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Abstract 
India’s dynamic primary healthcare market is dominated, in rural north India, by 
the private sector that operates alongside a weak government system. The 
Indian healthcare market, in theory, offers several systems of medicine, a 
variance in the level of provider qualifications and incorporates both the formal 
and informal provider markets. However, in practice in rural north India, 
consumers have limited effective choice. A major constraint on our 
understanding of the rural north Indian primary healthcare market is the lack of 
data and analysis of consumers’ preferences for unqualified doctors. This study 
estimates consumer demand for private unqualified and qualified ‘doctors’ and 
government doctors in three districts of India’s largest state–Uttar Pradesh–for 
the treatment of mild to severe fever. Results demonstrate that unqualified 
‘doctor’ services are normal goods and that government doctor utilization may 
be improved by increasing user fees to enable reduced patient travel distances.  
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1. Introduction 
Estimating the demand for primary healthcare in rural north India provides 

important insights into the range of factors that affect the well being of the 

regions 300 million rural residents. The well established relationship between 

health and human capital, and in turn economic growth, positions the demand 

for healthcare as centrally important in issues relating to the alleviation of 

absolute poverty (Acemoglu and Johnson, 2006; Grossman, 1972; Panagariya, 

2008; Schultz, 1961). As a result, collective and individual investment in 

healthcare is a channel for economic growth and protection against more severe 

episodes of illness and losses in productivity. 

 

However, the implicit assumption that the services of healthcare workers make a 

positive contribution ones health and perceived health is important and cannot 

necessarily be assumed true in all cases. Moreover, the marginal benefit of better 

health and the corresponding marginal cost of seeking healthcare need to be 

considered before choosing to access health services and treatment. These 

considerations indicate that the consumers’ preferences towards healthcare 

workers and their services play an important part in determining the effective 

contribution of healthcare to economic growth and productivity.  

 

The qualifications held by healthcare workers in many developing countries vary 

considerably. Limited regulation of market entry in these countries provides a 

means for dynamic markets, but also uncertainty regarding clinical and patient 

perceived levels of quality. The informal healthcare sector is common in many 

developing countries (Ahmed et al., 2009; Amin et al., 2003; Lindelow and 

Serneels, 2006; Rao et al., 2011). From different perspectives the informal 

outpatient healthcare sector may be defined according to the level of 

qualification and training of providers, the profit imperative, the number of 

providers and their integration into the supply chain of medicines (Cross and 

MacGregor, 2010). However, a common characteristic is that informal healthcare 

providers lie outside the boundaries of state endorsed healthcare or “at the 

margins of legitimacy” (Pinto, 2004).  
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In the Indian context, the health and anthropology literature provides some 

supply side information on the healthcare services offered by informal providers. 

In respect to maternal health, qualitative studies in Uttar Pradesh (UP) have 

identified active roles of the informal providers at the village level (Jeffery and 

Jeffery, 2010; Johnston et al., 2003; Willis et al., 2011). The recent work of Das 

and colleagues has measured the clinical quality of healthcare provided by the 

informal sector (Das and Hammer, 2005, 2007a, b; Das et al., 2012). At the 

aggregate level in rural north India, clinical quality differs marginally between 

Bachelor of Medicine and Bachelor of Surgery (MBBS) doctors, and providers 

who are unqualified. 

 

With the informal outpatient healthcare sector having approximately a 50% 

market share in rural north India (Government of Uttar Pradesh, 2003), better 

understanding consumer demand for informal providers offers important 

insights into consumer behaviour that will effect the success of universal 

healthcare policy initiatives in India. Additionally, explanations for the under 

utilization of government outpatient doctor services provides for a more 

complete understanding of north India’s rural outpatient market. 

 

This paper estimates demand for mild–severe fever treatment among adults in 

the north Indian state of Uttar Pradesh. The estimation utilizes both revealed and 

stated preference data, thereby allowing a fuller set of explanatory variables to 

be included. Consumer demand presented here closely reflects actual choices 

available in villages and their surrounds: unqualified ‘doctors’ (in Hindi “jhola 

chhap”), MBBS-qualified private doctors and government doctors. The utility 

framework and functional form used are outlined in section 2, the joint revealed 

and stated preference modeling is explained in section 3, section 4 provides a 

description of the data, and sections 5 and 6 contains the results and simulations. 

 
Ethics approval for this study was obtained through Griffith University Human 

Ethics Committee. Respondents’ were informed of the nature of the research and 

their rights before each survey, with verbal consent obtained. Low levels of 

literacy prevented the use of written informed consent. 
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2. Economic Model 
Utility maximization is an intuitively appealing paradigm to use in evaluating 

consumer demand. This paradigm draws on the consumer demand theory 

outlined by Lancaster (1966), who proposed that demand exists for a good’s 

unique collection of attributes and only indirectly for the good itself. As such, 

consumers maximize utility by their choice of a given bundle of attributes. The 

consideration of discrete attributes of goods and services leads this consumer 

demand framework to evaluate qualitative data. 

 

Random Utility Theory (RUT) is a tractable framework for estimating demand 

for non-continuous commodities. The problem exists when individual-level 

marginal changes in an attribute are not captured by changes in the dependent 

variable. Instead, with a model of population choice behavior that uses an 

individual behavior rule – utility maximization – it is possible to map into a set of 

individual behavior rules. The assumption that a utility function contains a 

stochastic element that is individual-specific and connected to a probabilistic 

model, via a defined distribution, ensures that discrete marginal changes in 

attributes are reflected in corresponding changes to the probability of the 

dependent variable (Lourviere et al., 2000).  

