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Abstract. I present the bireprob command, which fits a bivariate random-effects
probit model. bireprob enables a researcher to estimate two (seemingly unrelated)
nonlinear processes and to control for interrelations between their unobservables.
The estimator uses quasirandom numbers (Halton draws) and maximum simulated
likelihood to estimate the correlation between the error terms of both processes.
The application of bireprob is illustrated in two examples: the first one uses
artificial data, and the second one uses real data. Finally, in a simulation, the per-
formance of the estimator is tested and compared with the official Stata command
xtprobit.

Keywords: st0426, bireprob, bivariate random-effects probit, maximum simulated
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1 Introduction

When modeling a process (for example, the risk of becoming unemployed at a certain
time point), one must distinguish between two types of error terms: an individual-
specific time-invariant error term and a time-specific shock. When applying a random-
effects estimator, one assumes that the persistent unobservable difference between the in-
dividuals is normally distributed. Two (seemingly unrelated) processes might be linked
with each other by the correlation of their unobservables. For instance, an individual
who is more likely to become unemployed (because of constraints in his or her ability,
for example) might also be more likely to live in a poor household, and the differences
between the individuals might be persistent over time. On the other hand, a time-
specific shock that increases the risk of becoming unemployed might also increase the
risk of becoming poor.*

In the past years, the number of journal articles accounting for correlation in the
unobservables between two (seemingly unrelated) nonlinear processes has increased no-
ticeably. Alessie, Hochguertel, and van Soest (2004) investigate the ownership dynam-
ics of stocks and mutual funds; Devicienti and Poggi (2011) investigate the interrela-
tion between poverty and social exclusion; Biewen (2009) and Ayllén (2015) investi-
gate the dynamic relationship between unemployment and poverty; Stewart (2007) and
Knabe and Plum (2013) investigate the interrelation between unemployment and low-
pay; Miranda (2011) investigate the relationship between education and migration in

1. In example 2, I show that the bireprob command can be applied to any two-level equation system.

© 2016 StataCorp LP st0426



http://crossmark.crossref.org/dialog/?doi=10.1177%2F1536867X1601600111&domain=pdf&date_stamp=2016-03-01

A. Plum 97

Mexico; Clark and Etilé (2006) investigate the spousal correlation in smoking behav-
ior and Haan and Myck (2009) investigate the interrelation between poor health and
unemployment.

To analyze the relationship between two (seemingly unrelated) nonlinear processes
in Stata, one can use Hole’s (2007) mixlogit command. However, mixlogit does not
account for correlation in the time-specific shocks between two processes. In general, this
is not possible for multilevel logistic regressions. Another possibility is shown by Ayllén
(2014), who uses the statistical tool aML with Stata. aML is a multilevel multiprocessor
estimator that estimates the correlation of random-effects error terms for various levels
and different models. It is not restricted to a two-equation system. However, data need
to be prepared carefully. With bireprob, a user-friendly estimator is presented that
estimates two (seemingly unrelated) nonlinear processes and accounts for the correlation
in the time-specific and individual-specific error terms.

The remainder of this article is structured as follows: Section 2 presents the bivariate
random-effects probit model. Section 3 explains why quasirandom numbers (Halton
draws) are used for simulation. Section 4 introduces the command bireprob. Sections 5
and 6 present examples of the application of the bireprob command. Section 7 shows
the performance of bireprob in a simulation. The last section concludes.

2 The bivariate random-effects probit model

Assume that the observed binary outcome variables y1;; and yo; are defined by the
following latent-response models:

Y1t = 1 (21,81 + viie > 0)
Yoir = 1 (29,82 + vai > 0)

The subscript ¢ refers to the panel variable (for example, individual or firm) with i =
1,..., N and t identifies the time point (for example, month or year) with t =1,...,T.
The dependent variable yp;; is explained by the explanatory variables x1;, and the
dependent variable ys;; is explained by the explanatory variables xs;. Furthermore,
vj;i¢ refer to the process-specific error terms with j € (1,2). It is assumed that vj;
consists of an individual-specific time-invariant error term a;; and of a time-specific
idiosyncratic shock wji:; thus v = oy + s

yrir = 1 (21,81 + a1; + upie > 0)
Yot = 1 (x5 B2 + ag; + ugi > 0)

Because of normalization of the error terms, it is assumed that the individual-specific
time-constant error terms are normally distributed, a; ~ (0,03”_)7 and that the id-
iosyncratic shocks are standard normally distributed, u; ~ (0,1). The ratio of the
time-constant individual-specific error term and composite error term is

2
O,
2

Z

Aj = corr(Vjst, Vjis) =
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for t # 5.2 Furthermore, it is assumed that both processes are interrelated by the
correlation of their error terms:

