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Using Selective Sampling for Binary Choice Models to
Reduce Survey Costs

Abstract

Marketing problems sometimes concern the analysis of dichotomous variables,
like for example “buy” and “not buy” and “respond” and “not respond”. It can
happen that one outcome strongly outnumbers the other, for example when many
households do not respond (to a direct mailing, for example). Standard econometric
methods would imply the collection of many data to obtain precise estimates and
this can be rather costly. To cut back costs, we propose to implement a non-
random sampling scheme and to correct for the subsequent sample selection bias in
the econometric model. In this paper we put forward the relevant method, which
does not lead to a loss in precision. Our illustration suggests an opportunity to

collect 60% less data points.

Keywords: Outcome-dependent sampling, sample size, survey design, survey costs,

binary outcomes, logit model.



Introduction

Dichotomous outcomes and their determinants, such as market entry (“shall we
enter a market or not?”), customer retention (“does the customer stay with us or
not?”), or the adoption of a new product (“does the household adopt our product,
yes or no?”), are commonly studied in marketing research, see, for example, Baum
and Korn (1999), Bolton, Kannan and Bramlett (2000) and Frambach et al. (1998).
In empirical work it can happen that one outcome is much more often observed than
the other outcome. FExamples in marketing research concern low defection rates
within industries such as financial services, low response rates to direct mailings
and low adoption rates of new products. In studying these dichotomous outcomes
one is usually interested in the antecedents (“what causes a customer to leave us?”)
or in the prediction of the event ( “how many households will adopt our product?”).
In order to estimate models relating the antecedents to these outcomes or to fit a
prediction model, marketing researchers do need a sufficient number of observations,
also on the infrequently observed outcome. To gather these observations, researchers
will need large samples, at least when they use a random sampling scheme. Consider
the following example. Assume that the incidence of the infrequently occurring
outcome in the population of interest is b percent and suppose that the researcher
would want to have at least 100 observations on each outcome. Using a random
sampling scheme and assuming no response bias, the sample should then contain
at least 2000 observations. A telephone interview of approximately 15 minutes
length would then cost approximately $ 60,000 (Aaker, Kumar and Day 2001, p.
237). However, there are ways to reduce survey costs by using smaller samples and
relying on modified methods for the analysis. This is the topic of the present paper.

A reduction in sample size could be achieved by selecting respondents based on
the outcome of interest. To continue the example above, this permits the researcher
to collect information on fewer than the 1900 observations with the frequently ob-

served outcome. Such a sampling scheme is called outcome-dependent sampling,



which is some form of stratified sampling, where the strata are also related to the
dependent variable. For example, in customer defection studies, the switchers could
be selected more often (Ganesh, Arnold and Reynolds 2000). However, such a
selection clearly invalidates the standard assumptions necessary for parameter esti-
mation in binary choice models, like the logit and probit model (Franses and Paap
2001; Greene 2000). Additional problems occur if respondents are not only selected
on the outcomes but also on infrequently occurring values of explanatory variables.
For example, when considering new product adoption of high technology products
in consumer markets, such as cellular telephones, one would probably overrepresent
young consumers in the sample.

Fortunately, there do exist estimation methods that correct for selective sam-
pling as discussed above. Most of these estimation methods have been developed
in biometrics, where information acquisition often includes expensive testing. A
survey of the issues involved is presented in Cosslett (1993), while Imbens and Lan-
caster (1996) and Scott and Wild (1997) discuss two recently developed estimation
techniques. In this paper, we describe how marketing researchers can use these
methodologies to correct for outcome-dependent sampling. Moreover, we describe
how this methodology can be used to reduce survey cost significantly, which is in the
interest of marketing researchers in both academia and practice. Our main proposal
concerns implementing a non-random sampling scheme and to apply a corrective
estimation method to account for the subsequent sample selection bias.