 

The individual behavioral choice rule, where the subscript i and j refer to goods, 

is presented as: 

Probi = Prob (Ui ≥ Uj)                                                  (1) 

 

In light of imperfect information about the consumer’s decision rule, this choice 

rule may be translated as a random conditional utility maximization rule 

(Hensher et al., 2005). Substituting Ui = Vi + εi into (1) and rearranging the 

decision rule becomes: 

 

Probi = Prob[(εj – εi) ≤ (Vi – Vj)                                   (2) 
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Equation (2) is a representation of a random utility model and reflects the choice 

of only one provider.  

 

A random utility model for choice of healthcare provider may be constructed by 

defining a health production function as (see Debartolome and Vosti, 1995):  

 

                     

 
The health production function comprises the healthcare quality variable Qqj, a 

vector of individual and provider characteristics Zqj  and the binary k which 

denotes the choice of a government doctor.  The subscripts q and j denote 

individual and alternative providers respectively. Differentiating between 

government and private providers allows for the incorporation of specific 

institutional factors relevant only to the choice of government doctor services. 

These factors relate to explicit reasons for use or non-use of government 

services. The healthcare quality, when a government doctor is chosen (k = 1), is 

defined as:  

 

                         ,                                     (3) 

 

where Wqj are consumer perceptions of provider quality and Dqjk are factors 

related to choice in government doctor such as i) trust in local government 

doctor, ii) government doctor not available, iii) government centre too far away. 

 

The unconditional utility function for individual q and provider j, assuming a 

constant marginal rate of substitution between expenditure and health, where C 

is consumption – (Y–Pj) is presented in equation 4.   

 

                                                                  (4) 

 

This linear in the parameters function is in semi-translog form to ensure that 

there are no second order restrictions on the marginal rate of substitution 

between income and health (Christensen et al., 1975). This utility construction, 
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first put forward by Gertler et al. (1987), is regularly followed in the applied 

literature (Borah, 2006; Ching, 1995; Kermani et al., 2008; Qian et al., 2009). It 

provides a compact structure for clear interpretation of coefficients.  

 

Substituting equation 3 into equation 4 provides the conditional utility function 

outlined below in equation 5. The term Model 1 is used to identify this 

conditional function. 

 

                                             
                    (5) 

 

Dow (1999) argues that a more flexible utility construction is one in which  

prices may vary across alternatives and remain consistent with stable utility 

maximization. This is due to the ability for income to re-enter the function as a 

proxy for consumer taste (Viton, 1985) and the relaxation of the additive 

separability assumption. However, the use of the semi-translog functional form 

of the unconditional utility in equation 5 prevents the direct application of Dow’s 

alternative construction using consumption (Y–Pj). 

 

Instead, this paper, using Dow’s alternative construction, contrasts equation 5 

with an alternative conditional utility function that includes Pj, ln(Y) and ln(Y2). 

The inclusion of per capita household Y in place of the corresponding (Y–Pj) 

assumes that Pj is relativity minor. This assumption is realistic when demand for 

initial consultation is being estimated and when the over 80% of consultation 

cost 1.5% or less of per capita annual income.  As a result, Model 2 is  

 

                                                           (6) 

 
 
3. Model Estimation 
The Mixed Multinomial Logit (MMNL) model extends the Multinomial Logit 

(MNL) allowing parameter estimates to vary across individuals. This is done by 

including a random term     in the estimation of random parameters. This 

random term,    , is the product of the lower triangular matrix and a vector of 

random variables with known values along the variance–covariance matrix, . 
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The inclusion of the term     allows for correlation in the error terms across 

choices.   

 

The greater flexibility of the MMNL also carries favorable behavioral 

characteristics with the relaxation of the IID constraint. The standard deviations 

of qj denote unobserved preference heterogeneity across sub-sets of individuals.  

 

The inclusion of several random parameters may also include several draws 

from several distributions. The term     can take a number of general 

distributions (i.e. normal, triangular and exponential). The joint distribution 

          where   denotes the parameters of the distribution of qj and wq is for 

observed data. The MMNL model contains: i) conditional element of the 

simulated Maximum Likelihood function–equation 7 and ii) the joint distribution 

mixing function.  

 

               
 

   
    

  
   
     

   

                                                         (7) 

 

The unconditional probability of the MMNL, on which the simulated Maximum 

Likelihood is run, is given in equation 8. This more flexible multi-choice model 

has received recent support within the healthcare demand literature (Borah, 

2006; Erlyana et al., 2011; Meenakshi et al., 2012; Qian et al., 2009).  

 

                                           
                                  (8) 

 
The additional inclusion of the Error Component model accounts for the 

differences in error variance across alternatives. This is particularly important 

when jointly modeling revealed and stated preference data (Iles, 2013). Error 

Components (EC) is a set of independent individual terms that are added to the 

utility functions.  Alternatives with equivalent error variances are grouped by 

the inclusion of the same scale parameter. Equation 9 shows the inclusion of EC 

to a MMNL probability function 
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                                         (9) 

 
Sample selection bias is controlled by extending equation 7 to recognize that 

choices are only observed when latent utility is above an unknown threshold. 

The Mixed MNLs control of individual choice heterogeneity requires only the 

inclusion of the selection mechanism.  

 

An alternative MNL model exists for controlling for scale and preference 

heterogeneity – the Generalised Mixed Multinomial Logit (Fiebig et al., 2010). 

Evaluation of this model, relative to the above specified Mixed MNL error 

component model, shows that the Mixed model is better suited to the data (Iles, 

2013). 

 
 
 
4. Institutional environment and Data 
The utilization of outpatient healthcare in rural north India is dominated by the 

private sector1. Table 1 reports National Family Health Survey-3 (NFHS-3) 

utilization data, which shows that at the aggregate level, 84.5% of consumers in 

rural UP utilize private healthcare services, compared to the lower 62.5% for All 

India. In rural UP the provider groupings with the largest market share are: 

Private doctor/clinic (63.9%), Other private sector (16.9%), and CHC/rural 

hospital/PHC (12.2%). In comparison to the All India average these UP utilization 

figures translate into i) lower usage of Community Health Centers (CHC) and 

Primary Health Centers (PHC), ii) higher use of private doctors and iii) use of 

“other private sector” in rural areas. The use of private doctors/clinics is 29% 

(urban) and 27.6% (rural) higher in UP than for the Indian average.  

