
CBN Journal of Applied Statistics Vol. 3 No.1    1 

 

 

Simple Sequential Procedure for Modeling of Item Non-Response 

in Econometric Analysis: Application to CV Survey Data 

 William M. Fonta
1,2

, Elias T. Ayuk
1
 and H. Eme Ichoku

2 
 

 Item non-response occurs when respondents fail to provide answers to some or all of the 

questions posed during survey interviews. The standard procedure is to exclude such 

responses from the econometric analysis. This may be appropriate if the sample included 

does not differ significantly from those excluded in the analysis. If this is not the case, the 

econometric analyst faces a sample selection bias problem. The aim of this paper is to 

provide further evidence using a simple sequential procedure to deal with the problem 

when using non-randomly selected samples in social science research. The procedure 

entails different levels of estimation and diagnostic with the Ordinary Least Squares 

(OLS), Heckman’s 2-step and Full Information Maximum Likelihood (FIML) estimators. 

In the application context, we found the FIML estimator to be more efficient in dealing 

with sample selection bias than the Heckman’s 2-step approach. 
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1.0 Introduction 

One of the most widely encountered problems in sample survey is to record a 

large number of responses with zero or missing values (i.e., item non-responses). 

This may be ascribed to a variety of reasons such as free riding, adverse reaction 

to the interview in general, inadequate comprehension of the intent of the survey 

question or possibly, the lack of willingness or motivation to disclose the required 

information (Beatty and Herrmann, 2002; Krosnick, 2002; Strazzera et al., 2003a; 

Amahia, 2010; Okafor, 2010; Fonta et al., 2010). In most applied social science 

research work, the standard procedure for handling item non-response problem is 

to delete such responses from the econometric analysis. However, from a 

statistical point of view, this may be incorrect if the sub-sample that is excluded is 

systematically different from that which is included at least in terms of the 

covariates employed in the econometric analysis. When this is the case, the 

econometric analyst faces a sample selection bias problem. This could generate 

inconsistent parameter estimates for reasons similar to those described in 

Heckman (1976 and 1979), Madalla (1983), Amemiya (1984 and 1985), Vella 

(1992 and 1998), Melino (1992), Breen (1996), Fonta and Ichoku (2006), Fonta 

and Omoke (2008), and Fonta et al., (2010). In such circumstance, a sample 
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selection model is required to detect, and if necessary, to produce correct 

estimates for the econometric parameters of the model (Heckman, 1979; Madalla, 

1983; Strazzera et al., 2003a & 2003b). 

The use of the Heckman’s 2-step technique to detect and correct for sample 

selection bias problem, has largely dominated the econometric literature. 

Although widely used, it has been shown to sometimes perform poorly due to the 

presence of collinearity problems between the regressors of the 2-step equations 

(Winship et al., 1992 and Strazzera et al., 2003a). The main objective of this 

paper is therefore to illustrate with the aid of a survey data, a simple econometric 

procedure for simultaneously dealing with the problems of sample selection bias 

and collinearity when ‘item non-responses’ are excluded on ad hoc basis in 

econometrics estimation. The econometrics procedure involves different levels of 

estimation and diagnostics with the OLS, Heckman’s 2-step and the Full 

Information Maximum Likelihood (FIML) estimators. The duration of the 

estimation procedure will depend on the diagnostic test results obtained at each 

stage of the modeling process (Fonta et al., 2010).  

The rest of the paper is sub-divided as follows: in section II, we present the 

structural econometric models developed for the empirical estimation followed by 

the sequential guidelines. In section III, the empirical application is presented 

using a contingent valuation method (CVM) survey data. Section IV reports the 

empirical findings while sub-section V concludes the paper.  