This paper contributes to the marketing research literature as follows. Although
sampling is of particular interest for marketing researchers, scanning the top mar-
keting journals in the last two decades does not reveal many studies on this issue.
In their overview of sampling issues, Sudman and Blair (2001) only refer to studies
that have appeared more than a decade ago. The reference list of chapters on samn-
pling methods in standard marketing research textbooks (like, Aaker, Kumar and
Day 2001) reveals the same phenomenon. Nowadays companies measure variables
for huge samples (see Mittal and Kamakura 2001), and the costs of gathering these

data can still be quite substantial. Moreover, it may also be very time-consuming to



estimate models based on these large datasets (Blattberg, Glazer and Little 1994).
Researchers are generally reluctant to leave out data as it reduces efficiency. How-
ever, the method we propose in this paper, reduces sampling costs significantly and
does not lead to a loss in efficiency.

The structure of our paper is as follows. In the next section, we describe how
outcome-dependent sampling is related to more familiar sampling schemes, such
as random sampling and stratified sampling. Then an estimation technique that
can handle outcome-dependent sampling is described and its implications for more
efficient sampling schemes are discussed. Next, the proposed methodology is applied
to the analysis of antecedents of customer retention. Our results show that the
described methodology allows for a 60% reduction in sample size, which may lead
to a significant reduction in costs. We end with a short summary and the limitations

of the proposed methodology.

On selective sampling

Within sampling theory one generally distinguishes between probability and non-
probability sampling methods (Lehmann, Gupta and Steckel 1998). Examples of
probability sampling methods are simple random sampling, stratified sampling and
cluster sampling. Qutcome-dependent sampling can be considered as a special case
of stratified sampling methods. Within stratified sampling, strata or segments are
defined which have different characteristics. Usually, stratified sampling methods
are based on characteristics that may affect an outcome. Stated differently, strata
are usually defined on the X variables, which is called exogenous stratification. For
example, in the case of a financial service provider, researchers may stratify their
sample on variables, such as relationship age and the number of services purchased,
which may affect customer retention (Verhoef, Franses and Hoekstra 2001).

Instead of stratifying on the X variables, outcome-dependent sampling strat-
ifies the sample on the Y-variable, so stratification is endogenous. For example,

a researcher studying factors that affect adoption of mobile phones could stratify



his/her sample on the adoption decision. Stratified sampling can be classified into
proportionate and disproportionate stratified sampling schemes. With proportion-
ate stratified sampling, each stratum is proportional to the size of the stratum. In
disproportionate sampling the size of the stratum is based on something other than
the sample size (Lehmann, Gupta and Steckel 1998). A well-known example of
disproportionate sampling in marketing research is the retailpanel of AC Nielsen,
in which large stores are overrepresented and small stores are underrepresented.

Outcome-dependent sampling can also be proportionate and disproportionate.
In this paper we focus on disproportionate stratified sampling, where the dependent
variable is binary in nature. We limit our scope for two reasons. First, when the de-
pendent variable is continuous, the analysis of outcome-dependent samples depends
heavily on distributional assumptions. Second, a proportionately stratified sample
is a special case of a disproportionate sample. Moreover, substantial efficiency gains
can only be expected from disproportionately stratified samples. Especially when
the dependent variable has unevenly distributed outcomes, large efficiency gains can
be realized by overrepresenting the infrequently observed outcome in the sample.
These efficiency gains may decrease sample size and survey costs dramatically.

As might be expected, outcome-dependent sampling affects the estimation re-
sults of statistical models. Fortunately, in case of binary outcomes, the consequences
of outcome-dependent sampling are well understood and we will discuss these is-
sues in the next section. Besides stratifying on the X- or Y-variables, a researcher
can also stratify on both the X and the Y variables simultaneously. This can be
done in a proportionate or disproportionate way. A disproportionate stratification
on both the X- and the Y variables is recommended, when both the X- and the
Y -variables are unevenly distributed and the X-variable(s) has a substantial impact
on the Y-variable. We discuss this sampling strategy with two illustrative examples.
The first example concerns the adoption of mobile phones in the beginning of the
product life cycle. For this product it is well known that market penetration is high
among young individuals. When data are collected through a survey on a random