 

 
 
 

                                                        
1 See Report of the National Commission on Macroeconomics and Health (2005) for an overview of 
the Indian healthcare system. 
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Table 1: Utilization of Public and Private healthcare providers in India and Uttar 
Pradesh 2005–6. 
         India                                             

Urban   Rural 
Uttar Pradesh                             
Urban   Rural 

Public sector 29.6 36.5 16.2 14.9 
Government/municipal hospital 22.6 12.1 10.6 2.0 
Sub-centers 0.1 2.0 0.0 0.2 
CHC/rural hospital/PHC 4.2 20.5 4.7 12.2 
Other public sector 2.7 1.9 0.9 0.5 

Private sector 69.5 62.5 83.1 84.5 
Private hospital 20.5 13.8 5.0 2.2 
Private doctor/clinic 45.9 36.3 74.9 63.9 
Private paramedic 0.3 1.1 0.1 0.3 
Vaidya/hakim/homeopath 0.7 0.4 0.7 0.2 
Traditional healer 0.0 0.3 0.0 0.4 
Pharmacy/drug store 0.7 0.8 0.9 0.6 
Other private sector 1.4 9.8 1.5 16.9 

Other Sector/source 0.7 0.5 0.6 0.3 
Source: (IIPS and Macro International, 2007, 2008) 

 

Furthermore, the NFHS-3 (IIPS and Macro International, 2008) shows that in the 

poorest quartile of households in rural UP, 22.8% of such households generally 

utilize “Other private sector” services. Despite the importance of the apparent 

“Other private sector” it remains unclear which providers fall into this category. 

 

The usefulness of healthcare utilization data from NFHS and National Sample 

Survey Organisation is questionable due to the ambiguity of whether unqualified 

‘doctors’ are included and, if so, how to differentiate between qualified and 

unqualified private providers.  Other, non-government sponsored, healthcare 

utilization data suggests that the actual utilization of unqualified doctors in north 

India ranges between 40 and 80% (Das et al., 2012; World Bank, 1998). These 

clearly identified utilization figures for unqualified ‘doctors’ bear little 

resemblance to the data provided in Table 1.   

 

This apparent preference for the private sector among consumers also reflects 

the institutional healthcare weaknesses within the public sector. Issues of 
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government doctor absenteeism (Banerjee et al., 2004; Chaudhury et al., 2006), 

relatively low level of clinical quality (Das et al., 2012) and perceived corruption 

(Debroy and Bhandari, 2012) limit the effectiveness of government doctors in 

providing quality rural outpatient healthcare.  

 

Data 

The data comes from two surveys administered in eight villages across three 

districts of the north Indian state of Uttar Pradesh. The districts surveyed include 

Fatehpur, Lalitpur and Balrampur. In total, 1174 respondents answered each of 

the two surveys. A total of 299 adult respondents reported that they had a mild–

severe fever (as described by having high temperatures with the initial fever 

lasting 2–3 days2) within the previous 14 days. This data was collected during 

August–September 2012.  

 

Revealed preference survey data was collected relating to the respondents most 

recent episode of having a mild–severe fever. The data is limited to a consumer’s 

initial mode of treatment. The data used does not reflect the fact that many 

consumers had repeated visits to the same provider and/or consulted other 

providers in addition to their initial choice.  

 

Four ‘doctor’ type categories are used in this study. These are: 1) unqualified 

‘doctors’ – jhola chhaps, 2) private MBBS doctors, 3) government MBBS doctors 

and 4) others – representing a collection of self-medication, government nurse 

and traditional forms of medicine (see Appendix A1 for market shares). 

Interviews with key informants3 in each village enabled a triangulation of data to 

provide reliable information on doctor supply. Each village has either a resident 

unqualified doctor(s) or one that commuted regularly to the village. Three 

                                                        
2 The inclusion of 2–3 days fever duration in the definition implicitly acknowledges that many 
will seek some form of self-medication or no treatment on the first day of a fever. Initial 
qualitative data collection among four villages informed this conclusion. The survey work of Das 
et al. (2012) also supports this pattern of utilization. 
3 Key informants included: i) elected village leader or proxy (evident that some female pradhans 
were nominal village leaders and more often their husbands or a high caste male was known to 
be the ‘real’ pradhans), ii) a local Accredited Social Health Activist (ASHAs are (un)trained female 
community health workers) and iii) Anganwadi worker (employed to provide meals for children 
and facilitate immunization drives). 
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villages had either a CHC or PHC facilities. There were no private MBBS doctors 

immediately servicing any of the villages (see Iles and Rose (2013) for details of 

village socio-demographic information and the distribution of health care 

providers in each village). 

 

Imperfect knowledge of provider qualifications appears as a significant 

limitation in relying on patient recall revealed preference data. Low levels of 

education (53% of respondents self-reported as being illiterate) along–side the 

promotion of non-endorsed doctor qualifications by some doctors in smaller 

district towns are two likely explanations for the misclassification of unqualified 

doctors as MBBS doctors. 

 

The pricing of outpatient treatment in the selected villages typically includes the 

cost of medicine and a consultation fee. This is the case for the majority of 

unqualified and government doctors in rural areas who supply their own 

prescribed medicine. It appears that government centers in towns (as opposed 

to villages) may also prescribe medicines not stocked or available at the time 

from private drug stores. The mean charges by doctor classification and across 

the eight villages – by chosen doctors for first treatment of a mild–severe fever 

are:  i) unqualified – INR 93, ii) private MBBS – INR 315 and iii) government 

MBBS – INR 46. The descriptive statistics of the full data, including prices, are 

shown in Appendix A2. 

