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Abstract

We show with Monte-Carlo simulations and empirical choice data sets that we can quickly
and simply refine choice model estimates for individuals based on methods such as ordinary
least squares regression and weighted least squares regression to produce well-behaved in-
sample and out-of-sample predictions of choices. We use well-known regression methods to
estimate choice models, which should allow many more researchers to estimate choice mod-
els and be confident that they are unlikely to make serious mistakes.
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Keep It Simple: Easy Ways To Estimate Choice Models For Single Consumers

Introduction

Choice models were first proposed by Thurstone (1929) for pairs of options. Models for mul-
tiple choice options are due to Luce (1959) and McFadden (1974). Except for laboratory
choice experiments in psychology, it is rare to see discrete choice models estimated for single
people; and after Chapman (1984), there was little work on ways to measure and model single
person choices in survey applications until recently. Finn and Louviere (1993) proposed a
new measurement model and associated way to elicit choices called Best-Worst Scaling that
gives individual-level estimates of preferences, values, etc. Marley and Louviere (2005) prove
the measurement properties of the Best-Worst approach; and Louviere, et al (2008) extended
the approach to allow one to estimate choice models for single persons. They used simulated
and empirical data to show that one can use several estimation methods to model individuals.

The purpose of this paper is to show that one can use simple methods to model single
person choices, which extends Louviere, et al (2008) to estimation methods familiar to most
academics and practitioners, such as conditional logit regression, ordinary least squares re-
gression and weighted least squares regression. The latter two methods yield biased estimates
of the choice probabilities, but we demonstrate that one can “correct” these estimates rather
simply. More specifically, we show with Monte-Carlo simulations and empirical choice data
sets that we can refine simple estimates to produce well-behaved in-sample and out-of-sample
predictions of choices. The contribution of the paper is to describe and discuss these methods
to allow many more researchers to estimate choice models and be confident that they are
unlikely to make serious mistakes.

The objective of the paper needs to be seen in proper context. For approximately the
last 15 years there has been the equivalent of an arms race in academic marketing and applied
economics. To wit, ever more sophisticated statistical models have been proposed and ap-
plied, with the result that the barriers to entry to do frontier academic research and sophisti-
cated applied research are now extremely high. One result has been an increasing reliance of
practitioners on commercial software that “does” choice experiments and allows one to pro-
duce the associated statistical models. Considering that the closest analogue to discrete choice
models are models for statistical (quantum) mechanics in physics, one might well ask what
our colleagues in the physical sciences would think of many under-trained practitioners “do-
ing” quantum mechanics using off-the-shelf commercial software. A second outcome of this
arms race is a gradual decline in new academics entering the field, which also has led to a
fairly significant decline in papers on choice modelling presented at conferences like EMAC,
Marketing Science and ANZMAC. Thus, the field could benefit from simple, easy-to-use
methods that are highly likely to produce correct answers.

Of course, correctly analysing choice data is only one part of a larger whole associated
with academic or applied work in choice modeling. One must first conceptualise academic
and practical problems involving consumer and other choices and understand how to design
and implement choice experiments. This paper does not address the precursors to choice data



ANZMAC 2010

analysis, which require education, training and experience; but given that academics and prac-
titioners can acquire these skills, the approaches proposed in this paper should allow many re-
searchers to estimate choice models for single people and predict choice outcomes in many
circumstances of academic and practical interest.

Proposed Modelling Approaches

Selection of one alternative from among several is the observed dependent variable of interest
in this paper. The statistical models for the analysis of such data are known as “latent depend-
ent variable” models because the dependent variable of interest is strength of preference, but
one observes only a binary indicator of that unobserved, underlying measure. Typically, the
responses to choice experiments are coded one (1) for the chosen option and zero (0) for the
unchosen option(s). As we later note, all latent dependent variable models have a formal iden-
tification problem, namely the standard deviation of the error component is perfectly in-
versely correlated with the model estimates. This poses no problem in predicting choice prob-
abilities; however, as noted by Swait and Louviere (1993), it poses issues for comparisons of
model estimates across data sources. Further, as noted by Fiebig, et al (2010), if the standard
deviation of the error component is not constant across people, this can result in seriously bi-
ased model estimates and misleading inferences. The latter consideration motivates one to
find ways to account for choice consistency differences across people. One way to treat dif-
ferences is to estimate models for single persons making choices.