sample from the population, it might turn out that only few young respondents



do not have a mobile phone. This suggests that more information on young indi-
viduals who do not have a mobile phone will facilitate the identification of other
drivers than age for buying a mobile phone. Collecting this additional information
using a random sampling scheme would be costly, while also only a small part of
the additional observations would provide the relevant information. In case of such
a skewed distribution, a random sample of only those young individuals, who do
not own a mobile phone, will be small (and cheap), while it contains about the
same information. The second example concerns our illustration below, which is
based on real-life data. An insurance company is interested in the drivers of cus-
tomer retention, as this is seen as one of the main drivers of customer lifetime value
(Rust, Zeithaml and Lemon 2000). In general, retention rates are rather high in the
insurance industry. In the first year of a relationship customer defection is substan-
tially higher than in subsequent years, that is, a defection rate of 7.6% in the first
year versus 3.5% during the remainder of the relationship. As it turns out, both
customer defection and relationship age are unevenly distributed within the total
customer database. Even when defectors are overrepresented, only a small number
of customers with relationships shorter than 1 year who leave the company would
be observed. This would complicate the estimation of the effect of relationship age
and thus also the effect of other variables. Hence, again the researcher would benefit

from overrepresenting defecting customers and customers with short relationships.

Insert Figure 1 about here

Based on this overview, a classification of stratified sampling methods can be
made which is new to marketing research. This classification is given in Figure 1.
This scheme clearly shows the wide variety of sampling methods available to the
researcher. In the left column of the figure we have the regularly described sampling
schemes where sampling on the dependent variable is random. The two columns
on the right describe the endogenously stratified sampling that we propose to use.

In particular the third column is of interest, as here large efficiency gains might be



possible. For future reference we designate the cells in this column with A, B and
C. The use of proportionate stratification for the dependent variable, the middle
column in Figure 1, complicates estimation as much as disproportionate stratifica-
tion, while efficiency gains will be much smaller. Proportionate stratification on Y
is therefore not very interesting.

In the next section we discuss in detail the estimation methodology that is
needed to correct for outcome-dependent sampling schemes for binary choice models.
First we give a short description of the consequences of disproportionate outcome-
dependent sampling for parameter estimation in the logit model. A detailed, but
also more technical description of the consequences of outcome-dependent sam-
pling schemes, is given in Cosslett (1993). The most important consequence of an
outcome-dependent sampling, scheme where the infrequently observed outcome is
overrepresented, is that when estimation is done without correcting, the probability
of observing the rare outcome is overestimated. For the logit model this implies
that disproportionate outcome-dependent sampling in combination with random or
proportionately stratified sampling on X, cases A and B in Figure 1, results in a
bias in the intercept. For other binary choice models, such as the probit model,
all parameter estimates are affected. When there is disproportionate sampling on
X and Y, case C in Figure 1, two situations have to be distinguished. When the
stratification of X and Y is independent, again only the intercept will be affected.
However, when stratification is on combinations of X and Y, such as on young

individuals without a mobile phone, all parameter estimates will be affected.

Methodology

In this section we discuss how full maximum likelihood (ML) estimates can be
obtained from a sample that is stratified on the variable of interest and possibly
on exogenous variables. The methodology therefore treats the sampling schemes in
the most right column of Figure 1. To estimate the parameters using ML, we have

to determine the likelihood function of the data, given information on the sampling



scheme that is used.

We first introduce some notation and other preliminaries. We then turn to
discussing the likelihood of binary choice models when the sampling scheme for data
collection is outcome dependent. We start with the situation where stratification
on z is allowed, but assumed independent of the stratification on y. We focus on
the case of random sampling on z (case A). The non-randomness that results from
stratification on z can be corrected for by a weighting scheme, see, for example,
Nowell and Stanley (1991). We continue with the generalization of the derived
likelihood to the case where stratification is based on combinations of z and y
(cases B and C). The section ends with a discussion on how matters simplify when
the logit model is used to model the binary outcome and some practical implications

for sampling schemes.