 

The price and distance variables of the non-selected healthcare provider 

alternative are missing from the original survey. This corresponds to 

approximately 35% of unqualified ‘doctors’ and 65% of government. A 

Multivariate Imputation by Chain Equation method is used to estimate and fill 

these missing values. The R packages MICE and Countimp are used to fill the 

missing values following a series of univariate imputations (Kleinke and 

Reinecke, 2013; van Buuren and Groothuis-Oudshoorn, 2013). The outcome and 

diagnostics of these imputations are presented in Appendix B1. A contrasting 

approach to filling the missing data is to use a combination of i) the mean 

distance, by village and provider type, to the selected provider, and ii) the 
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assumed price of visiting a government MBBS doctor in Indian rupees (INR) 1 

and iii) use the EM algorithm of the Amelia II (Honaker et al., 2011) R package to 

impute the price of unqualified doctors (jhola chhaps).  For comparative 

purposes the resulting price and distance descriptive statistics and price 

elasticities of this second approach are presented in Appendix B2. 

 

The second survey used qualitative choice data4.  The attribute levels of the 

qualitative choice experiment included price, distance and recommendation for 

each of the four ‘doctor’ alternatives. These attributes and the associated levels 

are presented in Table 2. The alternatives of unqualified ‘doctor’ and 

government MBBS doctor also have an extra attribute: Medicine.  

 
 
Table 2: Attribute levels 
Doctor Type Price (INR) Medicine Distance Recommendation 
Unqualified 50, 100, 150 Pill,  

Pill & Injection 
At Home, 
In village, 

Positive, 
No Recommendation, 
Negative 

Government 
qualified 

1, 25, 50 Free, 
Extra Charge 

In village, 
5–15 km 

Positive, 
No Recommendation, 
Negative 

Private 
qualified 

100, 200, 300 Uncertain 
Treatment 

In village, 
5–15 km 

Positive, 
No Recommendation, 
Negative 

None of the 
above 

0 0  
 

0 0 

Note: INR – Indian Rupees 

 

An efficient fractional factorial design is used to collect the qualitative choice 

data. Further description of the Stated Choice experimental design, the 

qualitative data underpinning the selection of attributes and levels, and the 

performance of the design are provided in Iles and Rose (2013). 

 

The present data is unbalanced. Of the 300 survey respondents, 156 answered 

both the revealed preference and qualitative choice data and 144 provided only 

revealed preference. The use of unbalanced data follows the work of 

Brownstone, Bunch and Train (2000) in estimating demand. These authors also 

                                                        
4 This type of data is also known as stated choice or discrete choice data. 
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use a Mixed Multinomial Logit model in a combined analysis of revealed and 

qualitative data. 

 
 
 
 
5. Results 
The Mixed MNL model results are based on the simulated maximization of the 

log-likelihood. One thousand Halton draws are made from the distributions of 

the random variables. The price, travel distance and income values are all 

positive, so distributions allowing only for positive draws are appropriate. 

Triangular distributions anchored at zero are used (Hensher, 2012). The price 

variable for government MBBS doctor uses an Erlang distribution (Greene, 

2012).  As a result of the mixing of distributions in the residual, interpretations 

of the coefficients are not the same as in the base MNL model.   

 

The parameter estimates are sensitive to the utility model specifications. The 

sign of the parameters estimates for the log of consumption (Y–Pj) and log of 

consumption (Y–Pj)2 in Model 1 are surprising. The statistically significant, at the 

0.05 level, negative parameter (Y–Pj) suggests that as consumption expenditure 

increases, respondents are less likely to consult a doctor for a mild–severe fever. 

This is counterintuitive and contrary to the results of other studies.  The 

goodness of fit measures of the log-likelihood (-1288.86) and the pseudo-R2 

(0.613) are relatively poor compared to those produced by Model 2 (see Table 

3). 

 

The random coefficients of price and travel have negative signs, indicating that 

increases in price and travel distance decrease the probability of a given choice. 

The log of per capita income and the log of per capita income squared are held 

constant across alternatives to induce stability across the utility functions. The 

positive log of income is significant at the 0.001 level.   

 

The results indicate that consumer trust is an important determinant of 

healthcare provider choice. In the choice to attend an unqualified ‘doctor’ both 

positive and negative recommendations are significant. Likewise, a positive 
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recommendation from a family member or friend is significant for visiting a 

private MBBS doctor and a government MBBS doctor. Moreover, the dummy 

variable for trust in the government MBBS doctor utility function is also 

statistically significant at the 0.001 level.    

 
Table 3: Mixed MNL Error Component results – Model 2 
 Unqualified Private Government 

 
Coeff. 
(St. Err.) 

Coeff. 
(St. Err.) 

Coeff. 
(St. Err.) 

Variables 
Price. -0.023***

1
 

(0.003) 

-0.015***
1
 

(0.002) 
-0.021***

2
 

(0.005) 
Travel. -0.208**

1
 

(0.091) 
 

-1.731***
1
 

(0.254) 
 

-1.800***
1
 

(0.146) 
 

Ln Income (per cap). 2.124***
1
 

(0.480) 
 

2.124***
1
 

(0.480) 
 

2.124***
1
 

(0.480) 
 

Ln Income sq (per cap). -0.056*
1
 

(0.033) 
 

-0.056*
1
 

(0.033) 
-0.056*

1
 

(0.033) 

Medicineb 0.426*** 

(0.102) 
 

- 
 
 

-0.939*** 

(0.123) 
 

Recomm. positiveb 0.492*** 

(0.161) 
0.884*** 

(0.282) 

0.619*** 

(0.190) 
Recomm. negativeb  -0.362** 

(0.183) 
-0.858** 
(0.403) 