Pal0010ay +pu ifs=t
Pa0ay0asy if s £t

Corr(Vlit7V2is) = {

The individual likelihood function is the product of the joint probability of the observed
binary outcome variable {P;(a1,a2)} and the joint density of the random-effects error
terms { fo(a1, a2 pa )},

Li:/ / Pi(ay, az) fa(our, ag; pro )dagdag
[e5] a9

with p, referring to the covariance of the random-effects error terms (fto = paGay Tas)-
Because it is assumed that the joint density of the random-effects error terms follows
a bivariate normal distribution, the joint probability of the observed binary outcome
variables is

Py, a2) = @o {ky (27481 + a1i) , ko (@b, 82 + o) , kikapy }

kj:{l if y; =1

with

—1 else

5[] is the bivariate normal cumulative distribution function. In general, the bivariate
normal cumulative distribution function takes the following form (Greene 2012),

o Xy
‘132(551,9527/%):/ / $2(21, 22, pu)dzidze

with the density

o(—1/2) (3 03— 2puz122) /(1-p2)

2m(1 - P2

(b?(ajlax%pu) =

The sample likelihood now takes the following form:

=11/ /

However, (1) cannot be solved analytically; therefore, the random-effects error terms
must be integrated out. Strategies such as applying (adaptive) Gaussian quadrature
or simulation belong to the most common approaches. For simulation, draws from
random numbers are needed to simulate the bivariate normal distribution of the random-
effects error terms. R uniformly distributed random draws r; on the interval [0,1) are

T
Rt(al,az)} fa(o, a2; pio)dagdas (1)
1

2. Note that in xtprobit, this ratio is labeled by p, whereas p refers in this model to the correlation
of the error terms.
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taken and then transformed by the inverse cumulative standard normal distribution
af = ®!(r;) (see figure 1). Thereafter, the Cholesky decomposition of the variance—
covariance matrix of the bivariate normal distribution X, = CC”, with C being a lower
triangular matrix, is integrated into the routine and updated during each iteration. The

maximum simulated likelihood (MSL) is

I
MSL:HRZ{ Pit(alaag)}
i=1 r=1 (t=1

The link between the transformed initial draws and the bivariate normally distributed
numbers is

T ~r
Q] = 0q,0q

T o__ ~r 2T
Ay = OayPalty + Oay V1 — pL0

Because random numbers for the simulation are needed, quasirandom numbers are
applied. Quasirandom numbers are based on prime numbers and are also called Halton
draws. In section 3, I briefly introduce Halton draws and explain why they are applied
instead of pseudorandom numbers.

4
1

2
!

Transformation of the random number by the
inverse cumulative standard normal distribution
-2 0
1 1

-4
1

T T
0 2 4 .6 .8 1
Random number

Figure 1. Transformation of the random number

3 Halton draws

Stata offers two possibilities for generating uniformly distributed random numbers. One
possibility is to generate pseudorandom numbers by using the runiform() function. An-
other possibility is to generate quasirandom numbers such as Halton draws, which can
be generated by using the mdraws command (Cappellari and Jenkins 2006). Halton
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draws are based on prime numbers and are often applied in the context of simulated
maximum likelihood.? The advantage of Halton draws is that, compared with pseudo-
random numbers, they have certain characteristics that make them more appropriate
in the context of MSL:

1. They exhibit better coverage of the normal distribution, especially in the case of
low numbers of observations (see figure 2).
2. Negatively correlated draws help to minimize the variance of the MSL maximand

(Train 2009).

Therefore, for simulating bivariate normal distributions of the random-effects error
terms, the bireprob estimator uses Halton draws.
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Halton draws — — — - runiform() Halton draws — — — - runiform()
Number of observations: 100. Seed: 100202. Number of observations: 250. Seed: 100202.
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Halton draws — — — - runiform() ‘ Halton draws — — — - runiform()
Number of observations: 500. Seed: 100202. Number of observations: 1000. Seed: 100202.

Figure 2. Coverage of different random-number generators

4 The bireprob command

The bireprob command fits a bivariate random-effects probit model that considers
correlation in the random-effects error terms and in the idiosyncratic shocks. Note

3. For example, mixlogit (Hole 2007), redpace (Stewart 2006), petpoisson (Miranda 2012), or the
Heckman estimator based on multivariate normal probabilities (Plum 2014).
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that the mdraws command must be installed before using bireprob. bireprob checks
whether mdraws is installed and, if it is not, will exit with a note to install the missing
package.

