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Abstract

This paper discusses issues of approximation in the estimation of mixed
logit models that contain variation in tastes across respondents and possible
additional variation across choices for each respondent. We identify several
simplifications to the true log-likelihood function that have been utilised in
past work and implemented in existing software. We examine the accuracy
of these simplifications through Monte Carlo methods. For models with
inter-respondent variation in tastes but no intra-respondent variation, we
find that treating the multiple choices of each respondent as if they were
choices by different individuals (i.e., treating the panel data as if they were
cross-sectional) results in only a small loss of efficiency when sample sizes are
sufficiently large. However, for models with intra- as well as inter-variation
in tastes, simplifications of the log-likelihood function result in a large loss
of efficiency, even with numerous observations. This latter result implies
that the computationally intensive formula for the log-likelihood function,
which fully accounts for the intra- and inter-respondent variation, needs to
be used, at least until an accurate approximation is developed.

1 Introduction

In part as a result of improved estimation performance (cf. Bhat, 2001, 2003;
Hess et al., 2006), researchers and practitioners are increasingly making use of the
Mixed Multinomial Logit (MMNL) model (cf. McFadden and Train, 2000; Train,
2003) for the representation of random taste heterogeneity across respondents.
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At the same time, there has been an increasing use of datasets, such as those
from Stated Preference (SP) experiments, that contain multiple choices for each
respondent. In this context the question arises as to how the presence of multiple
choices for each respondent should be accommodated during model estimation
and by extension in the representation of taste heterogeneity.

The presence of multiple choices for each respondent can provide important
additional information on preferences. However, it was also recognised early on
that the fact that multiple observations stem from the same respondent needs
to be recognised when interpreting model results. There have especially been
concerns that treating multiple response data in the same way as single response
(or cross-sectional) data can have biasing effects on the standard errors for the
estimated parameters (cf. Ortizar and Willumsen, 2001). As a result, a dedi-
cated body of research has looked at ways of correcting the standard errors after
estimation, using techniques such as bootstrap and jackknife (e.g. Cirillo et al.,
2000).

These post-estimation correction approaches can be very useful in the case of
closed form models such as Multinomial and Nested Logit where the likelihood
function for repeated choice data is identical to the corresponding cross-sectional
specification. However, in models making use of simulation-based estimation such
as MMNL, it is in fact possible to account for the repeated choice nature of the
data directly in the specification of the likelihood function, avoiding the need for
post-estimation correction approaches. This fact was recognised in the work of
Revelt and Train (1998) which is discussed in more detail in the following section.

The main aim of the work by Revelt and Train (1998) was to recognise the
repeated choice nature of the data in the representation of random taste het-
erogeneity. Revelt and Train work on the assumption that tastes vary across
respondents, but stay constant across choices for the same respondent. This
specification thus makes the assumption that any taste heterogeneity in the data
arises from inter-respondent variations as opposed to intra-respondent variations.
In later work, Hess and Rose (2009) generalise this approach by relaxing the
assumption of intra-respondent homogeneneity of tastes, thereby allowing both
intra- and iter-respondent taste variation.

The specification of Revelt and Train (1998), hereafter referred to as the R-
T specification, is the most common approach when using MMNL models on
data with multiple choices for each respondent. The general conclusion has been
that this specification leads to very significant improvements in model fit and
a greater ability to retrieve taste heterogeneity. However, as discussed in detail
in the following section, this approach requires an adaptation of the likelihood
function to be used in model estimation. While this approach has now been
implemented in the majority of estimation packages, this implementation has



not been universal. As an example, it is the authors’ understanding that the R-T
formulation has not yet been implemented in ALogit!, a package that is used
especially widely in large-scale applications in a commercial context.

It has been suggested that an approximation to the panel approach could be
used by adapting the simulation approach used in a cross-sectional framework
(see e.g. Paag et al., 2001). However, the quality of approximation that this
approach offers to the R-T specification is unknown, as discussed further in the
following section. To some extent, the question could be asked why we should
care about this, as the majority of packages now give users the possibility of
using the R-T approach, and developers of other packages could be encouraged
to also implement this approach. However, this implementation may be difficult
in some frameworks and additionally, a large number of applications are still
relying on existing versions of the aforementioned software package. Furthermore,
as discussed recently by Hess and Rose (2009), approximation approaches could
have additional benefits when estimating model structures that accommodate
both inter and intra-respondent heterogeneity.