2.0 Econometric Models and Sequential Procedure  

For empirical purposes, let us consider the following two-equation latent 

dependent variable model given by, 

iii wu  *          (1)          

iii yv  *

 
        (2) 

where iw and iy  are k and j row vectors of exogenous explanatory variable that 

are assumed to be determinants of iu  and iv , and  and   are k and j column 

vectors of parameters to be estimated for the model. In this simplistic model, it is 

assumed that,  
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In words, we observe iu  a dummy variable, which is the realization of an 

unobserved (or latent) continuous variable 

iu  with error term i . For values of 

,1iu  we observe iv , which is the realization of a second latent variable *

iv  with 
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error i . The joint distribution of ( ii  ,  ) is assumed to be bivariate normal with 

zero means, variances equal to 1 and correlation ρ. 

In Heckman (1979), 

iu  expresses the desire of women to join the work force (i.e., 

participation equation) and *

iv  measures the observed wages of working women 

(i.e., outcome equation). Heckman showed that if we estimate the determinants of 

wages based only on the sub-sample of women working, it could be incorrect if 

there is bias introduced by self-selection of women into the work force as follows:  
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, is the bias due to self-selection of female participants 

into the work force. Heckman termed it a simple specification error or omitted 

variable problem, which is akin to the problem of excluding item non-responses 

from econometric estimation on ad hoc basis (Heckman, 1979). Heckman 

therefore proposed a consistent 2-step estimator that will allow for the possible 

correction of the bias, and hence, produce correct estimates of the parameters of 

the models and the central tendency measures.  

The Heckman procedure is carried out in two stages. First, note that the 

conditional expected value of iv conditional on 1iu
 
and on the vector iy is 

given by, 
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  is the inverse of the Mills ratio, and  and  are the 

standard normal density and standard normal distribution functions respectively. 

The first step of Heckman's proposal is to use a Probit model of equation (1) to 

obtain a consistent estimator of  and then use the estimated   to construct the 

variable  (i.e., the inverse mills ratio). In the second step, including  as a 

regressor in equation (2), allows us to estimate y  and  consistently by OLS 

(Heckman, 1979). A by-product of the 2-step approach is a relatively simple test 

for identifying the presence of sample selection bias. Under the null hypothesis of 

no selection bias, (i.e.,  =0), the usual formula provides a consistent estimate of 

the covariance matrix of .y  Under the alternative hypothesis   0, Heckman 

suggests the use of t-test of the coefficient on the  variable as a test of sample 

selection bias (Heckman, 1979). 
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However, as earlier indicated, a well-known weakness of the 2-step approach is 

the problem of collinearity between the regressors of the Probit and OLS 

equations. Based on this, Strazzera et al., (2003a) suggested the use of the 

following sequential guidelines to simultaneously deal with the problems of 

selectivity bias and collinearity: (a) First, estimate a two-part model for the 

separate equations (i.e., participation and outcome) using an OLS estimation 

technique (i.e., Craig’s model), (b) Second, based on the two equations, estimate 

the models using Heckman’s 2-step approach and control for the significance of 

the coefficient on λ (i.e., the inverse mills ratio), (c) Third, check for the presence 

of collinearity by regressing   against the covariates of the outcome equation. If 

there are no collinearity problems (i.e., judging from the resultant 2R from the 

OLS estimation procedure), and the coefficient on λ is not statistically significant, 

accept the plain OLS estimates obtained at the first stage. If there are no 

collinearity problems but the coefficient on λ is statistically significantly, accept 

the 2-step estimates obtained at the second stage. However, if there are some 

collinearity problems, proceed to the fourth stage as follows, (d) Based on the two 

equations, estimate a FIML sample selection model, and check for the presence of 

correlation by observing the significance of the parameter ρ. If ρ is not 

statistically significant, accept the plain OLS estimates obtained at stage one; 

otherwise, accept the estimates obtained from the FIML sample selection model.   

The log-likelihood to maximize to obtain the FIML estimates is given by,   
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Maximization of this function produces simultaneous estimation of the parameters 

of both the participation and outcome equations. 