In particular, we investigate ordinary least squares regression models estimated di-
rectly from the 1, O choice indicators (known as “Linear Probability Models”, or LPMs), and
weighted least squares regression models estimated from full or partial rankings of the choice
options in each set (hereafter termed “WLS” models) as proposed and applied by Louviere, et
al (2008). The LPM approach is motivated by the work of the Nobel Laureate James
Heckman and co-author Synder (1998), who proposed that LPMs provide a better way to
model discrete choices when errors are asymmetric; naturally, no one knows if errors in latent
utility functions are symmetric or not, so this approach is worth considering. The WLS ap-
proach is motivated by rank order explosion of choices, originally discussed by Luce and
Suppes (1965) and first used in marketing by Chapman and Staelin (1982). We use rank order
explosion procedure here to construct up to N-1 choice sets from a set of N rankings, or r-1
choice sets from a subset of r rankings of N options. Rank order explosion also can be seen as
a way to aggregate choices; i.e., 1, O choices are fully disaggregated because they are associ-
ated with the most elemental level of choices, namely a particular person, a particular choice
set and a set of particular choice options (alternatives). Hensher and Louviere (1984), Lou-
viere and Woodworth (1983) and Louviere, et al (2008) (among others) show how to aggre-
gate choices across people or choice sets by calculating and analysing choice counts or choice
proportions. Non-experimental analogues of these aggregate choice counts were considered
by (among others) Berkson (1944) and Theil (1969) for cases where real market choices are
aggregated by choice alternatives and choice sets or other differences in choice observations.
If one has such choice counts or one can transform rankings into such counts (via rank order
explosion or Louviere, et al 2008), one can apply WLS regression to estimate choice model
parameters. Green (1984) discusses using WLS as the first step of the maximum likelihood
estimator, which is the approach used by Louviere and Woodworth (1983).

In the case of both LPMs and WLS, the model estimates are on the wrong “scale” to
correctly predict the choice probabilities. That is, the parameter estimates are too small or too
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large and will systematically under- or over-predict the observed choice probabilities, and
must be corrected. We propose and apply a simple correction that appears to work quite well
under a variety of simulated and actual conditions in- and out-of-sample. Specifically, one es-
timates an LPM or a WLS model for a single person and uses the model to predict the ob-
served dependent variable for each choice option in each choice set of interest. Then, one cal-
culates the associated residual mean squared error for each person, and multiplies all LPM or
WLS model estimates for an individual by a correction factor, which is 1/(mean squared er-
ror). The “corrected” parameters are used to make choice predictions for each person by using
the logit formula.

We applied both LPM and WLS methods to predict observed choices in two empirical
data sets representing choices of car insurance options (set 1) and choices of cross-country
airline flights (set 2); and a third set of simulated choices (set 3). We also compared each ap-
proach with individual-level conditional logit models estimated from exploded choice data
based on observing most and least preferred choices in each choice set. In the interests of
space, we do not go into detail on exploding the choice data using the observed partial rank-
ings, but merely note that we explode the data to be consistent with Luce and Suppes (1965)
and Chapman and Staelin (1982). In the airline and car insurance data we estimate the models
from choices of 150 out of 200 respondents in 12 choice sets with four options each con-
structed using Street and Burgess (2007) optimal design theory. We assess in-sample and out-
of-sample fits using the method of sample enumeration where we average the choice share for
a particular alternative across the individual choice probabilities of the in-sample or out-of-
sample respondents respectively. We use observed and predicted choice alternative shares to
compare models in- and out-of-sample using R-Squares, hit and fit rates (150 respondents for
in-sample; the remaining 50 respondents for out-of-sample). We use an additional four choice
sets to assess holdout task fits, again using R-Square and hit rates. To avoid biases that may
be due to the particular respondents selected for estimation, we average our fit measures over
ten different random draws of 150 individuals. We follow the same procedure for the simu-
lated choice experiment data; we generate simulated choice data by drawing a set of parame-
ter values from specified distributions for each simulated person. We generated 100 simulated
populations, and sampled 150 people randomly ten times from each population. We average
the fit measures across populations and samples.

Results

Conditional logit models estimated from the exploded data consistently perform well in-
sample. When the correction factors are applied to the LPMs and the WLS model estimate,
they also perform well in-sample. All models systematically tend to over-predict low choice
share alternatives and under-predict high choice share alternatives for out-of-sample choice
sets and samples. This is likely due to differences in error variances between estimation and
hold-out data sources, such that error variances in out-of-sample sets are systematically larger
than in estimation sets. The likely source of the error variance differences is model mis-
specification; which in turn suggests larger mis-specification errors for the car insurance data,
also implying more non-additive choice rules for insurance than flight choices.

The results are summarised in Table 1, which reports model performances for four
cases: 1) in-sample, same people, same choice sets; 2) out of sample, same people, different
choice sets; 3) out of sample, different people, same choice sets; and 4) out of sample, differ-
ent people, different choice sets. Shown are the hit rates, i.e. the average number the alterna-
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tives assigned the highest choice probabilities in a given choice set that were the same as the
alternatives chosen, the fit rates, i.e. the mean squared deviation between predicted choice
probabilities and individual observed 0/1 choices, the R” for the line y=x (i.e., aggregate ob-
served shares equal to aggregate predicted shares), as well as the R? and the slope of the re-
gression of the observed aggregate choice shares on the predicted aggregate choice probabili-
ties. Whereas hit and the fit rates measure a models’ ability to predict individual person
choices, R? values and regression slopes reflect a models’ ability to produce good aggregate
predictions.