Preliminaries

We only consider the case of dichotomous outcomes, so the dependent variable y;
takes the value of 1 or 0. Hence, y; can describe a firin’s decision to enter a market
or a customer’s decision to stay with the company. For the exogenous variables
collected in z;, we define strata, s = 1,... ,.5. These strata can be based on only
a subset of the explanatory variables. For example, one could stratify on gender
and age, without restricting the other variables. The strata are allowed to overlap.
An example of overlapping strata results from the following sampling scheme. First
a random sample of the population is drawn, so this stratum contains all values
on z. An additional sample is based on a part of the population that one wants
to overrepresent, so in this stratum certain values of z are excluded. Here one
can think of the overrepresentation of young individuals in the analysis of mobile
phone usage. More so, when only few young people do not use a mobile phone, one
may even want to collect additional observations on these individuals. These two
sampling schemes fit in the cell C of Figure 1, where they differ on whether the
strata are defined independently for z; and y; or not.

The sampling strategies are presented within the following setup. There is a



finite population of N individuals that represent a random sample from the joint
distribution of (y;, z;), where z; is a vector of exogenous explanatory variables. All
that is known about the finite population is that there are N,; individuals with
y; = § in stratum s, 7 = 0,1 and s = 1,... , 5. Within each stratum of the z’s, a
random sample of size ny; < N,; is drawn from the stratummembers with y; = j.

The data consist of y; and z; which are recorded for these observations.

Selection on y;

The simplest endogenous sampling scheme is where first the response category,
y; = 0 or y; = 1, is selected randomly with probabilities ng/n and n;/n, and
then the observation is selected randomly from the subpopulation with y; in the
response category that is chosen. With this sampling scheme the sample sizes for
each response category are random. Let P(y; = j|z;) denote the probability of
observing outcome j given z in the sample and P*(y; = j|z;) the same probability
for the population of interest. Of course, P*(y; = j;|z;) is what we are interested
in to learn about. It can be shown that under this sampling scheme the following

equality holds

) — i P*(y; = jlai)
P(y; = jlz;) = 0P, =]0|17i) + w1 P*(y; = 1z;)’ .
with
,uj:(nj/n)/P*(y:j) (2)

the ratio of the probability that an observation falls into class j in the sample,
nj/n, and the probability that an observation falls into class j in the population,
P*(y = j). The probability of observing y; = j in the data is larger than in the
population when observations with y; = j are sampled with a larger probability
than with which they occur in the population, that is, P(y = jlz) > P*(y = j|z)
whenever (n;/n) > P*(y = j).

The major advantage of this simple sampling scheme is that the likelihood is
easy to obtain. However, its relevance is much broader. Cosslett (1993) indicates

that when population and sample frequencies are known, one can treat the sample



with predetermined group sizes as if it was constructed with the alternative sam-
pling scheme, based on conditioning on sufficient statistics. As the likelihood is not
based on the actual sampling scheme, this likelihood is called the pseudo-likelihood.
ML estimation based on the pseudo-likelihood always results in consistent esti-
mates. For the familiar logit model the resulting parameter estimates are consistent
and efficient. When one would estimate the parameters without correcting for the
outcome-dependent sampling scheme, all parameter estimates will be biased, except

for the logit model, where only the intercept is affected.

Selection on y; and x; simultaneously

The pseudo-likelihood for the sampling scheme where selection depends on the
outcome in combination with the strata of the exogenous variables is now straightfor-
ward to derive. As the samples from the different strata are drawn independently,
the total pseudo-likelihood of all observations equals the product of the pseudo-
likelihoods of the different strata. For each stratum individually, we can obtain the
likelihood using (1), where the population of interest is the stratum under consid-
eration. The equivalent of (1) when the population of interest is a single stratum
is

. psi P* (yi = jlx;)
P(y; = 7|z, stratum; = s) = , 3
(yz .7| i i ) HsOP*(yi — O|5Ez) +N51P*(yi _ 1|5Ez) ( )

The full sample pseudo-likelihood is

S 1 MNsj

L) = H H HP(yi = j|z;, stratum; = s)
s=1j=0i=1
1 Ngj

S .
- TITITI psi P (yi = Jlzi) (@)
it jmoin Moo P (yi = 0las) + pa P*(ys = 1as)’

In case we use the logit model, maximization of L(f) results in consistent estimates,
but not necessarily in efficient estimates. Efficient estimates are obtained when
there is a stratum-specific intercept for each stratum of z; in the data, which will
often be the case. When this is not the case, efficient estimates can be obtained from

an iterative procedure, see Scott and Wild (1997). Notice also that even though



within a stratum certain z’s might be fixed, their effects will be identified from the

variation across the different strata.