The first aim of this paper is therefore to test the ability of the alternative
approaches to estimating the R-T specification. Secondly, we discuss the quality
of approximation offered by different specifications to the structure developed by
Hess and Rose (2009). From this point of view, this paper aims to answer two
questions. Firstly, we discuss whether approximations to the R-T formulation
can be used in the estimation of MMNL models on panel data, and secondly,
whether such or other approximations may be useful in the estimation of the
model structure developed by Hess and Rose (2009).

The remainder of this paper is organised as follows. The following section
gives an overview of the various specifications. This is followed in Section 3 by a
discussion of the empirical framework used in the analysis. Results of the analysis
are summarised in Section 4, with conclusions presented in Section 5.

2 Methodology

2.1 Taste vary over respondents but are constant over replica-
tions for each respondent

We observe a sample of N decision makers, identified as n with n = 1,..., N,
where respondent n faces T, choice situation. Let (§ give a vector of taste co-
efficients that is distributed across the population of decision makers, where we
assume that g is the same for all choice situations faced by each decision maker.
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The distribution over decision makers is denoted ¢ (5 | 2), where 2 are parame-
ters of this distribution, such as the mean and variance. Let P, (i | , 3) denote
the probability that respondent n chooses alternative ¢ in choice situation ¢, con-
ditional on 3 and the vector of attributes x. Let us further define j,; to be the
alternative chosen by respondent n in choice situation ¢, such that Py, ; (jn | 2, 5)
gives the probability of the observed choice for respondent n in choice situation
t, conditional on 3 and x.

As given by R-T, the LL function in this situation accounts for the assump-
tion that tastes vary across respondents but stay constant across replications for
the same respondent. This assumption is accommodated by carrying out the
distribution across taste coefficients at the level of individual respondents, rather
than individual choices. The LL function is:

N Tn
LL(Q) =) In ( /ﬁ I (Pt Ginse @,ﬁ))] ICARY) d6>. (1)
n=1 t=1

This LL operates on sequences of choices rather than individual choices. Indeed,
the location of the integral relative to the product across observations means that
the logarithmic transformation from product to sum when moving from likelihood
to log-likelihood now only applies to the product across respondents and not also
to the product across choices.

Since the integrals do not take a closed form, the LL is approximated through
simulation. The simulated LL is:

N | B[
SLL(Q) =) In (R S ATT (Pt Gt | x,ﬁm))]) : (2)
n=1 r=1 Lt=1

where (3, , is a draw from it density g(-) and R is the number of draws used in
the simulation. Note that in this formulation the product over observations is
calculated for each draw and averaged over draws, prior to taking the log. The
SLL is the sum over decision makers of the log of the average of products.
There are two other estimators that have been utilised in this type of situation.
The first procedure, which we call the cross-sectional (C-S) approach, is to treat
the repeated choices by a given decision maker as if they were made by different
respondents. The objective function (i.e, the equivalent to the LL function) is:

N T,

L@ =3 Y [ Pectinel 2 9)9(819) ). 3)

n=1 t=1

where the integration across the distribution of taste coefficients is carried out at



the level of individual choices. This function is simulated as follows:

N T,

SLL (2 ZZIn(RZPnt Jnt!:cﬁmt)>- (4)

n=1t=1

where 3., gives the r'" draw from g(-) for choice situation ¢ for respondent n.
Different draws are used for the 7T}, choice situations for respondent n, as well as
for the IV respondents.

