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1 Introduction
Mixed logit (MIXL) models, also called random parameter logit models, are commonly
used discrete choice models. Stata offers built-in support for fitting panel MIXL models
using simulated maximum likelihood via the cmxtmixlogit command, and there are
several community-contributed commands that fit different types of panel MIXL models
using either simulated maximum likelihood (Hole 2007, 2015; Gu, Hole, and Knox 2013)
or Bayesian Markov chain Monte Carlo (MCMC) methods (Baker 2014).

In this article, I describe the garbage_mixl command, which fits garbage class MIXL
models in Stata.1 The garbage class MIXL model (Jonker 2022) is an extension of the
standard panel MIXL model that is primarily aimed at automatic screening and account-
ing for respondents with low data quality in discrete choice experiments. However, the
garbage_mixl command can also fit standard panel MIXL models, and because of the
specifics of the implementation, it provides a fast and reliable alternative to Stata’s
cmxtmixlogit command and the community-contributed estimation commands of Hole
(2007) and Baker (2014), although with a few limitations (see section 3) and fewer
customization options.

The article is organized as follows: section 2 provides a brief overview of the standard
and garbage class MIXL model. Section 3 explains the estimation strategy. Section 4
describes the command’s syntax and estimation options, and section 5 presents several
examples. Section 6 provides a comparison between the garbage_mixl command and
other estimation commands, and section 7 concludes.

1. The garbage_mixl command is compatible with all Windows machines.
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2 The standard and garbage class MIXL model
The standard panel MIXL model assumes that there are 𝑁 respondents that each com-
plete 𝑇 discrete choices, each from a set of 𝐽 alternatives that are described by 𝐾
explanatory variables. The explanatory variables can be summarized as

𝑋𝑖𝑡𝑗𝑘 (ℝ) for 𝑖 = 1, . . . , 𝑁; 𝑡 = 1, . . . , 𝑇 ; 𝑗 = 1, . . . , 𝐽 ; 𝑘 = 1, . . . , 𝐾

and the observed choices in the dependent variable

𝑌𝑖𝑡𝑗 ∈ {0, 1}

with entries equal to 1 for the alternative that was chosen and zero for all other alter-
natives in the choice tasks; that is,

(𝑌𝑖𝑡𝑗 = 1) ⟹ (𝑌𝑖𝑡𝑚 = 0, ∀𝑚 ≠ 𝑗)

Each respondent is presumed to have chosen the option that provides the highest utility,
with the utility function specified as

𝑈𝑖𝑡𝑗 =
𝐾

∑
𝑘=1

𝛽𝑖𝑘 × 𝑋𝑖𝑡𝑗𝑘 + 𝜖𝑖𝑡𝑗

and with the error term 𝜖 assumed to be independently and identically Gumbel dis-
tributed. This implies that the probability of respondent 𝑖 choosing alternative 𝑗 in
choice task 𝑡 can be defined as

𝑃𝑖𝑡𝑗 =
exp (𝛽′

𝑖X𝑖𝑡𝑗)
∑𝐽

𝑚=1 exp (𝛽′
𝑖X𝑖𝑡𝑚)

In the standard MIXL model, the mixing distribution of the respondents’ 𝛽 coefficients
is multivariate normal (MVN) with mean vector 𝜇 and covariance matrix Σ; that is,

𝑓 (𝛽𝑖) ∼ MVN (𝜇, Σ)

which means that the likelihood contribution of each individual respondent is defined
as

𝐿𝑖 = (2𝜋)− 1
2 𝐾 |det(Σ)|−

1
2 ∫

∞

−∞
exp[ − 1

2
⟨(𝛽𝑖 − 𝜇)′ Σ−1 (𝛽𝑖 − 𝜇)⟩

+
𝑇

∑
𝑡=1

𝐽
∑
𝑗=1

{𝑌𝑖𝑡𝑗log(𝑃𝑖𝑡𝑗)}]𝑑𝛽𝑖 (1)

and with the overall (sample) likelihood function defined as the product of respondent-
specific likelihoods over all respondents in the dataset; see, for example, Train (2009).

