent and our results signify their influence in the decision making, a 

discrete choice analysis can land up as an important tool for designing, evaluating and 

redesigning of community based health insurance schemes for an increased social welfare and 

wellbeing. Our study demonstrates that it is feasible to elicit community preferences for health 

insurance among tribal populations, most of whom are illiterate. It will be useful for policy 

makers to understand that involving communities and understanding their preferences would be 

useful for designing pro-poor health insurance policies which are voluntary in nature, in 

countries such as India.  
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