If the parameters are identified by purely cross-sectional data (i.e., data con-
sisting of only one observation per respondent), then the estimator based on this
C-S approach is consistent for the estimation on panel data, for the following
reason. First, maximising the log-likelihood based on one observation per re-
spondent provides a consistent estimator. With T choices per respondent, we
have T separate log-likelihoods, each of which provides a consistent estimator.
The objective function in equation 3 is the sum of these T log-likelihood func-
tions, and the sum of the objective functions of a set of consistent estimators
provides another consistent estimator. Efficiency is reduced, relative to R-T, be-
cause the correlation over observations by a given respondent is not utilised in
the estimation criterion.

A second approach, which can be used in packages that lack the R-T imple-
mentation, is to utilise the C-S formulation but, instead of taking different draws
for each choice by a given respondent, using the same draws in all the choice
situations for the same respondent (see e.g. Paag et al., 2001). The SLL under
this approach is:

N T,

n=1t=1

From Equation 5, it can be seen that the only differences in comparison with
Equation 4 lies in dropping the additional subscript ¢ from the draws for 3,
where the same set of R draws is now reused in the simulation of all T}, choices
for respondent n, thus leading to a requirement for NR draws, identical to the
R-T approach.

This approach, which we will hereafter refer to as C-S-P to signify cross-
sectional approximation to panel, attempts to accommodate the panel nature of
the data by reusing the same draws across choices for a given respondent. It
is possible that the approach accommodates some correlation across replications
for a given individual through using the same draws in simulation, and this may
increase efficiency relative to the C-S approach. However, the correlation over
observations is a function of the number of draws, and should decrease as the



M )

number of draws rises. (We use the provisional words “is possible,” “may,” and

“should”, because the properties of this estimator have not been derived.)

2.2 Some tastes vary over people and choice situations and other
tastes vary only over people

We next turn our attention to the situation described by Hess and Rose (2009),
hereafter referred to as H-R. This specification allows for intra-respondent taste
heterogeneity in addition to inter-respondent taste heterogeneity. Let 3 be de-
composed as

f=a+y
where « is distributed across respondents but not over choices for a given respon-
dent, while the vector ~ is distributed over choices as well as respondents. That
is, a captures inter-personal variation in tastes while v captures intra-personal
variation. The LL function? is given by:

N Tn
LLKDZEZMI/(II(/RMUMIaathWﬁh>)gwﬁM]-(@
n=1 @ \t=1 W7
In its most general form, the SLL for Equation 6 is given by:
N 1 R T 1 K
SLL=) In|%> (H 7 2 (Pt Gns | o, w,k,n,m)] : (7)
n=1 r=1 \t=1 k=1

This simulation uses R draws from « for respondent n, along with K T}, draws
from  for each draw of alpha. The total number of draws of v for respondent n
is therefore R K T, under this general specification.

The computational cost of estimating this model is very high, and thus far,
it has not been implemented in any of the major packages. BIOGEME (Bier-
laire, 2003) allows the user to estimate models combining inter-respondent and
intra-respondent heterogeneity, but it is the authors’ understanding that a sim-
plification of the above formulation is used, with K = 1. The SLL thus takes the
form:

N 1 R T
SLL = Z In [R Z (H Pt (Gnt | arn, 7r,n,t)>] : (8)
n=1

r=1 \t=1

where the subscript for k£ on v is not given since it is always 1. All simula-
tion is performed at the level of respondents rather than individual choices. To

2 Although conceptually very different, this model form is very similar in mathematical terms
to the model developed by Bhat and Castelar (2002).



accommodate the intra-respondent variation in -, separate draws are used for
these parameters across choice situations, while the draws for « are reused across
choices. We call this formulation with K = 1 the R-T-M specification, since it
adapts the R-T specification to account for a mixture of inter- and intra-personal
variation in tastes.

An alternative approach is to simulate each choice separately but use the same
draws of v in all the choices by a given respondent. This approach is analogous
to C-S-P above but adapted for intra-personal variation in tastes. The objective
function is

N T, R
Z Z" 1 Z .
SLL - n=1 t=1 ln E r=1 (Pn7t (]TL,t aT)”’ ’)/T,?’L,t)) ' (9)

This approach carries out all simulation at the level of individual choices, but the
same draws of a are reused across choices for the same respondent. For ~y, new
draws are used in each choice situation. This approach can be used in software
that relies entirely on cross-sectional approaches, such as ALogit. We call it C-
S-M since it adapts C-S-P to account for a mixture of inter- and intra-personal
variation in tastes.