-0.977*** 

(0.204) 
Recomm x Travel positiveb - 

 
0.386 

(0.254) 
- 

Recomm x Travel negativeb - 
 

-0.203 

(0.306) 
- 

District 2 -1.473*** 

(0.464) 
- 

 
0.885* 

(0.477) 
District 3 -0.351 

(0.578) 
- 

 
0.777 

(0.592) 
Duration 2a -2.731*** 

(0.714) 
- 

 
- 

 
Duration 3a -5.314*** 

(1.007) 
- 

 
- 

 
Gov't hospital fara 1.345 

(1.222) 
- 

 
- 

 
Poor Quality medicinesa 

 
- 

 
-4.489*** 

(0.499) 
Trusta - - 5.450*** 

(1.311) 

Not Availablea - - -5.963** 
(2.460) 

Hindu - Brahmina -2.716* 
(1.428) 

- -3.334** 
(1.577) 

Hindu – Kshratryaa -3.924 
(2.521) 

- -0.713 
(3.599) 

Hindu - Suhdaa -2.030 - 2.075 
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(1.384) (1.496) 

Hindu - Tribala -3.045 
(4.513) 

- 3.308 
(5.296) 

Muslima - - 
 

-2.342** 

(0.914) 
Constantb 1.903*** 

(0.370) 
- 

 
- 

 
    
Std, Dev of random parameters 
Price. 0.023 

(0.003)*** 
0.015 

(0.002)*** 
0.011 

(0.005)** 
Travel. 0.208 

(0.091)** 

1.731 

(0.254)*** 
1.800 

(0.146)*** 
Ln Income. 2.124 

(0.480)*** 
2.124 

(0.480)*** 
2.124 

(0.480)*** 
Ln Income sq. 0.056 

(0.033)* 
0.056 

(0.033)* 
0.056 

(0.033)* 

Error Component    
SP alternatives. 0.011** (0.005)  
Unqualified (RP + SP) 1.197*** (0.244)  
Government (RP + SP) 1.536*** (0.232)  
    
N 300 

LL -1198.31 

BIC 2709.35 

Pseudo. R2 0.640 

Note: *** p < 0.001, ** p < 0.05, * p < 0.1 
1 Triangular distribution anchored at zero; 2 Erlang distribution; a RP parameter only; b SP 
parameter only. 

 

Other factors influencing trust are also important. The perception that 

government supplied generic medicines are poor quality is one such factor for 

some healthcare users. The negative coefficient (statistically significant at the 

0.001 level) for the variable “poor medicines” captures this negative perception 

of government supplied generic medicines. 

 

Respondents in the highest Hindu caste – Brahmin – are less likely to consult an 

unqualified ‘doctor’ (-2.716, p < 0.1) or a government MBBS doctor (-3.334, p < 

0.05) relative to those in the base category (Vaisya).  The model also indicates 

that Muslim respondents are also less likely to consult government MBBS 

doctors. The negative coefficient for Muslims attending a government MBBS 

doctor (-2.342) is also significant at the 0.05 level. 

 

The Error Components for Unqualified ‘doctor’ and government MBBS doctor are 

statistically significant at the 0.001 level. The scale difference between the RP 
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and SP alternatives is not large, but significant (at the 0.05 level). The second and 

third Error Components control for the scale difference between data types of 

the unqualified and government alternatives.  

 
 
 
6. Simulations 
The own price and income elasticity of demand provide a useful means of 

depicting unit free changes in demand. The results from Model 2 reveal that both 

unqualified and government MBBS doctor services are ‘normal goods’. The 

income elasticity for both doctor types is positive. Moreover, the own mean price 

elasticities are negative for each (unqualified -0.123 and government -0.102). 

The cross-price (mean) elasticities reflect the responsiveness of government 

MBBS doctor services to a price increase in unqualified doctors (0.304). 

Unqualified provider services are relatively unresponsive to a unit increase in 

government MBBS doctor prices (0.019). 

 

The simulated arc price elasticities for unqualified ‘doctors’, using the revealed 

preference data, capture changes as prices increase; this is true across all income 

quartiles. As expected, the demand becomes more elastic for all income groups 

as prices rise (see Table 4); further, the price elasticity of demand is greatest for 

those in the lowest income group (Q1), compared to those in the highest income 

group (Q4). There exists a consistent reduction in price elasticity moving from 

the lowest income level (Q1) to the highest (Q4), at any given price interval. The 

price elasticity range presented in Table 4 is considerably greater than previous 

aggregate private doctor estimates (Borah, 2006).  

 

Table 4: Simulated price elasticity for Unqualified (RP), by income quartile. 
INR Q1 Q2 Q3 Q4 

1-50 -0.111 -0.085 -0.073 -0.071 

50-100 -0.171 -0.134 -0.112 -0.110 

100-150 -0.221 -0.197 -0.176 -0.164 

150-200 -0.274 -0.255 -0.229 -0.208 

200-250 -0.367 -0.323 -0.294 -0.280 

250-300 -0.428 -0.358 -0.370 -0.338 

300-500 -0.674 -0.623 -0.606 -0.554 
Note: bold figures signify the highest price elasticity in each price interval. 
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The corresponding price elasticity of demand for government MBBS doctors (see 

Table 5), increases as prices rise and across income groups Q1–Q3. The price 

elasticities for government MBBS doctors, across all income quartiles, are larger 

than those estimated for unqualified ‘doctors’ (see Table 4). These higher price 

elasticities reflect consumers’ sensitivity that government doctors charge above 

the recommended INR 1 per consultation. The increase in price elasticities 

across income quartiles reflect consumers’ decreasing satisfaction in having to 

pay amounts above the INR 1. These levels of satisfaction are linked to higher 

levels of education across the income quartiles. 