4.1 Syntax

bireprob depvarl indepvarsl (depvar2 indepvars2) [zf] [m] [, draws (#)

burn(#) primes(matname) from(matname) nosigma noalpha mutual }

4.2 Options

draws (#) specifies the number of Halton draws needed for the simulation of the random
effects. The default is draws (10).

burn (#) specifies the number of initial elements of the Halton sequence to be dropped
for burn in. The default is burn(15). For details, see Cappellari and Jenkins (2006).

primes (matname) specifies a 1 X 2 matrix matname containing the primes to be used
for the Halton sequences. The numbers specified must be integers. If primes() is
not specified, the following primes are used: 2 and 3.

from(matname) lowers computational time by specifying a matrix matname that con-
tains reasonable starting values for each equation. bireprob does not quietly fit a
random-effects probit model by using xtprobit.

nosigma specifies that the estimator not control for correlation in the idiosyncratic
shock.

noalpha specifies that the estimator not control for correlation in the random-effects
error terms.

mutual specifies that the two dependent variables, y; and ys, be mutually exclusive
(for instance, the three labor market positions high paid, low paid, and unemployed
[Stewart 2007]). When one applies this option, ys is considered only if y; = 0.
bireprob checks whether both dependent variables are mutually exclusive and, if
they are not, exits. When one applies this restriction, a notification will be displayed.

5 Example 1

In the first example, I use artificial data to introduce the bireprob command.

5.1 Constructing the dataset

At first, an artificial dataset that contains 500 individuals is constructed. An individual
identifier (id) is generated that is based on the consecutive number of the respective
observation; thus id = 1,...,500.
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. version 13
. local obs=500
. local per=5

. set obs “obs”
number of observations (_N) was O, now 500

. set seed 987654321

. generate id=_n

The two dependent variables, y1;+ and yo;¢, are defined in the following way:

y1ie = 1 (1.521 + a1 + w14 > 0)
yoit = 1 (=221 + 3z + ag; + ugir > 0)

The two random-effects error terms are standard normally distributed; hence, a;; €
(0,1). They are negatively correlated with p, = —0.3. The idiosyncratic shocks, which
are also standard normally distributed with u;; € (0, 1), are positively correlated with
pu = 0.5. In the next step, the random-effects error terms are generated with the help
of the drawnorm command. Note that the variance—covariance matrix must be specified
before applying drawnorm. Then, the dataset is expanded to a panel dataset with five
time periods per individual (note that the number of time periods is defined in the local

‘per’).

. matrix C = (1, -.3 \ -.3, 1)
. drawnorm rel re2, n("obs”) corr(C)

. expand “per”
(2,000 observations created)

For each individual, the time-point identifier tper is generated. Moreover, the two
explanatory variables z; and xo are generated. For defining the idiosyncratic shocks
u1;¢ and usg4;, one again applies the drawnorm command. Thereafter, the two outcome
variables are generated; they become 1 if the value exceeds 0, and 0 otherwise.

. by id, sort: generate tper=_n

. generate xl=invnormal(runiform())

. generate x2=invnormal(runiform())

. matrix C = (1, .5\ .5, 1)

. local obs="obs * per”

. drawnorm ul u2, n(obs”) corr(C)

. sort id (tper)

. by id: generate y1=(1.5*x1 + rel + ul>0)

. by id: generate y2=(-2*x1 + 3*x2 + re2 + u2>0)

5.2 Estimation

Before applying the bireprob command, one must use xtset to declare the panelvari-
able and the timevariable. In this example, the panelvariable is id, and the timevariable
is tper. The panel is strongly balanced; hence, each individual is observed for the same
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number of time points. However, bireprob is not restricted to balanced panels and can

also be applied to unbalanced panels (see section 6).

Then, the bireprob command is applied. In this application, the first dependent
variable is y1, and the explanatory variable is z1. In parentheses, the first variable indi-
cates the second dependent variable, which is yo, and x; and z2 are used as explanatory
variables. Furthermore, 50 Halton draws are chosen for the estimation (in section 5.4,

I show how the results are affected by the number of Halton draws).

. xtset id tper
panel variable:

time variable: 1 tob

id (strongly balanced)

. bireprob y1 x1 (y2 x1
Dependent variable (1st

tper,
1 unit

x2), draws(50)
equation): yi

delta:

Dependent variable (2nd equation): y2
Explanatory variables (1st equation): x1

Explanatory variables (2nd equation):

x1 x2

Estimating 1st equation with xtprobit.

Estimating 2nd equation with xtprobit.

Generating 50 Halton draws with prime

> burned in.