3.0  Application to Contingent Valuation (CV) Survey Data 

 

In 2008, the researchers conducted a study of the willingness to pay (WTP) of 

households to finance one aspect of the new National Health Insurance Scheme 

(i.e., community-based health insurance - CBHI) in the Nsukka Local 

Government Area (LGA) of Enugu State, Nigeria, using the contingent valuation 

method(CVM). The broad objective of the study was to design an improved 

planning technique that could help elicit information on the value placed by the 

Nsukka inhabitants on communal financing of the scheme, and decide appropriate 

household insurance premiums or levies. A key concept in such an improved 

planning technique is that of the WTP of households in the area to finance the 

scheme. Eliciting households’ WTP, with the aid of the CVM, to inform the 

design of CBHI schemes is not a novelty in Africa. It has been used by Asenso-
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Okyere et al., (1997); Asfaw and Braun (2004); Dong et al., (2003); Binam et al., 

(2004);  Fonta and Ichoku, (2005); Basaza et al., (2008); Ataguba et al., (2008); 

Onwujekwe et al., (2009 and 2011); Fonta et al., (2010 and 2011), to inform the 

design and initiation of CBHI schemes in Ghana, Ethiopia, Burkina Faso, 

Cameroon, Uganda and Nigeria, respectively. 

The survey instrument was a pre-tested interviewer-administered structured 

questionnaire that was divided into two broad categories. The first category 

elicited information on households’ socio-economic and demographic 

characteristics, health status, assets holding, housing and wealth information and 

community variables. The second mainly focused on the contingent valuation 

(CV) scenario under which the evaluation of the proposed CBHI scheme took 

place. This scenario detailed the nature of the new CBHI initiative being proposed 

in Nsukka, the current health service delivery situation in Nsukka, the institutional 

setting in which the proposed scheme will be provided, and how each household 

will have to pay to finance the scheme (i.e., quarterly contributions). The value 

elicitation formats used was the Dichotomous Choice (DC) format buttressed with 

open-ended follow-up and debriefing questions. Our choice of using the DC 

elicitation format is because of its incentive-compatibility feature compared to 

other formats (Mitchell and Carson, 1989). Five starting prices were used in the 

DC question as follows: N200, N400, N600, N800 and N1000. These bids were 

based on an earlier pilot study in the community. These prices were assigned 

randomly and roughly proportionately to the number of households in the study 

sample.   

A two-stage selection procedure was adopted for the study design. The first stage 

was a random selection of five communities out of the 15 communities in Nsukka 

namely; Obukpa, Edem, Nsukka, Ibagwa-Ani and Ehalumona. From these five 

communities, the Federal Office of Statistics (FOS) now National Bureau of 

Statistics (NBS) enumeration-listing booklet was used to select four Enumeration 

Areas (EAs) from each of the five communities. In the second stage, a simple 

systematic random sampling technique was used to select 19 households from 

each of the EAs. This gave a total sample size of 380 households
3
. The sampled 

households were appropriately weighted during analysis. Under the weighting, 

each household selected from each EA was weighted to make it representative of 

the entire EA such that the sum of the weights for each EA equaled the 

approximate number of households in that EA. 

During the CV interview, if a respondent said yes to the initial WTP bid proposed 

to him/her, a follow-up question was asked to elicit his/her maximum WTP 

                                                 
3
 This optimal size was obtained using the Taro Yamane (1967) specification. That is,  

( )2/ 1 ( )n N N e= +   where n equals to the sample size to be estimated,  N  stands for the 

population size (i.e., household size), and e  represents the margin of error. 
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amount to finance the scheme. However, if the answer was no, another follow-up 

question was asked, to find out the respondent’s actual WTP amount if different 

from that of the proposed bid. If no WTP amount was reported at this stage, a 

debriefing question was posed to the respondent to find out the reason(s) for not 

being willing to pay to finance the scheme. This was basically to distinguish ‘item 

non-responses’ or invalid responses from the valid responses. Overall, out of a 

total of 380 households randomly selected for interview, 235 (61.8%) provided 

valid responses to the valuation question, 74 respondents (19.5%) provided 

invalid responses (i.e., item non-responses)
4
 to the valuation question, while about 

71 households refused outright to be interviewed. 