The logit model

So far we have presented a general formulation of the likelihood. However, when
the logit model is used, the model can be easily estimated for different sampling
schemes using various statistical packages. To see how this is implemented, consider
the probability of observing y; = 1 in the standard logit model (Greene 2000):

Py = 1ex) = o2 P)

1+ exp(zlB) 5)

To obtain the pseudo-model in (3) we need to correct this probability with param-

eters pgo and pg1, resulting in

P(yz = 1|$i,stratumi = 3) =

_ ps1 exp(ziB)/[1 + exp(z;if)]
pso/[1 +exp(zB)] + ps1 exp(z;B)/[1 + exp(z]B)]

_ sl exp(a?;ﬂ)

 pso + ps1 exp(zhB)

_ ,Usl/,uso eXp(iE;,B) (6)
1+ ,Usl/,uso exp(x;ﬂ)

Let fiso = ms0/Nso and fis1 = ng1/Ns1 denote estimates of ugo and pgy, then the
probability in the pseudo-likelihood is

i1/ fis0 exp(z’ B
P(y; = 1|z;, stratum; = s) =1 is;/f/sg 5 ex(pzx’)ﬂ)
s s g
_ exp(z}B + In(fs1/s0))
1 + exp(z.B + In(fs1/f4s0))

(7)

The pseudo-likelihood estimator of the logit model is therefore easily obtained
by adding a correction of In(fs1/fiso) to the index z}8 for each observation. This
can be done in standard statistical packages that can include offsets or estimate
models under parameter restrictions, allowing the parameter of the correction to be
fixed.

So far we have discussed parameter estimation and it turns out that when the

logit model is used, efficient estimates are obtained straightforwardly. However,
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without standard errors these parameter estimates are difficult to interpret. The
regular standard errors that result from maximum likelihood estimation based on the
pseudo-likelihood can be used, but they are conservative, that is, the true standard
errors will be smaller. In the technical appendix we show how exact standard errors
can be computed, again in the case where there are stratum-specific constants in

the model.

Practical considerations

The optimal ratio of observations with y; = 1 and y; = 0 depends on the
application at hand. Theoretical and simulation results concerning the optimal
sample composition are presented by Lancaster and Imbens (1991) and indicate
that an equal split of the sample into 50%-50% is often close to optimal. Moreover,
as Breslow and Day (1980) and Cramer, Franses and Slagter (1999) indicate, when
a sample has an 80%-20% split among 1-0 observations there is only little to be
gained by adding more 1’s.

These results can be understood as follows. As information on the relationship of
interest is based on the simultaneous variation of the dependent and the independent
variable, it might be useful to maximize the variation in the dependent variable.
The sample variation in the dependent variable - measured by its variance - equals
F,(y; = 1) x(1—Fy,(y; = 1)), where F,,(y; = 1) is the sample fraction of observations
with y; = 1. This variation attains its maximum for F,(y; = 1) = 0.5. Splitting the
sample in equal parts also makes sense by symmetry considerations, as there is no

a priori reason to have more observations from one type than from the other.

Illustration

In this section we illustrate our methodology on real-life data in marketing re-
search. We will show that selective sampling, followed by an appropriate estimation

method, enables one to interview 60% less individuals.
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Data

The data emerge from the customer base of an insurance company in the Nether-
lands. This company is a large direct writer and does not use insurance agents as
intermediairies. They sell all types of insurance policies, ranging from fire and theft
ingurance to life insurance. The company aims at having close relationships with its
customers. As the company does not have intermediaries who can signal customer
dissatisfaction, the company is highly interested in the determinants of customer
satisfaction and the role customer satisfaction plays in a customer’s decision to leave
the company. Moreover, they are especially interested in the behavior of customers
who are with the company for less than one year, as these customers apparently
leave the company more often than customers with longer relationships (7.6% versus
3.5%).