Given the high computational cost of estimating models based on Equation
7, the use of the approximations in Equation 8 and 9 could potentially lead to
significant savings. However, the quality of these approximations is unknown.

3 Empirical framework

To test the adequacy of the various approximations, an in-depth empirical anal-
ysis was carried out. The analysis is based on simulated data making use of a
binary design with two attributes for each alternative, travel time (in minutes)
and travel cost (in £). The dataset contains 5,000 choices by 500 respondents.
Two versions of the data were generated. The first version incorporates inter-
personal variation in tastes but not intra-personal. This version is used to ex-
amine the methods R-T, C-S, and C-S-P. The second version incorporates both
inter- and intra-personal variation in tastes. We use this version to examine H-R,
C-S-M and R-T-M. In each case, the travel cost coefficient was kept fixed, and
all heterogeneity was accommodated in the travel time coeflicient.

The settings used in data generation are given in Table 1. Here, ot , and
aTc,, give the mean values for the travel time and travel cost coefficients respec-
tively. The standard deviation for the distribution across respondents are given
by arr,s, With y1T,, giving the standard deviations for the variation across ob-
servations. The mean parameter yrr , is set to zero, with the combined tastes



Table 1: Settings used in data generation

‘ ATT,u QTCu ATTo VTT,o
Case study 1 | -0.2 -0.8 0.1 0
Case study 2 | -0.2 -0.8 0.1 0.05

being given by Srr = a1t + yrT. In each case, 15 different versions of the data
were generated for the analysis, allowing us to test for stability and increasing
the reliability of our conclusions.

When simulating data, it is important to ensure a good range for the prob-
abilities of chosen alternatives, where these probabilities should cover as much
of the 0 — 1 interval as possible (cf. Fosgerau and Nielsen, 2007). A summary
across the 15 samples for each dataset is given in Table 2 where we can see that
the data clearly meets these requirements. The specific scale assumptions made
in the simulation of the data led to p? measures of around 0.44, which should be
a sufficiently large weight for the observed part of utility to facilitate parameter
recovery.

As stated above, the data for case study 1 were examined with three different
methods

R-T The panel MMNL model, with SLL given by Equation 2.
C-S The cross-sectional MMNL model, with SLL given by Equation 4.

C-S-P The cross-sectional approximation to the panel model, with SLL given
by Equation 5

and the data for case study 2 were similarly examined with three methods:

H-R The joint inter and intra-respondent heterogeneity model, with SLL given
by Equation 7.

C-S-M The cross-sectional approximation to the H-R model, with SLL given by
Equation 9.

R-T-M The panel approximation to the H-R model, with SLL given by Equation
8.

Each model was estimated on the 15 samples for each case study. To test for
the effects of sample size, the estimation was carried out while gradually increas-
ing the sample size, starting with the first 50 respondents, and increasing the



Table 2: Statistics on probabilities of chosen alternative in simulated datasets

‘ Case study 1 Case study 2

min P(chosen) 0.0071 0.0059
mean P(chosen) 0.7535 0.7557
max P(chosen) 0.9999 0.9999
p? 0.4383 0.4415

sample size by 50 respondents at each step until the full sample size of 500 re-
spondents (and 5,000 choices) was reached. In the simulation-based estimation
of the models, we made use of Halton draws (Halton, 1960), and after extensive
pre-testing®, we made use of 200 draws in each dimension. All models were coded
and estimated in Ox 4.1 (Doornik, 2001).

4 Results

This section discusses the results from the two case studies. We will first look at
the two case studies in turn before summarising the findings.

4.1 Case study 1

The results for the first case study are presented in two parts. Table 3 shows
the mean results across the 15 subsamples for each of the 10 different sample
sizes, using three indicators, namely estimation time (in seconds), the ¢-ratio for
1T, and the inter-respondent coefficient of variation (cv.) for the travel time
coefficient, which has a true value of 0.5 (cf. Table 1). To additionally show the
variation across the 15 subsamples for each sample size, Figure 1 shows Box plots
for the coefficient of variation and the ¢-ratio for arr .