The garbage class MIXL model is an extension of the standard panel MIXL model
in which the structural part of the utility function (𝛽′

𝑖X𝑖𝑡𝑗) is multiplied with a class
membership parameter (𝜑𝑖 ∈ [0, 1]),

𝑈𝑖𝑡𝑗 = 𝜑𝑖 × 𝛽′
𝑖X𝑖𝑡𝑗 + 𝜖𝑖𝑡𝑗
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No other modifications are involved, and the interpretation of the class-membership
parameter is also straightforward: 𝜑𝑖 represents the respondent-specific probability of
being assigned to the standard MIXL utility specification. If 𝜑𝑖 equals 1, respondents
are entirely assigned to the standard MIXL utility specification (𝑈𝑖𝑡𝑗 = 𝛽′

𝑖X𝑖𝑡𝑗 + 𝜖𝑖𝑡𝑗).
If 𝜑𝑖 equals 0, there is no contribution from the structural part of the utility function,
and respondents make random choices based on the error term (𝑈𝑖𝑡𝑗 = 𝜖𝑖𝑡𝑗). When
aggregated, the sample average 𝜑 = ∑𝑁

𝑖=1 𝜑𝑖/𝑁 reflects the class share of the MIXL
model and (1 − 𝜑) the garbage class share. The latter provides a readily available and
objectively comparable estimate of the number of low-quality respondents in the dataset
(Jonker 2022).

3 Estimation strategy
Because the MIXL likelihood function is not analytically tractable, the integral in (1)
needs to be approximated. In Stata, MIXL model estimation is typically performed using
simulated maximum-likelihood methods (see, for example, Train [2009]). Simulated
maximum-likelihood estimation has a few practical disadvantages, including the risk of
convergence in local optima. This necessitates that multiple MIXL model estimations
be fit from different initial values. Additionally, the quality of pseudo–random draws
may degrade in higher dimensions. For instance, standard Halton draws should not be
used for models with more than 10–12 random parameters, even though some Stata
commands allow up to 20 random parameters. In contrast, the implemented Bayesian
estimation approach for the garbage_mixl command offers an attractive alternative
designed to provide fast and robust results, particularly in higher dimensions. The
default priors are defined as follows:

1. Normal priors with a mean of zero and standard deviation (SD) of 10 are assigned
to the population mean parameters (𝜇).

2. A Huang and Wand (2013) scaled inverse-Wishart prior is assigned to the popu-
lation covariance matrix (Σ), which results in marginal uniform distributions on
the correlation parameters and half-𝑡 distributions with 2 degrees of freedom and
SDs of 10 on the SDs of the random parameters.

3. bernoulli(0.5) priors are assigned to the MIXL class-selection parameters (𝜑𝑖).

Gibbs sampling is used to update the 𝜇 and Σ parameters, inverse transform sam-
pling to update the 𝜑𝑖 parameters, and a combination of Metropolis-within-Gibbs
(MWG) with antithetic updates (Bédard, Douc, and Moulin 2014) and a Metropolis-
adjusted Langevin algorithm (MALA) (Marshall and Roberts 2012) to update the in-
dividual-level preference parameters (𝛽𝑖). Both the MVG and the MALA samplers are
tuned at increasing intervals during the burn-in phase, with diminishing adaptation and
with target acceptance rates of 0.44 and 0.57, respectively.