An exogenously stratified sample of 2300 customers has been collected in 1999
to obtain information about customer satisfaction. These customers have been rein-
terviewed in 2000 and for 1374 customers we observe answers to the questions we
need. From these 1374 customers only 53 customers (3.9%) have left the company
since the first interview in 1999. As the company realized that this was only a rather
small number of observations on inactive customers to perform statistical analysis,
additional interviews were conducted. More precisely, the company gathered infor-
mation from an additional random sample of 30 customers who left the company
and who were not interviewed in 1999. These customers were randomly selected,
conditional on having left the company in the past twelve months. For the analysis
of customer retention, the total sample is therefore endogenously stratified. Some
descriptive statistics for the original random sample and the additional sample are
presented in Table 1. Short_Duration is a dummy variable indicating whether the
customer is with the company for at most one year at the time of the interview (1)
or not (0). Satisfaction is a measure of the customer’s general satisfaction with the

company, measured on a single 5-point Likert scale.

Insert Table 1 about here
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In this illustration we focus on the effect of customer satisfaction on the decision
to leave the company, where special attention is paid to the apparently higher
customer defection rate in the first year of a customer’s relationship. This higher
defection rate shows up in the average of the dummy variable Short_Duration in

Table 1, which is higher for the customers who have left the company.

Estimation results for various sampling schemes

The total sample of observations consists of a random sample and a non-random
sample of customers that have left the insurance company. To get some feeling for
the consequences that outcome-dependent sampling may have on the precision of the
estimated coefficients, we present in Table 2 the estimation results of a logit model
with the decision to leave the company as the dependent variable and satisfaction
and a dummy variable indicating a short relationship as explanatory variables. The
different columns in this table represent different sampling schemes that (could)
have been used. The first row presents the number of observations that is used
for estimation. The results when the outcome-dependent sampling scheme is not
corrected for are presented in Table 3, but first we discuss the correct estimation

results.

Insert Table 2 about here

Column (1) in Table 2 presents the estimation results of the logit model for the
original sample, which is a random sample from the population of interest. Both
explanatory variables have highly significant parameter estimates, so the amount
of information contained in the original sample is sufficient to obtain statistically
significant estimates of the parameters of interest. To see what happens when we
add additional observations, we re-estimate the parameters for three other samples.
First, we investigate what the consequences are when the company had focused

on defecting customers with short relationship durations. In the additional sample
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there are six such observations. The parameter estimates that result when these
six observations are added are presented in column (2) of the table. This sampling
scheme fits into cell C of Figure 1, where selection is on =z and y. Notice that to
obtain consistent estimates of all parameters, we of course need to use the estimation
techniques we discussed. This results in a substantial improvement of the estimation
precision of the differential defection rate in the first year.

The company, however, did not focus especially on defecting customers with
short durations, but on all defecting customers, so the 30 additional observations
that are collected are a random sample of the defecting customers. Column (3)
presents the estimation results when all additional observations are included. This
sampling scheme fits into cell A of Figure 1, as there is no selection on z. Finally,
we consider all (5634+30) customers who leave the company and a random sample of
466 customers who did stay with the company. This sample mimics an sample of
40% of the size of the original sample that could result from an outcome-dependent
sampling scheme and results in more efficient estimates than the original random
sample. This sampling scheme also fits in cell A of Figure 1.