Combining the evidence from Table 3 and Figure 1, a number of observations
can be made. Firstly, we can see that there are essentially no differences across the
three methods in terms of estimation time. Secondly, all three methods offer good
performance in retrieving the correct degree of heterogeneity in the travel time
coefficient. However, differences arise between the three methods when looking
at stability across runs as well statistical significance of estimates. Indeed, we
can see that the estimates for R-T are far more stable across the 15 runs in each

3The number of draws was increased up to 10,000 draws, but no changes in results were
observed beyond about 100 draws. To keep estimation times manageable in the face of the large
number of models (900 in total), we settled on R = 200.



870 0L9 0L¢S | 870 899 STV | 670 91°¢1 €e'19 | 009
370 6€°9 98°9¥ | /70 €9 19°0v | 870 ¢TI eo’Ly | 0S¥
Lv0 G0'9 LLEY | LVO €09 08'¥ve | 870 16°¢T1 1T°ey | 00V
70 89°G 6¢°G¢ | ’7°0 99°¢ ¥woe | 870 g9¢l g6'6¢ | 06¢
870 1¢'q 8006 | /70 61°G ¥9°LC | 8V°0 19'T1 9eve | 00€
060 L6V 299¢ | 670 G6'v L6'€C | 670 0,01 ¢e'8¢ | 0S¢
060 LTV €c'Ic | 090 9¢'v CL'LT 67°0 7466 ¥v'0c | 00C
370 gaé'¢ TLGT | L¥V'0 gae'¢ VLV 70 91’8 8]°GT 0ST
67°0 90°¢ €6°6 67°0 SRS LT°6 67°0 8.9 €601 001
44\ 2! 19¥ €v'0 9L'1 097 770 Ve'v €67 0§
‘A (0) per-y  (s)ewry | AD  (0) per-)  (s)ewry | AD  (0) ‘per-)  (s) owry | ‘dsoy
d-5O SO LY

T Apnjs ased 103 sorduresqns G SSOIOR SMBID JO SIOQUINT JUSIJIP I0] SHNSOI UBDIN :E O[®],

10



T Apnjs osed J10j s3Nsal Jo Arewwing :1 oInsryq

sjuapuodsay

00S 0Sr 00y 0S€ 00€ 0SZ 00Z OST 00T OS
L I I I I I I I I

1
-~
,
V|
|
=

19POW d—-S—-2 ‘JUBIOIYS0D BWI [SARI] JO *ASP"PIS 10} ORI}

sjuapuodsay

00S 0S¥ 00F 0S€ 00€ 0SZ 00C OST 00T 0S
L I I I I I I I I 1

'
s =+

[9POW d—-S—0 ‘JUBID1S00 W} [SARI 10} AD

ot

ST

N
5]

00

4

144

90

80

A

&)

sjuapuodsay

00S 0SF 00v O0SE€ 00€ 0SZ 00C OST 00T 0S

sjuapuodsay

00§ 0Sy 00 0S€ O00€ 0SZ 002 OST 00T OS

1
+~ Fe°
- iy
- L o -
TP =
Be]==lua == [
- e -
***** - B2
=
o —
I s
- B2
- =
=
o
- - 5=
o =]
N
S
[opow S—2 ‘JUBIDIYS09 S} [9ARI) JO “ASP°PIS 10} Olel-] |opow 1 —¥ JUSI01}802 Wi} [9ARI) JO “ASP°PIS IO} Olel-]
siuapuodsay syuapuodsay
00S 0Sy 00v O0SE O0OE 0SZ 002 OST 00T 0S 00§ OSF 00 OSE 00E 0SZ 00Z OST 00T OS
L Il Il Il Il Il Il Il Il 1 L Il Il Il Il Il Il Il Il 1
L o
°
-
'
! L ©
N
. -
~ T - !
- T T T Lo o !
- 1 L & < -
Al 1] | eaeermeapaas s @
' 1
=T || . - = =
[ { 0 [ - F '
- , | | , ! . — .
%%%%% N oS
'
'
o+
L o
®

|9POW S—D) JUBIDYB0D W} [9ARL) 10} AD

[9POW 1 —¥ ‘JUBIDIS0D SW} [SARI 10 AD

ot

ST

(4

00

co

14

90

80

"