To minimize the risk of nonconvergence and to ensure sufficiently accurate approx-
imations of the posterior, the default and minimum number of MCMC draws of the
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garbage_mixl command is set to 50,000 burn-in and 50,000 additional MCMC draws.
This implies a minimum of 100,000 MCMC draws; in comparison, the bayesmixedlogit
command (Baker 2014) has a default of 1,000 MCMC draws. In addition to the large
burn-in phase, an MWG sampler with antithetic updates is used to reliably converge
from the initial values to the posterior distribution during the initial 10,000 draws of
the burn-in phase, updating only 1 parameter at a time. The MWG sampler is also
used to create an initial estimate of the empirical variance–covariance matrix based
on draws 4,000–10,000. The latter is used to transition to a more efficient and faster
MALA sampler that updates the 𝛽𝑖 parameters simultaneously but requires an estimate
of the variance–covariance matrix to effectively explore the posterior. When one fits
standard panel MIXL models, the MALA sampler is used for all respondents as the final
sampling algorithm. However, in the garbage class MIXL model, there are insufficient
burn-in draws to reliably tune the MALA sampler when respondents are predominantly
assigned to the garbage class. Hence, for respondents who have a probability of MIXL
class membership smaller than 0.5, MWG is used as the final sampling algorithm.

To further assist and improve convergence of the MCMC samplers, relatively good
initial values are obtained using an initial maximum-likelihood estimation. In this ini-
tial MIXL model optimization, the integral in (1) is approximated using a standard
Laplace approximation (see, for example, Bleistein and Handelsman [1986, chap. 8]
and Small [2010, chap. 6]). The Laplace approximation is an analytical (rather than
sampling-based) approximation and allows for a MIXL model to be fit within seconds
(see table A in the online supplemental). This provides relatively good initial values
for the population mean (𝜇), covariance matrix (Σ), and all individual-level preference
parameters (𝛽𝑖), with all class-selection parameters (𝜑𝑖) initialized at 1 when fitting
garbage class MIXL models. Because the Laplace MIXL estimates are used only as initial
values and more precise initial estimates are superfluous, a tolerance of 1e–5 on the L2
norm of the gradient is used as the stopping criterion, and the number of Broyden–
Fletcher–Goldfarb–Shannon model optimization iterations is maximized at 25 + 2 × 𝐾.

To further improve computational efficiency, all estimations are implemented in C++
and linked to Stata via a plugin (https://www.stata.com/plugins/). This implies that
the Stata graphical user interface freezes during garbage_mixl estimations, which is
an inherent and unavoidable limitation of Stata’s C++ plugin functionality. Another
limitation of the garbage_mixl command is that it requires an equal number of choice
options per choice task in the dataset. This is not an inherent limitation but enforced
to simplify the data transfer from Stata to the C++ plugin and to simplify the im-
plementation of the likelihood and gradient calculations. Finally, because the MIXL
class-selection parameters are identified based on the choice data of each individual re-
spondent, garbage MIXL models tend to be sensitive to the priors that are assigned to
the MIXL class-selection parameters. To make sure that there is enough information for
each respondent and the class selection is not based entirely on the priors that are used,
the garbage_mixl command requires at least as many choice tasks per respondent as
random parameters when fitting garbage class MIXL models.

https://www.stata.com/plugins/
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4 Syntax and options
4.1 Syntax

garbage_mixl depvar [ if ] [ in ], rand(varlist) id(varname) group(varname)

[ burn(#) mcmc(#) bernoulli(#) nogarbage diag invwishart ]

4.2 Options

rand(varlist) is required and specifies the independent variables. All independent vari-
ables’ coefficients are assumed to be random; fixed coefficients are not supported.

id(varname) is required and specifies a numeric identifier variable for the decision
makers.

group(varname) is required and specifies a numeric identifier variable for the choice
occasions.

burn(#) specifies the length of the burn-in period. The default and minimum value is
burn(50000).

mcmc(#) specifies the number of draws to be taken from the posterior distribution of
the parameters. The default and minimum value is mcmc(50000).

bernoulli(#) specifies the prior distribution for the individual-level MIXL class proba-
bilities in the garbage class MIXL model. The default is bernoulli(0.5). Note that
the garbage class MIXL results tend to be sensitive to the Bernoulli prior, partic-
ularly with limited observations per decision maker. Therefore, the garbage_mixl
command requires at least as many observations per decision maker as the number
of random parameters specified.