4.0 Empirical Results 

4.1  Sample Statistics 

Table 1 presents the summary statistics describing the sampled population. On 

average there are 6 members in a household living in an average of four rooms. 

Over 95% of thes households have bathrooms while only about 46% reported 

having toilet facilities. Also, most of the household heads interviewed (99%) are 

either employed in the formal sector by the Local Government Authority (though, 

mainly menial labourers and clerks) or the informal sector as craftsmen, petty-

traders and farmers. Equally, most of the respondents were engaged in farming, 

which may not necessarily be as a full time occupation. This limited the direct 

observation of household income. Based on the pilot testing, a proxy measure of 

wealth was adopted as also suggested by Fonta (2006). Thus, the average income 

for the sample was calculated to be about NGN121,714.20 (US$936.3)
5
 per 

annum or NGN10,142.85 (US$78) per month. By gender distribution, about 63% 

of the sampled respondents were male while only about 37% were females. In 

terms of age distribution, the average for the sample was about 51 years. The 

average distance from a household to the nearest health centre was estimated to be 

about 3.3km.  

  

                                                 
4
 The main reason for such invalid responses was because of ‘protests’ zeros and outliers. 

‘Protests’ zeros, according to Freeman (1993:187), occur when respondents reject some aspect 

of the constructed CV market scenario by reporting a zero value even though they place a 

positive value on the amenity or resource being valued. On the other hand, outliers are 

determined by the researcher based on some measures such as the share of WTP in income or 

what Mitchell and Carson (1989: 226 –227) called  -trimmed mean where the analyst chooses 

the value of .  
5
 At the time of the survey, USD1 was approximately N130. 
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Table 1: Descriptive Statistics for the Sampled Households 

Variable Measurement/Definition Mean/ 

Proportions 

Std. Dev. 

Age Age of the respondent at the last 

birthday (in years) 

51.69 12.56 

Bathroom 1 if own a bathroom and, 0 otherwise 0.96 0.19 

Bid Starting prices in Naira  598.71 283.3 

Borrowed_amount
*
 Amount borrowed for treatment in 

the last four weeks prior to survey 

666.36      3,251  

Distance Km to nearest health centre 3.33 2.09 

Dwelling 1 if building is constructed with 

cement/concrete and, 0 otherwise 

0.85 0.36 

Educ Education attainment of household 

head and 1 if above primary school 

and 0, otherwise  

0.89 0.95 

Employed 1if  employed and, 0 otherwise  0.89 0.11 

Floor_material Nature of floor material and 1if 

cement/tiles/concrete and 0, 

otherwise  

0.82 0.39 

HHnumber No. of adults and children being fed 6.1 3.09 

Hstate Respondent’s health status at time of 

the interview and 1 if good and, 0 

otherwise  

0.67 0.79 

Know_insurance 1 if knowledgeable about health 

insurance, 0 otherwise  

0.11 0.31 

Male 1 if male and, 0 otherwise 0.63 0.48 

Meanstreat Means of seeking treatment during 

illness. 1 if orthodox means and,  0   

otherwise  

0.55 0.5 

Numrooms Number of sleeping room 4.13 1.61 

Participation 1 if participated/participating in any 

health insurance scheme and, 0 

otherwise 

0.03 0.18 

Qhcentre Rating of the quality of the health 

centers. 1if judged as being good and, 

0  otherwise  

0.68 0.75 

Sick 1 if sick two weeks prior to survey 

and, 0 otherwise 

0.40 0.49 

Toilet  1if own toilet, 0 otherwise 0.46 0.5 

Treatamount
*
 Direct + indirect cost incurred in 

treatment a household member in the 

last four weeks prior to survey 

(Naira) 