 

 

Table 5: Simulated price elasticity for Gov’t MBBS (RP), by income quartile. 
INR Q1 Q2 Q3 Q4 

1-25 -0.094 -0.100 -0.102 -0.102 

25-50 -0.138 -0.139 -0.143 -0.146 

50-75 -0.189 -0.193 -0.206 -0.198 

75-100 -0.214 -0.210 -0.241 -0.228 
Note: bold figures signify the highest price elasticity in each price interval. 

 
 

The unavailability or absenteeism of government MBBS doctors in rural north 

India is well documented. The importance of this to consumers is also supported 

by the results of Model 2 (see Table 3). The coefficient –“Not available”– is 

negative and statistically significant (-5.96, p < 0.05). The availability of 

government MBBS doctor is one of the factors accounting for the higher reported 

market share of government doctors from the SP data, compared to the RP data. 

Appendix A1 shows that according to the SP data government doctors have a 

potential market share of up to 50% when they are generally known to be 

available5.  

 

One of the consequences of the unavailability of government doctors is that 

consumers need to travel further to access PHC and CHC government facilities. 

                                                        
5 In stating this “potential” market share, the weaknesses of SP are acknowledged. These include: 
hypothetical bias and use of heuristics in answering repeated choice tasks. However, in context of 
comparing market share, the use of SP shares is instructive. 
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Taking the travel distance to a PHC and/or CHC as a proxy for the availability of 

government doctors, a simulation was conducted of the effect of reducing the 

travel distance on government doctor utilization. Figure 1 shows the 

approximate effects of reducing distance on increasing the availability of rural 

government doctors in UP. 

 

 

Figure 1: Simulated utilization effect of reducing the travel distance to a government MBBS 
doctor (jc – unqualified doctor, gdr – government doctor and none – all other treatment and non–
treatment types). 

 
The simulations in Figures 1 show that reducing the travel distance by 50–75% 

(mean distance of 3.6 kms–1.8 km) would translate into utilization levels of 

between 25 and 40%. Given that at present PHC have an average radial coverage 

of 6.4 km (Government of India, 2012), other means such a improved 

transportation to PHC and CHC would also improve the effective distance to 

government MBBS doctors.      

 

Assuming that the informal patient payments widely made by consumers of 

government MBBS doctor services reflect the scarcity of MBBS doctors in rural 

UP, allowing government MBBS doctors to increase their charges may help to 

attract more doctors to underserviced areas. The price rises necessary would 

have little negative effect on utilization, according to the present data. Figure 2 

shows the negligible effect that price increases would be expected to have on 

utilization of government MBBS doctor services. The lower levels of price 

elasticity for government MBBS doctor across income quartiles Q2–Q4 (see 
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Table 5) are reflected in the unresponsiveness of utilization due to price 

increases. However, the impact of price increases of welfare measures are likely 

to differ, but is not subject of this paper. 

 
 

 
Figure 2: Simulated utilization effect of increasing the price of government MBBS doctors, 
assuming increased government doctor accessibility. 

 
 
The negligible change in government MBBS doctor service utilization following a 

simulated price increase suggests that the changes in government service 

utilization in Table 3 are due to the higher time cost of travel. The current data 

does not allow for the testing of this hypothesis. 

 
7. Conclusion 
The primary healthcare market in rural UP is dominated by the utilization of 

unqualified providers in the informal sector. This study shows that the choice to 

treat a commonly experienced mild–severe fever is framed by consumer 

accessibility to providers and perceptions of quality.   

 

This study demonstrates that accessibility to healthcare ‘doctor’ services are 

critical for consumers in central, eastern and southern Uttar Pradesh. Within a 

utility maximization framework the data indicates that on average the total 

marginal cost of seeing a government MBBS doctor outweighs the marginal 

benefits. The benefits of utilizing relatively affordable healthcare from qualified 

doctors are outweighed by the costs of low levels of accessibility, perceived poor 
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quality medicines and price sensitivity towards making informal patient 

payments above the mandated INR 1. 

 

The simulated effect of reducing the effective travel distance to government 

MBBS doctor services in PHC and CHC from 7.3 km to between 3.6 and 1.8 km is 

expected to increase the utilization of these services by 10–25 percentage points. 

Assuming that travel distance is a proxy for travel cost (time and monetary), the 

simulated results indicate that travel costs outweigh the direct monetary costs of 

consulting a doctor and buying medicines. These results support the conclusion 

that accessibility is central in consumers’ utilization decision-making. 

 

Informal healthcare providers in UP are highly accessible to consumers and price 

services in accordance with consumer preferences for combination oral 

medicine and injections to treat mild–severe fever. As a consequence, 

unqualified ‘doctors’ are able to price their services above government MBBS 

doctors and retain their dominant market share.  

 

The recommendation of a head of household or trusted friend is an important 

channel for the flow of information on the perceived quality of healthcare 

providers. The statistical significance of both positive and negative 

recommendations for all healthcare providers underscores its importance.  

 

The classical diminishing marginal rate of substitution of income for health is 

supported by this data. The positive coefficients for the log of per capita income 

and the negative per capita income squared indicate a diminishing rate. 

Moreover, income and price elasticities support the conclusion that both 

unqualified and government MBBS doctor services are normal goods. 

 

Several limitations exist in this study. The inclusion of endogenous variables in 

income and duration potentially biased parameter estimates. However, any bias 

in the travel distance parameter estimates is limited due to the inclusion of 

stated preference data.  Given the diversity of UP, the relatively small sample size 

of 300 constrains power of the results.  
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In the context of achieving India’s ambition of delivering universal healthcare, 

the prevalence of the informal healthcare sector – due in part to the institutional 

weaknesses of the government rural services – appears to be an important 

element. Without the recognition of the informal sector and the reasons for its 

dominance, the likelihood of any government initiatives, aimed at reducing their 

market share, being effective seems unlikely.    
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Appendix A1 
 
Table A1-1: Utilisation of healthcare provider according to survey type 
 RP SP* 
 Number % Number % 
Unqualified ‘doctor 186 62.00 493 35.11 
Private MBBS doctor 39 13.00 199 14.17 
Government MBBS doctor 63 21.00 711 50.64 
None 12 4.00 1 0.07 
TOTAL 300  1404  
* A central assumption of the SP survey was that government MBBS doctors were always present 
and available at their respective CHC or PHC. 
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Appendix A2 
 
Table A2-1: Descriptive statistics for Revealed and Stated Choice variables. 