The estimation results in Table 2 are all corrected for the outcome-dependent
sampling schemes that are used. In this table, column (2) presents the estimation
results of the model on the original sample and the customers in the additional
sample who have a short relationship. Thus, there are only 6 observations added
to the original sample of 1374 observations. The standard errors of the parameter

estimates when these 6 observations would have been randomly drawn are on average

\/1374/(1374 + 6) = 0.998 times the original ones, which amounts to a decrease
of 0.2%. However, what we observe from Table 2 is a decrease of 14% in the
estimated standard error for the effect of Short_Duration, which would be equivalent
to an increase in the size of a random sample with 30%. Also the precision of
the satisfaction parameter increases with more than 0.2%. Naturally, the large
gain in efficiency of the effect of Short Duration could have been expected, as the
observations that were added are particularly informative about the effect of this

variable.
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Column (3) presents the estimation results based on the original and additional
sample combined. These are the most efficient estimates we can obtain with our
data, as they are based on all the available observations. Comparing with the
original sample, one would expect a decrease in all standard errors of about 1%
when the additional observations would have constituted a random draw from the
whole population. Compared to the results in column (2), we now see that the
precision on the effect of satisfaction has also increased substantially. Compared
with the random sample, standard errors all have decreased by more than 16%.

So far we have discussed the gains in efficiency that can be achieved by adding en-
dogenously sampled observations. However, the most important question is whether
we can cut back on survey costs without loosing estimation precision, by using
outcome-dependent sampling schemes. This is what we investigate in column (4),
where we use a sample with a size that is only 40% of the size of the original sample.
Although the sample size is substantially smaller than the original sample, we see
that the precision of all parameters is higher than the precision from the parameter
estimates in the original sample. The company could therefore have saved about
60% of the money it spent on the random sample without giving up the informa-
tion content of the sample. The only additional efforts are in using a slightly more
complicated estimation algorithm.

The estimation results in Table 2 are based on the estimation algorithm that
corrects for outcome-dependent sampling. However, what are the consequences of
treating an endogenously selected sample as if it were a random sample? When selec-
tion is only based on the endogenous variable, only the intercept in the model would
be substantially influenced. When selection is also based on explanatory variables,
the parameters for the variables related to the selection are also affected. Table 3
presents the estimation results for each of the samples in Table 2 without correcting
for the nonrandom sampling scheme, so estimation is done using the regular logit
model. As the estimation methodology that corrects for outcome-dependent sam-
pling also uses information on population frequencies, some small differences occur

in all the parameter estimates and their standard deviations. However, we will focus
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on the systematic differences between the parameter estimates in Tables 2 and 3.

Insert Table 3 about here

For the parameter estimates from the random sample presented in column (1),
there is clearly no effect of the correction. For the other columns we observe sub-
stantial and predictable changes in the parameter estimates. The largest changes
in the parameter estimates are observed in the estimates of the intercept. As we go
more to the right in Table 3, the proportion of customers in the sample that leave
the company increases. Consequently, without correcting for this the estimated in-
tercept increases. As there is no selection on customer satisfaction, there are no
large changes in the estimated effect, at least when the changes are compared to the
standard error or the estimate. For the effect of short relationships on the probabil-
ity to leave the company, there is a clear difference between the parameter estimate
in column (2) and the other columns. This stems from the overrepresentation of
the defecting customers with a short relationship. As there are more observations
with a short relationship that leave the company in this sample, the effect of having
a short relationship duration is highly overestimated. The difference between the
parameter estimates in Table 2 and 3 is about In(32$8), which corresponds to the
correction that is needed.

When such inappropriate parameter estimates are used for predicting customer
defection probabilities, the predicted probabilities are inadequate. The predicted
probability of a customer leaving the company in his first year, when he has average
satisfaction, is 6.5% when the model is estimated correctly. In contrast with this,
when we use the incorrect parameter estimates in column (2) of Table 3, it is 9.1%,
or almost 50% higher. Such a difference might have severe implications when the
firm would use these estimates to choose between a customer acquisition program
and a customer retention program. The value of an acquired customer would be
highly underestimated, as the probability that this customer leaves the company is

substantially overestimated.
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Conclusion

Binary outcomes in real-life marketing research applications can be unevenly
distributed over the two possible outcomes. In this paper we discussed how binary
choice models can be consistently estimated on samples that have been constructed
based on the realizations of the outcome variable, resulting in what is called an
endogenously stratified or outcome-dependent sample. Such estimation techniques
allow researchers to collect smaller samples that still contain sufficient information
for precise estimation of the model of interest.