763.35      2,612  

Trust 1 if confidence in trust fund and, 0 

otherwise  

0.78 0.82 

Wealth_measure
*
  Assets and other household durables 

(in Naira) 

 121,714   114,741  
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Furthermore, about 40% of the respondents reported that a household member fell 

sick within the last two weeks prior to the survey. In terms of the cost of 

treatment, on the average, the rural households spend about N763 ($5.87) within 

four weeks. Equally, the amount borrowed for treatment including money realized 

from the sale of valuable assets and property was estimated to be about N666 

(US$5.1). This is equivalent to over 87% of the amount spent on treatment across 

all respondents. In terms of health insurance knowledge, only about 11% of the 

sample were knowledgeable about what health insurance is and only 3% reported 

having ever participated in any form of insurance (not necessarily health related) 

in the past or at present. 

Additionally, the literacy level of the respondents was quite low as over 77% of 

the respondents have not had more than 7 years of formal education.  Conversely, 

about 78% of respondents expressed confidence in the proposed community trust 

fund where funds are to be pooled together and managed by the community. This 

gives a high indication of credibility for establishing such a scheme. Further still, 

more than half (60.2%) of the sampled household heads reported their health 

status as being better than ‘Good’ at the time of interview. In terms of household 

health seeking behavior, about (55%) of the sample reported seeking health care 

services from orthodox
6
 health care providers while about 45% reported 

patronizing unorthodox health care providers. Finally, more than half (59%) of 

the respondents adjudged the quality of the health care centers nearest to them as 

being better than ‘Good’. 

4.2       Sample Selection Results   

Having so far discussed the characteristics of the sample, we now turn to the 

econometric analysis. First, it is necessary to distinguish between responses that 

can be considered valid (i.e., WTP 0) and those that appear invalid (i.e., WTP

0). Of a total of 309 interviews that were actually completed, 74 respondents 

(19.5%) were considered to have invalid responses to the valuation question. As 

earlier indicated, the main reasons for such invalid responses were because of 

protests respondents (30) and outliers (44). It was therefore necessary in the 

analysis to determine whether excluding those with invalid responses from the 

econometric analysis would lead to a sample selection bias problem. As noted in 

Strazzera et al., (2003a), Fonta and Ichoku (2006), and Fonta et al., (2010), a 

preliminary test for the presence of sample selection bias is to compare the means 

of household covariates between the two groups (i.e., ‘valid’ and ‘invalid’ 

responses) using sample mean comparison test. Any significant difference 

between the two groups of responses is an early warning indicator of the presence 

                                                 
6
 Orthodox providers are categorized as clinics, maternity centres, dispensary, and 

hospitals. The unorthodox providers are categorized as patent medicine stores, 

traditional healers and herbalists, etc. 
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of sample selection bias and justifies the use of a sample selection model. For 

some of the variables (e.g. gender of respondent, the floor type, household size, 

respondent’s health status, means of seeking treatment, nature of dwelling unit, 

confidence in trust fund and distance to health centres), the difference between the 

two groups (i.e. ‘valid’ and  ‘invalid’ responses) are quite significant at 1 and 5% 

levels, respectively (Table 2). If these variables influence the respondents’ WTP 

for the new social health insurance scheme in Nsukka, then we expect the final 

estimates obtained from the sub-sample of households with valid responses to be 

affected by selectivity bias. 

Table 2: Comparison of Means by Groups of Respondents 

Variable 

Name 

Valid WTP   

 Responses 

Invalid WTP 

Responses 

 Comparison 

)( 01    

 Mean(
1 ) Std. 

Dev. 
Mean( 0 ) Std. 

Dev. 

t-stat. 