nogarbage specifies that the garbage_mixl command fit a standard panel MIXL model.

diag specifies that a diagonal (uncorrelated) MIXL model is being fit, with half-normal
(10) priors on the SDs of the normal mixing distributions.

invwishart replaces the default Huang and Wand (2013) scaled inverse-Wishart prior
with a conventional inverse-Wishart prior on the variance–covariance matrix. The
inverse-Wishart prior is specified with a unit scale matrix and degrees of freedom
equal to the number of random parameters. This prior is more informative and
more restrictive than the default prior, particularly when more random parameters
are specified, and is seldom recommended.



432 Fitting garbage class mixed logit models in Stata

5 Examples
To show how the garbage_mixl command fits standard and garbage class MIXL models,
let’s revisit the antibiotics example of Jonker (2022). This dataset can be downloaded
from the Stata Journal website and contains 750 respondents who were recruited using
a commercial survey sample provider. All respondents were asked to make 13 repeated
choices between 2 types of antibiotics screening tests that were described using the
following characteristics: 1) the speed in which the test results are available (fast versus
slow), 2) the convenience of the diagnostic test (high versus low), and 3) the confidence
in the test’s results (very high versus high). Figure 1 shows an example choice task as
shown to the respondents. The dependent variable 𝑦 in the dataset describes the choices
that were made, and the independent variables’ speed, convenience, and confidence are
dummy coded with the least favorable test characteristics selected as the omitted base-
case levels.

Figure 1. Example discrete choice task
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5.1 Example 1

Let’s start with fitting a standard panel MIXL model:

. use antibiotics

. garbage_mixl y, rand(speed convenience confidence) id(resp_id) group(group)
> nogarbage
The user interface will freeze during C++ model estimation; please do not close
> Stata!
Achieved MALA acceptance rates
min = 0.55
ave = 0.57
max = 0.60

Bayesian mixed logit number of resp = 750
number of obs = 9750
MCMC burn-in = 50000
MCMC sample = 50000

Mean Std.Dev. MCSE Median [95% Cred. Interval]

Mean
speed 1.2254 .082619 .001182 1.22382 1.06788 1.39207

convenience 1.83737 .111471 .001583 1.83553 1.62394 2.06094
confidence 3.62273 .17944 .002509 3.61895 3.28248 3.98405

SD
speed 1.13157 .091489 .002267 1.13084 .954914 1.31343

convenience 2.04984 .115009 .002209 2.04701 1.83199 2.28293
confidence 3.37542 .17942 .003131 3.37025 3.04038 3.7383

Corr
β1-β2 .23324 .076426 .001385 .23525 .077594 .375337
β1-β3 .43093 .066852 .000971 .43318 .294203 .55495
β2-β3 .425895 .048819 .00062 .427038 .326945 .518102

Note: Default priors are used for model parameters

As shown, the achieved MALA acceptance rates range from 0.55 to 0.60. Even though
the performance of MCMC sampling algorithms is robust to deviations from optimal
acceptance rates (see, for example, Roberts and Rosenthal [2001]), it is reassuring that
the MALA samplers have achieved acceptance rates close to the target rate of 0.57.
Similarly, it is reassuring to observe that the Monte Carlo standard errors (MCSE)
expressed as a percentage of the SDs of the posterior samples are smaller than 5–10%.
This is a simple rule of thumb to determine whether the posterior distributions are
sufficiently accurately approximated.