Variable Mean 
(%) 

St. Dev Median Min Max 

Stated Choice      
Price – unqualified (INR) 101.30 40.55 - 50 150 
Price – private MBBS (INR) 202.81 82.20 - 100 300 
Price – government MBBS (INR) 25.15 19.85 - 1 50 

Reveal Preference      
Price – unqualified (INR) 99.54 351.05 60.00 1 6000 
Price – government MBBS (INR) 69.96 254.61 20.00 0 600 
Distance – unqualified (km) 1.70 2.65 1.00 0 17 
Distance – government MBBS 
(kms) 

7.31 5.21 7.00 
 

 0 32 

Log Income (per capita) 8.80 0.69 - - - 
Log Income Sq (per capita) 78.05 12.66 - - - 
Household size 6.7 2.8  1 17 
District 1 - Fatehpur1 (51.5)     
District 2 - Lalitpur1 (22.7)     
District 3 - Balrampur1 (25.8)     
Religion      

Hindu-Brahmin1 (12.0)     
Hindu-Kshatriya1 (4.4)     
Hindu-Vaisya1 (33.4)     
Hindu-Sudra1 (22.7)     
Hindu- Tribal1 (3.7)     
Jain (0.7)     
Muslim1 (23.1)     

Hospital Too Far1 (8.9)     
Not available1 (13.0)     
Poor quality medicines1 (11.4)     
Trust1 (5.0)     
Duration 21 (4-6 days)  (12.2)     
Duration 31 (7-9 days) (8.6)     

Note: 1 dummy variable 
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Appendix A3 
Mixed MNL Error Component results – Model 1 
 Unqualified Private Government 

 
Coeff. 
(St. Err.) 

Coeff. 
(St. Err.) 

Coeff. 
(St. Err.) 

Variables 
Travel. -0.096

1
 

(0.058) 
 

-1.312***
1
 

(0.185) 
 

-1.944***
1
 

(0.127) 
 

Ln Consum (per cap). -0.302
1
 

(0.231) 
 

-0.302
1
 

(0.231) 
 

-0.302
1
 

(0.231) 
 

Ln Consum sq (per cap). 0.025
1
 

(0.026) 
 

0.025
1
 

(0.026) 
 

0.025
1
 

(0.026) 
 

Medicineb 0.417*** 

(0.098) 
 

- 
 
 

-1.120*** 

(0.107) 
 

Recomm. positiveb 0.392*** 

(0.149) 
-0.100 

(0.215) 

1.217*** 

(0.175) 
Recomm. negativeb  0.053 

(0.169) 
-0.319 
(0.330) 

-1.071*** 

(0.176) 
Recomm x Travel positiveb - 

 
0.516** 

(0.214) 
- 

Recomm x Travel negativeb - 
 

0.216 

(0.270) 
- 

District 2 -0.913*** 

(0.330) 
- 

 
2.157*** 

(0.494) 
District 3 -0.096 

(0.395) 
- 

 
2.026 

(0.609) 
Duration 2a -0.835* 

(0.446) 
- 

 
- 

 
Duration 3a -2.701*** 

(0.755) 
- 

 
- 

 
Gov't hospital fara -0.481 

(0.727) 
- 

 
- 

 
Poor Quality medicinesa 

 
- 

 
-3.403*** 

(0.468) 
Trusta - - 6.232*** 

(1.116) 

Not Availablea - - -5.993 
(3.750) 

Hindu - Brahmina -1.409* 
(0.736) 

- -0.148 
(0.976) 

Hindu – Kshratryaa -0.502 
(0.976) 

- 3.545 
(3.053) 

Hindu - Suhdaa -0.171 
(0.616) 

- 4.909*** 
(0.768) 

Hindu - Tribala -0.959 
(1.350) 

- 6.844** 
(2.772) 

Muslima - - 
 

0.081 

(0.755) 
Constantb 1.568*** 

(0.226)   
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Std, Dev of random parameters 
Travel. 0.096 

(0.058) 

1.312 

(0.185)*** 
1.944 

(0.127)*** 
Ln Consum 0.302 

(0.231) 
0.302 

(0.231) 
0.302 

(0.231) 
Ln Consum sq. 0.025 

(0.026) 
0.025 

(0.026) 
0.025 

(0.026) 

Error Component    
SP alternatives. 5.993 (3.750)  
Unqualified (RP + SP) 1.115*** (0.176)  
Government (RP + SP) 1.877*** (0.195)  
    
N 300 

LL -1288.86 

BIC 2860.67 

Pseudo. R2 0.613 

Note: *** p < 0.001, ** p < 0.05, * p < 0.1 
1 Triangular distribution anchored at zero; 2 Erlang distribution; a RP parameter only; b SP 
parameter only. 
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Appendix B1 
The missing data imputed as part of this paper included the price and categorical 

distances for the alternative (non-selected) doctors for respondents and the 

caste affiliation of respondents in District 1. The assumption of Missing At 

Random (MAR) appears relevant to the case of the missing caste data from all 

respondents in District 1, because within the sub-sample of District 1 

respondents all caste data has an equal probability (p = 1) of being missing (van 

Buuren, 2012). In this case, knowledge of the mechanism of missingness makes 

the assumption of MAR clear.  