We illustrated the use of outcome-dependent sampling in combination with the
required estimation technique on a sample of customers of an insurance company,
where only few customers leave the company. Only 3.9% of the customers leave the
company in the random sample that has been collected. To obtain more information,
additional customers that left the company in the last year have been interviewed.
These observations can only be used when the estimation method corrects for this
non-random sampling scheme. We show that these additional observations result
in an increase in estimation precision that exceeds the expected gain in precision
of additional random observations by far. The large reduction in the amount of
data needed, which is possible when outcome-dependent sampling schemes are used,
becomes clear when we construct a sample that consists of only 40% of the number of
observations from the originally obtained random sample. The parameter estimates
based on this sample are more precise, even though data collection costs are reduced
with about 60%. When our data would have been based on a telephone interview
of about 15 minutes, total costs savings would have been as much as $ 25,000.

Future research could focus on generalising the estimation methodology to or-

dered or unordered discrete outcomes.
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Appendix

In this technical appendix we present the formulae to obtain the correct standard
errors for the parameter estimates, based on Scott and Wild (1997). The correct
covariance matrix of the parameter estimates will be derived for the situation with
stratum-specific constants. We refer to Scott and Wild (1997) for the more general
case.

For the regular ML estimator, the covariance matrix can be obtained from the
matrix of second order derivatives of the log-likelihood. When 7 denotes the matrix
of second order derivatives of the log likelihood, then —7 ! is a consistent estimate
of the covariance matrix. For our pseudo maximum likelihood estimator, the correct
standard errors will also be based on the matrix of the second order derivatives of
the pseudo likelihood, evaluated at the parameter estimates.

Let 7 denote minus the matrix of second order derivatives of the pseudo likeli-

>

hood, evaluated at the parameter estimates,
0?L(#
0000" |,_;
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Let Varest(é) denote a consistent estimator for the covariance matrix of the
parameter estimates, 6. This covariance matrix is now obtained as follows. First
define Vargg (6 ) T*~1, then T* equals

T* = T+ZBBI

with
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Table 1: Descriptive statistics for explanatory variables.

Original sample

Additional sample

Active Inactive Inactive
N 1321 593 30
Short_Duration (Mean)  0.12 0.23 0.20
Satisfaction (Mean) 3.4 3.1 3.2
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Table 2: Estimation results for four different sampling schemes.

Standard errors in parentheses.

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

N 1374 1380 1404 549

Intercept -0.453  -0.470 -0.648 -0.577
(0.812) (0.793) (0.696) (0.807)

Satisfaction -0.903 -0.898 -0.850 -0.894

(0.252) (0.246) (0.215) (0.246)
Short Duration  0.699  0.672  0.696  0.684
(0.335) (0.294) (0.278) (0.311)

(1): Original sample
(2): Original sample and only short durations from additional sample
(3): Original sample and complete additional sample

(4):

4): Sample including all customers leaving but only 40% of the size of the original sample
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Table 3: Uncorrected estimation results for four different sampling schemes.

Standard errors in parentheses.

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

N 1374 1380 1404 549
Intercept 0453 -0.213  0.073  0.238

(0.812) (0.795) (0.685) (0.807)
Satisfaction -0.903 -0.958 -0.903 -0.948

(0.252) (0.247) (0.212) (0.246)
Short Duration  0.699  1.162  0.697  0.633
(0.335) (0.298) (0.282) (0.314)

1
2

(1): Original sample

(2): Original sample and only short durations from additional sample
(3): Original sample and complete additional sample
(4):

4): Sample including all customers leaving but only 40% of the size of the original sample
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Figure 1:

Classification of Stratified Sampling Schemes

Samplingon Y
Stratification
Random (Outcome Dependent Sampl)ng
Proportionate Disproportionate

Random A

Sampling on X Proportionate B
Stratification

Disproportionate C
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