Male 0.70 0.46 0.42 0.5  4.54*** 

Floormaterial 0.85 0.36 0.72 0.45  2.65*** 

Numrooms 4.31 1.61 3.55 1.5  3.59*** 

Hstate 2.71 0.76 2.53 0.88  1.78* 

Meanstreat 0.59 0.49 0.42 0.5  2.62*** 

Dwelling 1.14 0.43 1.24 0.43 -1.72* 

Trust 3.13 0.82 2.95 0.79  1.72* 

Distance 3.54 2.17 2.66 1.67  3.21*** 

Obs.                                 235 74   
  
*, **, *** Showing significance of parameter estimates at 10%, 5% and 1% levels respectively. 

Tables 3 and 4 report the results of the econometric estimations of equations (1) 

and (2)
7
 using different covariate specifications (i.e., reduced form models) 

related to the effects of households socio-economic characteristics listed in table 

1. However, note that the tables report the parameter estimates for the best-fit 

specifications (most valid reduced form models) from the two equations (i.e., 

participation and outcome) selected by means of likelihood ratio tests. 

Starting first with the Probit results (Table 3), to explain included versus excluded 

households in the participation equation (i.e., Probit estimation), the gender of the 

respondent seems to have an effect on the probability to participate or not to 

finance the scheme. In particular, being a male-headed household increases the 

probability to participate in financing the scheme. This could be linked to the 

                                                 
7 Note that in our empirical context, equation (1) expresses the desire of households 

to participate in financing the scheme, while equation (2) measures the observed 
WTP amounts of households. w and y  are the exogenous explanatory variable 

listed in Table 1, which are the determinants of iu  and iv  respectively. 
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roles of men in the community who have traditionally been charged with the 

responsibility of catering for the family financially. Similarly, falling sick two 

weeks prior to the survey increased the probability to participate. This may 

perhaps be because implementing the scheme in the area is expected to improve 

health care delivery services and hence, household health status. 

Table 3:  2-steps (No Selection) and FIML Estimates (No Selection) 

                   Participation Equation 

Parameter Probit Estimates FIML Estimates 

  Estimates Std. Err. Estimates Std. Err. 

Constant 2.28 1.393* 2.28 1.351* 

Male 0.821 0.185*** 0.784 0.183*** 

Sick 1.183 0.704* 1.178 0.690* 

Floor_material 0.485 0.245** 0.573 0.237** 

Ln_Distance -0.408 -0.138*** -0.432 -0.134** 

Ln_wealthmeasure 0.278 0.106*** 0.281 0.105*** 

Ln_Bid -1.016 0.189*** -1.021 0.184*** 

%  correctly predicted 94.49% 94.50% 

Observation 309 309 

*, **, *** Showing significance of parameter estimates at 10%, 5% and 1% levels respectively. 

Equally, household income also had an effect on the probability to participation in 

financing the scheme and those with higher income had higher participation rates: 

possibly because, a higher-income earner apparently has a greater demand for 

better health care facilities than a lower-income earner. Finally, households that 

were farther away from the existing health care facilities in the community had a 

higher participation rate than those closest. Possibly because the farther away a 

household is from the nearest health center, the higher the cost of transportation 

and frequency of visits is lower. This may explain why such households are more 

willing to pay to finance the scheme than those living closer to existing healthcare 

facilities.   

In Table 4 (i.e., the outcome model) where the observed WTP amounts of 

households’ is the dependent variable, richer household heads were willing to pay 

higher amounts than poorer household heads (presumably for the same reason that 

they are also more willing to participate to finance scheme). Another important 

determinant of households WTP for the scheme is household knowledge about 

health insurance and, the more knowledgeable a household head is, the higher the 

stated amount for the scheme. Similarly, the health status of a household head was 

a significant determinant of the WTP amount. Heads of households with better 

health status were willing to pay less than those with poor health status. Education 
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was equally a significant determinant of household WTP for the scheme and the 

higher the educational attainment, the higher the stated amount for the scheme.  