 

Imputed data is generated using a Multivariate Imputation by Chain Equation 

(MICE) algorithm. This algorithm, also known as fully conditional specifications 

(FCS), employs a Markov chain Monte Carlo (MCMC) method by using 

conditional densities to run the multivariate imputation model for each variable 

individually. Due to the sequential nature of the MICE algorithm each variable 

with missing data may use a different distribution from which to draw 

imputations.  

 

A Bayesian procedure is used to update the prior distributions from the 

preceding posteriors. This iterative approach is completed over a given number 

of cycles. The number of iterations used in this study ranged between 5 and 7. 

This low number is generally necessary due to low levels of autocorrelation 

among regression variables and the limited amount of memory occupied in MICE 

algorithm while running the imputation model (van Buuren, 2012). The work of 

Brand (1999) and van Buuren et al. (1999) use between 5 and 20 iterations.  

 

Evaluating the convergence of the MCMC process is necessary to ensure that a 

stationary distribution is reached. Reviews of convergence testing methods find 

that machine generated tests are unreliable (Cowles and Carlin, 1996; El Adlouni 

et al., 2006). Cowles and Carlin conclude that machine generated tests should 

avoided. As such, visual inspection of the plots of the mean and standard 

deviations of the individual imputed variables at each iteration is used to check 

that free movement across the iterations occurs.  
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Figures B1-1 through B1-4 are presented below depicting the imputation of 

missing values in the variables: caste, distance to unqualified and government 

doctor and price of unqualified and government doctor. The categorical variables 

of caste, distance to unqualified and distance to government doctor use a 

multinomial logit model (termed “polyreg” in MICE), the price of unqualified use 

a Bayesian linear regression (termed “norm” in MICE) and the price of 

government doctors uses  a 2-level Poisson regression (termed “2l.poission” in 

Countimp).     

 

Figure B1-1a: Histogram of respondents by caste, original responses and 
combined original and imputed. 

 
 
 
Figure B1-1b: Convergence plot of multiple imputations for caste. 
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Figure B1-2a: Histogram of distance to Unqualified ‘doctor’ (jhola chhap), 
original responses and combined original and imputed. 

 
 
Figure B1-2b: Convergence plot of multiple imputations for distance to 
Unqualified ‘doctor’.  

 
Figure B1-3a: Histogram of distance to government MBBS doctor, original 
responses and combined original and imputed. 
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Figure B1-3b: Convergence plot of multiple imputations for distance to 
government MBBS doctor.  
 

 
 
Figure B1-4a: Histogram of price of Unqualified ‘doctor’ (jhola chhap), original 
responses and combined original and imputed. 

 
 
Figure B1-4b: Distribution of Unqualified ‘doctor’ (jhola chhap) prices, original 
and combined original and imputed. 
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Figure B1-4c: Convergence of Unqualified ‘doctor’ (jhola chhap) prices. 
 

 
 
Figure B1-5a: Histogram of price of government MBBS doctor, original responses 
and combined original and imputed. 

 
 



 31 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The price of INR 5000 for a single consultation to a government doctor, depicted 
in Figure B1-5b, is an outlier. This value is dramatically greater than all other 
values. As such, this observation was deleted. 
 
 
Figure B1-5b: Distribution of government MBBS doctor prices, original and 
combined original and imputed. 
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Appendix B2 
 
The price data for non-selected unqualified ‘doctors’ is missing for 

approximately 38% of respondents. This missing data is also imputed using EM 

algorithm in R package ‘Amelia II’ and the full dataset of 1174 respondents 

(Honaker et al., 2011). Lower and upper bounds were used to impute 5 sets of 

missing values (Rubin, 1996). The lower bound was 0 and the upper was 300. 

The average of the five data sets was used for the missing data.   

 

In the case of missing price data for government MBBS doctors, approximately 

60% was missing. Technically, government primary health centers charge only 

an administration fee of INR 1 in UP. The data collected indicates that while the 

mode price of government MBBS doctors is INR 1, the majority of consultations 

attract a higher fee. Figure B2-1 shows the distribution of price data for 

government MBBS doctors when they are: 1) consulted first, 2) the non-initial 

choice and 3) a combination of 1) and 2). 

 

Figure B2-1: Histogram of government MBBS price and proportion of missing 
data. 
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Panel 2 of Figure B2-1 indicates that approximately 80% of the price data for 

government MBBS doctors when they are the non-initial choice is missing. This 

missing data is assumed to be INR 1. Table B2-1 summarizes the completed price 

and distance data using the EM algorithm, assuming government MBBS doctors’ 

prices are INR 1 and using the mean distance to healthcare provider for each 

village. 

 

Table B2-1: Summary price and distance variables 
Reveal Preference     

Price – unqualified (INR) 107.93 348.11 1 6000 
Price – government MBBS (INR) 10.59 32.94 0 213 
Distance – unqualified (kms) 1.50 1.87 0 17 
Distance – government MBBS (kms) 7.04 3.23  0 32 

 
 
Table B2-2: Simulated price elasticity for Unqualified (RP), by income quartile.  
INR Q1 Q2 Q3 Q4 
1-50 -0.213 -0.186 -0.180 -0.173 
50-100 -0.349 -0.321 -0.288 -0.302 
100-150 -0.515 -0.495 -0.476 -0.463 
150-200 -0.711 -0.677 -0.648 -0.642 
200-250 -0.857 -0.819 -0.780 -0.784 
250-300 -0.962 -0.917 -0.899 -0.887 
300-500 -1.120 -1.096 -1.065 -1.057 
 
 
Table B2-3: Simulated price elasticity for Gov’t MBBS (SP), by income quartile. 
INR Q1 Q2 Q3 Q4 

1-25 -0.048 -0.043 -0.040 -0.048 

25-50 -0.079 -0.071 -0.071 -0.082 

50-75 -0.107 -0.094 -0.098 -0.105 

75-100 -0.129 -0.114 -0.121 -0.124 
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