The standard panel MIXL model output presents posterior summary statistics for the
MIXL mean estimates, while the (co)variance estimates are separated into SD and corre-
lation estimates. This approach is akin to Stata’s cmxtmixlogit command, making it
more convenient to interpret the degree of heterogeneity in and correlations among pref-
erences for the explanatory variables. As indicated by the positive MIXL mean estimates,
respondents on average prefer faster, more convenient, and more reliable tests. This has
good face validity. There is also substantial variation in respondent-specific preferences
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with the MIXL SD estimates being approximately as large as or larger than the MIXL
mean estimates. This is somewhat unexpected because it suggests that a substantial
number of respondents in the tail of the normal distributions actually prefer slower,
less convenient, and less reliable diagnostics tests. In addition, the correlations between
the preference parameters all have 95% credible intervals that are positive and do not
comprise 0. This is entirely unexpected because it indicates that when respondents find
one particular aspect of the test more important, they also find the other aspects of the
test more important (and vice versa). Of course, these unexpected results could also be
explained by not appropriately accounting for a subset of respondents who flatlined on
one of the choice options or randomly clicked through the survey, which is a notorious
problem with discrete choice experiment data obtained from commercial survey sample
providers.

5.2 Example 2

As explained, the garbage class MIXL model intends to provide MIXL estimates that are
corrected for the presence of respondents with poor data quality. If such respondents
are included in the model estimations, one would expect the standard panel MIXL mean
estimates to be biased toward zero and the MIXL SD estimates to overstate the true
amount of variability in preferences in the MIXL class. Let’s refit the model without the
nogarbage option to see what happens:
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. garbage_mixl y, rand(speed convenience confidence) id(resp_id) group(group)
The user interface will freeze during C++ model estimation; please do not close
> Stata!
Achieved MwG acceptance rates (n=243 resp)
min = 0.42
ave = 0.44
max = 0.46
Achieved MALA acceptance rates (n=507 resp)
garbage class = 0.57
MIXL class min = 0.57

ave = 0.59
max = 0.63

Bayesian garbage class mixed logit number of resp = 750
number of obs = 9750
MCMC burn-in = 50000
MCMC sample = 50000

Mean Std.Dev. MCSE Median [95% Cred. Interval]

Mean
speed 3.074 .199707 .015449 3.07086 2.68734 3.46984

convenience 5.0649 .349006 .026417 5.05412 4.39913 5.78365
confidence 10.546 .704844 .061713 10.5345 9.2038 11.9731

SD
speed 1.6416 .184716 .008732 1.63726 1.29921 2.01095

convenience 4.06778 .338572 .022801 4.05106 3.43727 4.78173
confidence 6.35555 .556382 .046813 6.33798 5.30431 7.50541

Corr
β1-β2 -.68414 .101021 .004215 -.688259 -.871383 -.472341
β1-β3 -.271483 .123048 .006804 -.270341 -.507598 -.032767
β2-β3 -.100439 .082623 .003097 -.100741 -.262969 .060548

garbage class .343424 .007357 .000354 .344 .329333 .357333

Note: Default priors are used for model parameters

When a garbage MIXL model is being fit, the achieved acceptance rates for both the
MWG and the MALA updates are reported separately. It is still reassuring to observe
that the achieved acceptance rates are close to the target values of 0.44 and 0.57. The
MCSE expressed as a percentage of the SDs is again between 5–10%. This should be
sufficient for accurate results, but to verify that the accuracy of the posterior estimates
improves with additional MCMC draws, let’s rerun the model with 100,000 posterior
draws before interpreting the results.
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5.3 Example 3

. garbage_mixl y, rand(speed convenience confidence) id(resp_id) group(group)
> mcmc(100000)
The user interface will freeze during C++ model estimation; please do not close
> Stata!
Achieved MwG acceptance rates (n=242 resp)
min = 0.41
ave = 0.43
max = 0.45
Achieved MALA acceptance rates (n=508 resp)
garbage class = 0.57
MIXL class min = 0.55

ave = 0.57
max = 0.60

Bayesian garbage class mixed logit number of resp = 750
number of obs = 9750
MCMC burn-in = 50000
MCMC sample = 100000

Mean Std.Dev. MCSE Median [95% Cred. Interval]