Table 4: OLS (No Selection), 2-step (Selection) and FIML (Selection) 

Outcome Equation 

Parameter  

(1) 

OLS (No selection) 2-Step Estimates FIML Estimates 

Est. (2) S. Err. (3) Est. (4) S. Err. (5) Est. (6) S. Err. (7) 

Constant 2.614 0.904*** 2.212 0.642*** 2.277 0.640*** 

Age -0.005 0.004 -0.007 0.003* -0.007 0.003** 

Knowinsurance 0.335 0.153** 0.386 0.122*** 0.381 0.122*** 

Hstate -0.084 0.068 -0.112 0.058* -0.116 0.058** 

Floor -0.300 0.135** -0.255 0.113** -0.238 0.113** 

Toilet 0.271 0.100*** 0.375 0.082*** 0.363 0.082*** 

Ln_Wealth 

measure 

0.152 0.056*** 0.137 0.048*** 0.139 0.048*** 

Ln_Bid  0.392 0.078*** 0.437 0.070*** 0.43 0.069*** 

Mills lambda 

(λ) 

  0.357 0.146**   

Rho (ρ)     0.470 0.177*** 

Sigma (σ)  0.621 0.611 

Adjusted R2 0.26 0.15  

Observation  309 235 235 

Log-Likelihood     -337.674 

*, **, *** Showing levels of significance of parameter estimates at 10%, 5% and 1% 

respectively. 

Also, male headed households are more willing to pay higher amounts than their 

female counterparts, which might be as a result of cultural reasons where the 

males are responsible for most financial decisions within the household. Other 

important determinants of household WTP for the scheme includes; the household 

size, distance to health care facilities, and the number of rooms in a household. 

4.3 Implications of Sequential Procedure on Mean WTP Estimates  

Having analysed the determinants of households WTP for the scheme in the light 

of sample selection bias, we now turn our attention to the empirics of the different 

estimation techniques (i.e., the OLS, 2-step and FIML estimators). Columns 2 and 

3 of table 4 report the parameter estimates obtained from the plain OLS 

estimation technique at stage (a) of the modelling process. As observed, the 

parameter estimates are slightly higher than those obtained using Heckman’s 2-

step approach and the FIML estimator. This is partly as a result of including all 

the observation (i.e., ‘valid’ and ‘invalid’) in the estimation procedure without 

correcting for sample selection bias. Since there is no way to judge a priori from 
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the OLS estimates any evidence of sample selection bias, wrong conclusions can 

be deduced that excluding ‘invalid responses’ from the analysis may have little or 

no effects on the final WTP estimates obtained from only the sub-sample of 

households with valid responses. However, when we considered the 2-step 

estimates obtained at stage (b) of the sequential procedure when sample selection 

bias correction took place (i.e., columns 4 and 5 of same table), the interpretation 

becomes slightly different. The standard errors for the coefficient estimates 

showed higher levels of significance with also more significant parameter 

estimates. However, besides this information, the result gives us no additional 

clue about the degree of correlation between the regressors of the participation 

and outcome equations: a well-known weakness of the method and a critical 

assumption of econometric estimation in general (Fonta et al., 2010). 

To therefore check for the presence of collinearity in the 2-step estimates obtained 

at stage (b), we ran an OLS regression of mills lambda (i.e., ) against the 

covariates of the outcome equation as suggested in the sequential guidelines
8
. The 

resulting 51.02 R  from the estimation procedure indicates a moderate level of 

correlation. Since the 2-step estimates suffer from collinearity problems, we 

proceeded to stage (d) by estimating a FIML sample selection model. The 

regression results are reported in columns 6 and 7 of Table 4. As expected,  is 

statistically significant indicating a high level of correlation between the 

regressors of the two equations.   However, note that if the coefficient on  was 

not statistically significant,  the plain OLS estimates obtained at stage (a) would 

have been preferred to the FIML estimates obtained at stage (d). Equally, if the 2-

step estimates obtained at stage (2) were somehow free from collinearity 

problems, the results would have been as efficient as those obtained with the 

FIML estimates at stage (d).   