Table 1: Results of Model Estimation Tests

M Exploded Cond OLS not cor- OLS x 1/(msq er- WLS not cor- WLS x 1/(msq er-
odel Per- .
formance Logit rected ror) rected ror)

Set1 Set2 Set3 | Set1 Set2 Set3 [ Set1 Set2 Set3 | Set1 Set2 Set3 | Set1 Set2 Set3
In Sample (Same respondents, same choice sets)
Hit rate 092 093 056 | 091 092 066 |[091 091 066 |093 093 0.65 |092 0.93 0.65
Fit index 0.03 0.02 0.14 | 013 0.12 0.16 |0.03 0.03 0.11 |0.10 0.10 0.14 | 0.03 0.03 0.13
R72, perfect | 1.00 1.00 0.90 | 040 044 0.39 |098 099 090 |061 060 0.65 |099 0.99 0.86
R"2, bestfit | 1.00 1.00 0.92 | 090 094 0.90 |0.98 099 090|091 091 0.90 | 099 0.99 0.91
Slope, best 1.02 1.02 0.88 | 3.92 3.67 4.04 |1.04 1.01 1.02 |2.38 242 212 |[1.06 1.04 0.83
Out of Sample within respondents (same respondents, different choice sets)
Hit rate 0.63 060 033|061 059 0.31 061 062 031|064 062 032|064 064 0.32
Fit index 0.17 0.18 0.23 |0.16 0.15 0.19 |0.16 0.15 0.23 |0.14 0.14 0.19 | 0.14 0.14 0.27
R72, perfect | 0.93 091 0.78 | 030 0.37 0.36 |0.87 097 0.84 | 047 056 0.64 |089 0.96 0.70
R"2, bestfit | 0.97 092 0.85 084 085 0.85 |091 097 085|086 083 0.87 |095 098 0.85
Slope, best 1.24 110 0.81 |[5.02 395 418 |1.25 1.01 1.05 |3.04 235 207 [1.32 1.14 0.72
Out of Sample across respondents (different respondents, same choice sets)
Hit rate 0.55 061 040 | 057 061 035 |05 060 035|056 061 035|056 0.60 0.35
Fit index 0.15 0.13 0.18 |0.17 0.16 0.18 |0.14 0.13 0.18 |0.16 0.15 0.18 | 0.14 0.13 0.18
R"2, perfect | 0.92 095 0.71 {038 045 0.29 | 090 093 0.63 |0.58 0.60 0.49 | 092 0.94 0.58
R72, best fit 093 096 0.75 084 092 0.65 091 095 064 |08 0.89 0.66 |093 0.95 0.65
Slope, best 097 1.01 0.87 | 389 353 3.87 |099 094 097 [238 232 2.05|1.03 0.98 0.79
Out of Sample across respondents across choice sets(different respondents, different choice sets)
Hit rate 0.68 066 037|071 068 0.38 |0.71 068 0.38 |0.71 0.68 0.38 |0.71 0.68 0.38
Fit index 0.12 0.13 0.19 | 017 0.16 0.18 |0.12 0.12 0.18 |0.15 0.15 0.18 | 0.12 0.13 0.18
R72, perfect | 0.93 089 061 | 029 036 0.30 |0.84 094 068 |046 053 053|086 0.91 0.51
R72, best fit 095 090 0.70 |0.81 081 0.70 |0.87 095 0.71 {083 0.79 0.72 | 091 0.94 0.70
Slope, best 1.16 113 0.81 | 505 4.00 422 | 123 1.04 1.06 |3.04 238 208 [1.31 116 0.71

R"2 perfect = estimated thru origin; R"2 best = estimated linear fit; Slope best = slope of estimated linear fit

Theoretically, model performance should systematically decline from cases 1 to 4. Let
us now consider the various performance measures: 1) Hit rates — these are uniformly high for
case 1, indicating one correctly predicts the chosen options a very high proportion of the time
in-sample; hit rates decline for cases 2 and 3, but surprisingly rise in case 4; 2) Fit rates for
both corrected LPM and corrected WLS models are closer to 0, and thus better, than exploded
conditional logit models. Considering hit-rates and fit-rates, corrected LPM and WLS models
perform as well for individual persons as exploded conditional logit models. 3) R values are
uniformly high for conditional logits using exploded choices; they are consistently high for
corrected LPM and WLS models, and are consistently lower for non-corrected models; 4)
Slopes are close to one for conditional logit on exploded choices and corrected LPM and
WLS models, but differ widely for non-corrected models. All models tend to over-predict low
choice share alternatives and under predict high choice share alternatives out-of-sample with
different choice sets.




ANZMAC 2010

Discussion and Conclusions

We proposed and investigated two simple ways to model individual choices, namely linear
probability models (LPMs) and Weighted Least Squares regression based on Louviere, et al
(2008). We tested the performance of the two approaches in- and out-of-sample. Our results
suggest that LPMs and WLS models corrected for error variance difference between individu-
als perform well in both real and simulated data once the parameter estimates are weighted by
the inverse of the mean squared error. Because of their simplicity and ease of use, we suggest
that both approaches are likely to prove attractive to researchers who want to better under-
stand and model consumer choices, but find complex statistical models or black box commer-
cial software challenging. In turn, this should allow both academics and practitioners to do a
reasonable job of predicting choices without making large mistakes.
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