Mean
speed 3.05994 .211305 .006764 3.04963 2.67254 3.49173

convenience 5.05092 .368091 .012091 5.03297 4.38113 5.83391
confidence 10.5244 .742177 .027812 10.4757 9.20792 12.1336

SD
speed 1.63651 .199268 .008799 1.63402 1.25637 2.04053

convenience 4.05656 .355563 .012215 4.03651 3.41999 4.81836
confidence 6.32107 .563709 .026675 6.28175 5.32027 7.53663

Corr
β1-β2 -.691453 .105089 .006391 -.698139 -.873565 -.467883
β1-β3 -.279289 .125751 .006943 -.279069 -.523331 -.036835
β2-β3 -.107222 .082121 .002711 -.107767 -.267296 .053768

garbage class .343758 .007442 .000136 .344 .329333 .358667

Note: Default priors are used for model parameters

As shown, the updated output is almost identical to the previous estimation results,
but the MCSE are indeed smaller. Turning to the comparison between the garbage class
and standard MIXL results, we should first notice that the size of the garbage class in
the antibiotics dataset is approximately 34%. Accounting for respondents with random
response patterns, the MIXL mean estimates become larger (that is, further away from
zero, indicating higher average choice consistency), and the MIXL SD estimates relative
to the means become smaller (implying less heterogeneity and, more importantly, a
smaller proportion of respondents who prefer slower, less convenient, and less reliable
diagnostic tests). Moreover, the signs of the mean posterior correlation estimates have
switched and are now negative. This indicates that respondents in the MIXL class have
stronger preferences for either the test’s speed or the test’s convenience and reliabil-
ity. The reported negative correlations behaviorally make more sense than the positive
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correlations as reported by the standard panel MIXL model. Of course, the positive
correlations in the standard panel MIXL model are still correct in that they accurately
reflect the effect of pooling respondents with random and informative response patterns
in a single MIXL estimation.

5.4 Example 4

As explained in the estimation strategy section, the default bernoulli(0.5) prior im-
plies an equal prior probability of being in the garbage or MIXL class. For each respon-
dent, this accurately reflects the absence of prior information about the most likely class
assignment. However, at the sample level, this also corresponds to the prior expecta-
tion that the size of the garbage class is approximately 50%. The latter is probably
unintended because commercial survey samples commonly result in 10–25% low-quality
respondents (not 50%). Fortunately, the Bayesian estimation strategy provides a con-
venient framework to incorporate such prior expectations in the model estimation. For
example, let’s see what happens when a bernoulli(0.8) prior is specified:
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. garbage_mixl y, rand(speed convenience confidence) id(resp_id) group(group)
> mcmc(100000) bernoulli(0.8)
The user interface will freeze during C++ model estimation; please do not close
> Stata!
Achieved MwG acceptance rates (n=204 resp)
min = 0.42
ave = 0.44
max = 0.45
Achieved MALA acceptance rates (n=546 resp)
garbage class = 0.57
MIXL class min = 0.55

ave = 0.57
max = 0.59

Bayesian garbage class mixed logit number of resp = 750
number of obs = 9750
MCMC burn-in = 50000
MCMC sample = 100000

Mean Std.Dev. MCSE Median [95% Cred. Interval]

Mean
speed 2.48552 .159642 .00788 2.48196 2.17981 2.8031

convenience 3.90367 .261203 .010679 3.89665 3.41035 4.43326
confidence 7.79861 .498313 .023663 7.78262 6.87025 8.81222

SD
speed 1.27895 .152155 .006394 1.27395 .996267 1.59192

convenience 3.13892 .243284 .01061 3.13 2.69065 3.64387
confidence 4.91009 .397105 .016468 4.89282 4.17732 5.73888

Corr
β1-β2 -.700748 .111813 .005035 -.711817 -.886607 -.456652
β1-β3 -.253738 .120959 .003594 -.254727 -.488448 -.011089
β2-β3 -.014247 .076459 .001332 -.014042 -.165295 .134893

garbage class .278868 .008596 .000321 .278667 .261333 .294667

Note: Bernoulli(0.8) priors are used for MIXL class selection parameters,
default priors are used for other model parameters

As shown, specifying a bernoulli(0.8) prior reduces the size of the garbage class
to approximately 28% and reduces the size of the MIXL mean estimates. In all other
respects, the results remain similar to those obtained with the default bernoulli(0.5)
prior: The mean estimates are still larger than those in the standard MIXL model; the
MIXL SD estimates are still smaller than the MIXL means; and the correlation estimates
are still negative as opposed to positive in the standard MIXL model.

