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The Problem:

Respondents to a survey may systematically differ from the 
general population.

This difference may yield misleading inferences –
conclusions based on information provided by survey 
respondents may not hold true for the underlying 
population

Systematic differences may be observable, or may be 
unobservable

• Observable: measurable factors can be identified for 
respondents and  non-respondents

• Unobservable: factors that can not be measured, in 
either respondents or non-respondents



Observable differences

Example: 
the average income of the survey is not the same as the 
general population

In most cases, I contend that …

differences in measurable factors should not yield biased 
conclusions.

Example: 
Although OLS models are most efficient when the X 
(independent) variables are broadly distributed, a clumpy 
distribution of X will not cause inconsistent estimates.

Example:
Within-sample data, when combined with observation-
specific population weights, can be used to make 
overall population predictions.



Unobservable differences

Example:
due to idiosyncratic personality factors, people who 
return a survey may be the most avid users of a 
resource

For obvious reasons, direct use of measurable characteristics (of the 
sample & population) won’t help control for unobservable 
differences.

• However, indirect measures can be used.
• In particular, sample selection models.



Sample Selection Models: 

Basic Idea:
1. Respondents are “selected into” the sample
2. A 1st-stage model predict who will be selected
3. A 2nd-stage model predicts the variable of interest
4. The random components (RV) in both stages are 

potentially correlated

Which means …

1. The first-stage RV of participants may not have 
an expected value of zero.

2. Hence, if the two RVs are correlated, the 2nd-
stage RV may not have an expected value of zero.

3. Hence, the 2nd stage model must control for such 
inconveniences.



Example: the Heckit Model
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A digression: moments of the incidentally truncated bivariate
normal (BVN) distribution:
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Discrete Choice Models and non-response bias:

Discrete choice models, such at the Multi Nomial Logit (MNL) 
are often used in environmental valuation.

?? Can sample selection models be used to control for 
non-response bias in MNL models ??

Naïve answer: 
a) estimate a 1st probit, 
b) compute appropriate values of λ, 
c) include λ them in the MNL 2nd stage.

Problem… what is the first stage RV correlated with? 



A digression: the MNL model:
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Simple case: 

If τ and vj are distributed as bivariate normal …

Then
In the MNL estimator, include  

ß λ,j * λ
term(s) in one (or more) of the  mj,, and estimate  ß λ,j 

Small problem:
What does inclusion of separate ßλ,j terms (for more than one 
alternative) imply about the independence of vj ?



BIG PROBLEM:

For many models, the “order of alternatives” is arbitrary.

Example:
In a freshwater recreation model, the choice set of accessible 
waterbodies is different for individuals in different parts of the 
nation (though the same set of  measured variables exist for all
waterbodies).

Hence, across all observations, for any “alternative j”…

there is no obvious reason for the same correlation to exist 
between u and vj

A possible workaround is to carefully order alternatives, so that each 
individuals j’th alternative is somehow similar.  

Instead of this, I consider a 2-stage mixed logit model 



A digression: the Mixed MNL model:
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The 2-stage mixed logit.

Basic idea: 

Instead of assuming that
τ and vj are BVN distributed …

Assume that
τ and ηk are BVN distributed

In other words, the values of one (or several) of the varying 
parameters will be correlated with the first stage decision.

This assumption removes the need to have special ordering for 
alternatives!



An operational version of  the 2-stage mixed logit.
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BUT DOES IT WORK?

that is still under investigation.

Some results from artificial data …

• 1600 observations
• 8 alternatives
• A first stage model determines whether a response is 
observed.
• The rv in the first stage model is correlated with the rv
used to generate the varying parameter.



Artificial data 1: correlation=0.5  |  45% rate of response | average WTP=108
MCI, CRsq and WTP computed using all respondents

Model dβ1 dβ3 dβ3 MCI CRsq WTP

Mixed Logit all obs 11%

12%

50%

5% %3  0.86

40%

105

MNL, respondents 8% 8% 0.86

0.82

0.83

0.83

110

Mixed Logit, 
respondents

3% 2% 0.86 110

2-stage mixed logit 0.961% 2% 0.87 109

dβk : % difference between actual beta (for k’th coefficient)

MCI : McFadden index (1=perfect fit)

CRsq : Cramer R-square (higher values indicate better fit)

WTP : average Estimated willingness to pay for choice opportunity
Actual beta 3.0 -0.2 2.0

(sd) (2.6)



Artificial data 2: correlation=0.95  |  31% rate of response | average WTP=108
MCI, CRsq and WTP computed using all respondents

Model dβ1 dβ3 dβ3 MCI CRsq WTP

Mixed Logit all obs 7%

53%

160%

5% 6% 0.83

3%

104

MNL, respondents 70% 70% 0.74

0.78

0.77

0.78

120

Mixed Logit, 
respondents

5% 5% 0.78 125

2-stage mixed logit 0.785% 10% 0.83 106

dβk : % difference between actual beta (for k’th coefficient)

MCI : McFadden index (1=perfect fit)

CRsq : Cramer R-square (higher values indicate better fit)

WTP : average Estimated willingness to pay for choice opportunity
Actual beta 3.0 -0.2 2.0

(sd) (5.6)



Artificial data 3: correlation=0.58  |  43% rate of response | average WTP=23
MCI, CRsq and WTP computed using all respondents

Model dβ1 dβ3 dβ3 MCI CRsq WTP

Mixed Logit all obs 12%

43%

90%

13% 12% 0.79

45%

21

MNL, respondents 3% 37% 0.74

0.72

0.71

0.74

24

Mixed Logit, 
respondents

17% 20% 0.78 27

2-stage mixed logit 0.7417% 20% 0.79 24

dβk : % difference between actual beta (for k’th coefficient)

MCI : McFadden index (1=perfect fit)

CRsq : Cramer R-square (higher values indicate better fit)

WTP : average Estimated willingness to pay for choice opportunity
Actual beta 4.0 -0.4 1.0     

(sd) (5.6)                              



Artificial data 4: corr =0.57 & 0.13  |  46% rate of response | average WTP=33
MCI, CRsq and WTP computed using all respondents

Model dβ1 dβ3 dβ3

5% 16%

37%

36%

37%

22%

95%

20%

dβ4 MCI CRsq WTP

Mixed Logit all obs 12% 20% 0.77 0.70

0.69

0.70

0.69

31

MNL, respondents 39% 35% 0.73 35

Mixed Logit, 
respondents

32% 48% 0.76 37

2-stage mixed logit 32% 77% 0.76 35

dβk : % difference between actual beta (for k’th coefficient)

MCI : McFadden index (1=perfect fit)

CRsq : Cramer R-square (higher values indicate better fit)

WTP : average Estimated willingness to pay for choice opportunity
Actual beta 4.0 -0.4 1.0   1.2 

(sd) (3.6)                               (0.8)         



Conclusions

•The 2-stage Mixed Logit offers a somewhat theoretically appealing 
method of controlling for non-response biase in discrete choice 
models.

•Under very limited testing, it has shown capacity to improve 
estimates.

•More work is needed. In particular, the current “heckit like” 2-stage 
estimator uses limited information when linking correlations to 
simulated draws . A more ambitious estimator could use a Gibbs 
sampler to estimate both stages nearly simultaneously