Table 5: Descriptive Stats of Quarterly Mean WTP Estimates for the Scheme 

* The figures in parenthesis represent the US Dollars equivalence  

Although the parameter estimates obtained using the Heckman’s 2-step estimator 

are not much different from that of the FIML estimator, differences normally 

occur when calculating the final mean WTP estimates for project or policy 

                                                 
8 The regression results are however not reported here but the procedure for doing 

this could be obtained from the authors on request.  

Modeling Method Obs.  Mean 95% Conf. Int. 

All Respondents (OLS) 309 392.20($3.0)* 337.0 – 447.5 ($2.6 – 3.4) 

OLS (Selection) 235 509.94($3.9) 485.1 – 534.8 ($3.7 – 4.1) 

Heckman's Model 235 458.67($3.5) 434.3 – 483.0 ($3.3 – 3.7) 

FIML Estimator 235  466.68 ($3.6) 442.2 – 491.2 ($3.4 – 3.8) 
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purposes. Table 5 reports the calculated mean WTP estimates using the three 

different estimators.  The first row of table 5 reports the mean WTP estimates 

calculated for all the respondents (i.e., ‘valid’ and ‘invalid’ responses) based on 

the plain OLS estimation at stage (a). As shown, for all the respondents, the mean 

quarterly WTP estimate for scheme is about NGN392.20 ($3.0) with associated 

confidence intervals of 337.0 – 447.5 ($2.6 – 3.4). The second row reports the 

estimates calculated for only the sub-sample of respondents with valid responses 

without correcting for sample selection bias. As observed, the estimates are quite 

high when compared to the other mean WTP estimates obtained from the different 

estimation methods. It is biased upwards as equally suggested by the positive sign 

of . Note that if  had been negatively signed; the WTP estimates obtained from 

plain OLS without sample selection bias correction, would have been biased 

downwards. The third and fourth rows report WTP estimates calculated using 

Heckman’s 2-step approach and the FIML sample selection model when sample 

selection bias correction took place. As further observed, the two estimates are 

slightly different although the parameter estimates of the two estimators are not 

much different from each other. The same can be said about their confidence 

interval estimates; those of the FIML estimators are slightly higher than those of 

the 2-step approach. This obviously suggests that the choice of the estimation 

technique in econometric analysis of survey data can significantly affect the final 

parameter estimates obtained from a given sample for welfare estimates and 

policy conclusions. This is, if care is not taken to address peculiar sample survey 

problems that might arise from modeling of item non-response such as selectivity 

bias and the problem of collinearity.  

5.0 Conclusion 

This paper had several motivations. Firstly, the study was motivated by the need 

to highlight the importance of choosing appropriate econometric techniques when 

using non-randomly selected samples to estimate behavioral relationships in 

applied social sciences research works. Secondly, it was equally motivated by the 

need to design an improved planning methodology that could help elicit 

information on the value placed by rural households in Nigeria to finance one 

aspect of the new National Health Insurance Scheme (i.e., the community-based 

social health insurance scheme).  

In the application context, some important methodological and policy findings we 

equally arrived at towards the study objectives. Firstly, the study found out that 

when item non-responses are excluded from econometric estimation on ad hoc 

basis, the social science researchers may encounter a sample selection bias 

problem, which may have two consequences namely; (a) the empirical analysis 

may generate inconsistent parameter estimates for reasons similar to those 

described in Heckman (1976 & 1979), and the final estimate obtained for policy 

purposes from the included sub-sample is likely to be biased. Secondly, the study 
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also revealed that in the absence of any collinearity problems between the 

regressors of a two-equation latent dependent variable models, the Heckman’s 2-

step estimator would produce parameters estimates that are equally as efficient as 

the FIML sample selection estimator. Thirdly, the results further revealed that the 

CV survey device can be successfully used to support the design and 

implementation of CBHIS in rural Nigeria.  
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