5.5 Example 5

The size of the garbage class provides a readily available estimate of the number of
low-quality respondents in a dataset. Nevertheless, there are situations where it is
convenient to be able to manually identify respondents with low data quality, such as
when performing sensitivity analyses. Thus, the posterior probability of each included
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respondent belonging to the garbage class is made available via the ereturn matrix
pr_gar. This matrix can, after performing a garbage class MIXL estimation, be inspected
using the matrix list command:

. matrix list e(pr_gar)
e(pr_gar)[750,2]

pr_gar resp_id
r1 .88398 1
r2 .69107 2
r3 .00020 3
r4 .00089 4
r5 .99249 5
(output omitted )

r750 .00011 750

The listed matrix corresponds to the garbage class MIXL model estimates from the
previous example, and the provided class membership probabilities can be used to selec-
tively exclude respondents from the dataset. For instance, let’s observe what happens
when respondents with garbage class membership probabilities ≥ 0.5 are removed from
the sample and a standard panel MIXL model is fit on the subsample of respondents
with acceptable data quality:

. local todrop

. forvalues i = 1/750 {
2. if e(pr_gar)[`i',1]>= 0.5 {
3. local id = e(pr_gar)[`i',2]
4. local todrop `todrop' `id'
5. }
6. }

. foreach id of local todrop {
2. quietly drop if resp_id == `id'
3. }
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. garbage_mixl y, rand(speed convenience confidence) id(resp_id) group(group)
> nogarbage
The user interface will freeze during C++ model estimation; please do not close
> Stata!
Achieved MALA acceptance rates
min = 0.55
ave = 0.57
max = 0.58

Bayesian mixed logit number of resp = 540
number of obs = 7020
MCMC burn-in = 50000
MCMC sample = 50000

Mean Std.Dev. MCSE Median [95% Cred. Interval]

Mean
speed 2.60953 .143569 .008224 2.60447 2.34368 2.9059

convenience 4.07655 .22953 .009973 4.07106 3.63958 4.5431
confidence 8.08725 .403154 .015271 8.07446 7.33297 8.91465

SD
speed 1.39362 .138421 .008743 1.39099 1.1325 1.67663

convenience 3.23828 .227796 .008453 3.23003 2.81223 3.70924
confidence 4.94545 .352829 .011172 4.93254 4.28186 5.67404

Corr
β1-β2 -.718868 .093876 .005309 -.724432 -.883555 -.521713
β1-β3 -.324602 .114345 .007036 -.326473 -.543816 -.09564
β2-β3 -.058956 .075735 .001137 -.059481 -.206796 .089862

Note: Default priors are used for model parameters

As shown, the standard panel MIXL estimates are based on a subset of 540 respon-
dents. Consequently, 28% of respondents are excluded, which roughly corresponds to
the size of the garbage class in example 4. The parameter estimates are also very sim-
ilar to the garbage class MIXL estimates from example 4. Conversely, the estimates
markedly differ from the standard panel MIXL estimates presented in example 1, which
were based on the full sample of 750 respondents.