5]

11



subsample, even with small sample sizes. Additionally, increases in the sample
size have a much stronger decreasing effect on the standard error of apr 5 in R-T
than in the remaining two methods. This finding would suggest that C-S’s loss
in efficiency is relevant, even with samples of the size considered herein. Finally,
and consistent with earlier discussions, C-S-P essentially produces exactly the
same results as C-S, confirming earlier suspicions that the two models should be
the same when estimated with a sufficiently high number of draws, i.e. showing
that any attempt with C-S-P to regain some of the efficiency lost when moving
from R-T to C-S is not particularly effective.

4.2 Case study 2

We now turn our attention to the results of the second case study, which contains
both inter-respondent and intra-respondent variation in tastes. The results are
again presented both in terms of the mean results across the 10 sample sizes
(Table 4) and the variation across the 15 subsamples for each sample size (Figure
2 and Figure 3). In addition to those indicators already used in the presentation
of the results for the first case study, we now also include the t-ratio for yrr 4,
i.e. the standard deviation for the intra-respondent travel time coefficient, and
the associated coefficient of variation, which has a true value of 0.25 (cf. Table
1).

The results show that estimation times for R-T-M are slightly higher than
those for C-S-M. However, the real differences arise when looking at H-R, where
estimations take well over 100 times as long as with C-S-M and R-T-M, reaching
on average 3.5 hours with the full sample size, compared to around 1.5 minutes for
C-S-M and R-T-M. This finding is consistent with earlier discussions (cf. Section
2).

Turning our attention next to the retrieval of heterogeneity in the travel time
coefficient, a number of observations can be made. Firstly, with the true value
for cvinter being 0.5, we can see that good performance is obtained with H-R
and also with R-T-M. C-S-M on the other hand underestimates the degree of
inter-respondent heterogeneity and the estimates are accompanied by high stan-
dard errors. When looking at the stability of results across the 15 runs for each
subsample (cf. Figure 2), we observe stable performance only for H-R and R-
T-M, along with the expected reduction in standard errors as the sample size is
increased.

For cVintra, the true value is 0.25, and here we observe good performance by
H-R, albeit with significantly higher standard errors than for the inter-respondent
component. On the other hand, R-T-M is unable to retrieve any sensible measure
of intra-respondent heterogeneity, while C-S-M actually overstates the degree of

12



Table 4: Mean results for different numbers of draws across 15 subsamples for
case study 2

H-R
Resp. | time (s) t-rat. (Ginter) CVinter t-rat. (Cintra) CVinter
50 1,175 3.79 0.44 0.89 0.23
100 2,305 5.84 0.47 1.00 0.19
150 3,535 7.18 0.47 1.29 0.20
200 4,544 8.36 0.49 1.59 0.22
250 5,727 9.19 0.48 2.15 0.25
300 6,665 10.07 0.48 2.22 0.24
350 8,133 10.88 0.49 2.34 0.25
400 9,965 11.67 0.48 2.29 0.23
450 | 10,643 12.33 0.48 2.52 0.24
500 | 12,389 13.04 0.49 2.62 0.24
C-S-M
Resp. | time (s) t-rat. (Ginter) CVinter t-rat. (Gintra) CVinter
50 7.91 0.73 0.32 0.72 0.30
100 16.41 0.76 0.25 1.56 0.38
150 23.73 1.14 0.26 1.86 0.36
200 30.06 0.82 0.25 2.17 0.41
250 39.07 1.01 0.27 2.35 0.42
300 46.32 1.37 0.26 2.38 0.38
350 54.21 2.11 0.28 2.67 0.35
400 64.83 1.28 0.19 3.78 0.42
450 72.90 0.68 0.14 4.70 0.47
500 85.12 1.09 0.20 3.69 0.45
R-T-M
Resp. | time (s) t-rat. (Ginter) CVinter t-Tat. (Cintra) CVinter
50 8.33 4.13 0.44 0.86 0.07
100 17.93 6.43 0.47 0.71 0.04
150 23.51 7.88 0.47 0.77 0.04
200 39.24 9.21 0.48 0.68 0.03
250 43.94 10.37 0.48 0.70 0.03
300 57.26 11.29 0.48 0.53 0.02
350 64.23 12.33 0.48 0.50 0.02
400 74.89 13.13 0.48 0.55 0.02
450 86.55 13.90 0.48 0.63 0.02
500 94.19 14.78 0.49 0.61 0.02
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intra-respondent heterogeneity. As expected, the results across the 15 subsamples
are far less stable than for the inter-respondent heterogeneity (cf. Figure 3),
although there is an indication of increasing stability with sample size for H-R.

4.3 Summary of results

With the wealth of results presented in the two case studies, a summary of the
observations seems appropriate.

In the first case study, the R-T model performs as expected, offering accurate
and stable recovery of the inter-respondent heterogeneity, while also showing the
benefits of increasing the sample size (rapid drop in standard errors). The C-S
model is also able to retrieve most of the heterogeneity, but offers less stable
performance, along with higher associated standard errors and a less important
impact of increases in sample size. As expected on the basis of our theoretical
discussions, the C-S-P model is no different from the C-S model.

In the second case study, it becomes apparent that there are significant issues
with confounding between intra-respondent and inter-respondent taste hetero-
geneity that neither the C-S-M nor the R-T-M model are able to deal with.
Indeed, the R-T-M model is able to retrieve the inter-respondent heterogene-
ity almost perfectly but fails in recovering any intra-respondent heterogeneity.
On the other hand, the C-S-M model is severely hampered by the confound-
ing between the two types of heterogeneity, resulting in an overestimation of
intra-respondent heterogeneity and an under-estimation of inter-respondent het-
erogeneity, with both being affected by high standard errors. The H-R approach,
although computationally far more expensive, succeeds in retrieving both types
of heterogeneity with a high degree of precision, albeit with more uncertainty for
the intra-respondent component.

5 Conclusions

This paper has discussed issues of approximation in the estimation of Mixed
Multinomial Logit models on repeated choice data such as typically found in
SP surveys. Specifically, we have discussed three different approximations; an
approximation to the Revelt and Train (1998) panel formulation based on a
cross-sectional model, an approximation to the joint intra and inter-respondent
heterogeneity model of Hess and Rose (2009) based on a Revelt and Train panel
formulation, and an approximation to the joint intra and inter-respondent het-
erogeneity model of Hess and Rose based on a cross-sectional model.

Aside from a scientific interest in this issue, this analysis was motivated by
the fact that some of these approximations are used in applied research (e.g. Paag
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et al., 2001), while others are implemented in existing software*. Additionally,
there is a strong interest in the approximation approaches to the H-R model
(Equation 8 and Equation 9) given the high cost of estimating this model on the
basis of the SLL in Equation 7.

The findings from this research, which is based on a comprehensive Monte
Carlo analysis, suggest somewhat different results for models with inter-respondent
variation only from those with intra- and inter-respondent variation. For models
with inter-respondent variation (i.e, the specification of Revelt and Train 1998),
it seems that treating the panel data as if they were cross-sectional results in
fairly accurate estimates provided that the sample size is sufficiently high (and
the parameters are identified by cross-sectional data, as in our study.) There
is of course a loss of efficiency, but the loss does not seem to be great for the
sample sizes used in our study. However, for models with both intra- and inter-
respondent variation, approximations to the formula given by Hess and Rose
(2009) do not seem to perform well. This result is unfortunate since the H-R
specification is highly computer intensive. However, the result is not unexpected,
given the inherent difficulty of distinguishing the two types of variation. A poten-
tially fruitful area for future reasearch is to develop an efficient implementation
of the H-R specification.
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