6 Comparisons
To conclude the description of the garbage_mixl command, tables 1 and 2 provide
a comparison of the standard and garbage MIXL model estimates as produced by the
garbage_mixl command with estimation results obtained from the general-purpose
JAGS software (Plummer 2007). In addition, table 1 provides comparisons with the other
panel MIXL estimators that are available in Stata, that is, the default cmxtmixlogit
as well as community-contributed mixlogit (Hole 2007) and bayesmixedlogit (Baker
2014) commands. All estimations were performed using Stata/MP 16.1 for Windows
(x86-64) on a PC with an AMD 3950 CPU with default priors and default estimation
settings for a panel MIXL model with correlated random parameters. Two changes to
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the default estimation settings were made—one for the mixlogit command, for which
the default 50 Halton draws were deemed very inadequate (1,000 Halton draws were
used instead), and one for the bayesmixedlogit command, for which the same number
of draws as in JAGS and the garbage_mixl command was specified. Note that JAGS
model code is provided in the online supplemental and that MCMC summary statistics
for JAGS and bayesmixedlogit were created using the R-CODA package (Plummer et al.
2006).

As shown, all commands provide similar panel MIXL estimates with the main differ-
ence being the required run time of the command (table 1). In addition, the command
garbage_mixl and JAGS software provide nearly identical results that are within Monte
Carlo sampling precision (tables 1 and 2). This is as expected given the identical priors,
large burn-in, and many posterior samples and is used as a test case to confirm that the
garbage_mixl command provides correct results.
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Table 2. Garbage class MIXL estimates

garbage_mixl JAGS
(50k burn + 100k MCMC) (50k burn + 100k MCMC)
Coef. Std. dev. MCSE Coef. Std. dev. MCSE

Speed (mean) 3.06 0.21 0.0068 3.07 0.22 0.0181
Convenience (mean) 5.05 0.37 0.0121 5.04 0.37 0.0245
Confidence (mean) 10.5 0.74 0.0278 10.5 0.75 0.0567
Speed (SD) 1.64 0.20 0.0088 1.65 0.19 0.0133
Convenience (SD) 4.06 0.36 0.0122 4.01 0.35 0.0216
Confidence (SD) 6.32 0.56 0.0267 6.33 0.56 0.0309
Garbage class share 0.34 0.01 0.0001 0.34 0.01 0.0003
Estimation time 1 min 56 sec 24 min 31 sec

7 Conclusions
The garbage class MIXL model was designed to produce standard panel MIXL prefer-
ence estimates that are automatically corrected for the impact of survey respondents
with low-quality response patterns, such as flatlining and random responses, and pro-
vide an objective measure of data quality in discrete choice experiments. As shown in
the provided examples, the inclusion of garbage respondents in standard panel MIXL
estimations can have a substantial impact on the MIXL model estimates and result in
substantively different conclusions about respondents’ preferences in a discrete choice
experiment. Thus, the garbage_mixl estimation command presents a valuable addition
to the already available MIXL model estimation commands in Stata.

One of the major benefits of the garbage_mixl command is its computational effi-
ciency and robust performance, particularly for MIXL models with more random param-
eters. Another attractive feature is the implemented Laplace approximation optimiza-
tion, which produces accurate initial values for the MCMC update algorithms within a
few seconds. Moreover, the garbage_mixl command can fit standard panel MIXL mod-
els without a garbage class, which is convenient because the command is substantially
faster than other estimation commands that can fit panel MIXL models in Stata.

The increased performance does come at a cost: The command requires an equal
number of choice options per choice task, has fewer customization options, and, being
based on Stata’s C++ plugin functionality, the user interface cannot provide real-time
information on the progress of the model estimation. In addition, to guarantee that
there is enough information for each respondent and ensure that the respondent-specific
garbage class-selection parameters are not entirely dictated by the Bernoulli priors,
the garbage_mixl command requires at least as many choice tasks per respondent as
random parameters when fitting a garbage class MIXL model. This restriction is not
imposed for standard panel MIXL model estimations.
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9 Programs and supplemental material
To install the software files as they existed at the time of publication of this article,
type

. net sj 24-3

. net install st0753 (to install program files, if available)

. net get st0753 (to install ancillary files, if available)
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