Estimating a bivariate random-effects

numbers 2 and 3.

probit model

15 Halton draws are

Iteration O log likelihood = -1731.9335
Iteration 1: log likelihood = -1718.5778
Iteration 2: log likelihood = -1718.5062
Iteration 3 log likelihood = -1718.5062
Bivariate Random-effects Probit Model, 50 Halton draws
Number of obs 2,500
Wald chi2(1) = 484.82
Log likelihood = -1718.5062 Prob > chi2 = 0.0000
Coef . Std. Err. z P>|z| [95% Conf. Intervall]
yi
x1 1.502347 .0682307 22.02 0.000 1.368617 1.636077
_cons -.0869098 .059284 -1.47 0.143 -.2031042 .0292847
y2
x1 -2.006314 .1310377 -15.31 0.000 -2.263143  -1.749485
x2 2.918305 .1854261 15.74 0.000 2.554876 3.281733
_cons .0454579 .0645171 0.70 0.481 -.0809933 .171909
/logitlam_1 .053315 .0696122 0.77 0.444 -.0831224 .1897524
/logitlam_2 -.0264849 .1163182 -0.23 0.820 -.2544644 .2014946
/atsiga -.2961899 .0932455 -3.18 0.001 -.4789478 -.113432
/atsigu .443295 .1044243 4.25 0.000 .2386271 .6479629
alpha_1 1.112523 .1548903 7.18 0.000 .8468388 1.461561
alpha_2 .9484087 .2206344 4.30 0.000 .6011392 1.496291
rho_alpha -.287822 .0855209 -3.37 0.001 -.4454005 -.112948
rho_sigma .4163719 .0863207 4.82 0.000 .2341986 .570297
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At the start of the estimation procedure, the bireprob command displays the de-
pendent and the independent variables of the first and of the second equation. In the
next two steps, the bireprob command quietly fits a random-effects probit model for
each equation by using xtprobit. The estimated coefficients of the explanatory vari-
ables and the variances of the random-effects error terms are used as starting values
for the bireprob command. As a starting value for p, and p,, 0 is chosen. Then, the
Halton draws are generated, in this case 50 draws per individual. Because no prime
numbers are defined, the prime numbers 2 and 3 are used. Moreover, the number of
Halton draws that should be burned in is not defined. Therefore, the default number of
initial draws dropped per dimension, 15, is used. Finally, the bivariate random-effects
probit model is fit.

Looking at the output table and comparing the coefficients with the true values,
we can see that the estimated coefficients are close to the true values. In the four last
lines, the variances of the random effects and the correlation parameters are displayed.
Referring to the variances of the random-effects error terms, 03, = 1.11 and ¢, = 0.95,
we see that both are close to 1. Furthermore, a negative correlation parameter of
the random-effects error terms is found, p, = —0.29, and a positive correlation of
the idiosyncratic shocks is found, p, = 0.42. Moreover, all estimated coefficients are
significantly different from 0 at the 1% level.

5.3 Predicted probabilities

I now show how to predict probabilities. In this example, we are interested in cal-
culating the probability that y; = 1 and y» = 1 simultaneously when x; = x5 = 1.
Before calculating the predicted probabilities, we should note that the variances of the
composite error terms are not standard normally distributed (O’?,J # 1); therefore, the

coefficients must be rescaled by ,/1/ 012,]_ (Arulampalam 1999). In general, the predicted

probabilities that y; = yo = 1 are calculated as follows:

R (1 -y (1
p=>a {(x/litﬁl) 3*317 (xIQitﬁQ) \/;, pu}

2

Note that the coefficients referring to the variance, o7, and o2 ,» are included in

the estimator as the square root of their logarithm; thus In (, /agj). The correlation
parameters, p, and p,, are included as the inverse hyperbolic tangent in the estimator
Furthermore, the variances of the idiosyncratic shocks are equal to 1; thus 02 = o2 ,TL

The predicted probabilities are calculated with the nlcom command, and the probablhty
that both dependent variables are equal to 1 given that 1 = zo = 1 is 0.67.
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. nlcom (pred: binormal(

> (([y1l_b[x1]l*1 + [y1]_b[_cons])*sqrt(1/((exp(_b[/logitlam_1]))"2+1))),
(([y2]_blx1]l*1 + [y2]_b[x2]1*1 + [y2]_b[_cons])*

> sqrt(1/((exp(_b[/logitlam_2]))"2+1))), tanh(_b[/atsigul)))

pred: binormal( (([y1]_b[x1]*1 + [y1]_b[_cons])*
> sqrt(1/((exp(_b[/logitlam_1]))"2+1))), (([y2]_b[x1]*1 +
[y2] _b[x2]*1 + [y2]_b[_cons])*sqrt(1/((exp(_b[/logitlam_2]))"~2+1))),
> tanh(_b[/atsigul))

v

v

Coef. Std. Err. z P>zl [95% Conf. Intervall

pred .6667429 .0215528 30.94 0.000 .6245003 .7089855

5.4 Sensitivity analysis

To illustrate how the number of Halton draws affects the estimation results, I repeat
the estimation with different numbers of Halton draws: I start at 25 draws and increase
the random numbers successively by an additional 5 draws until reaching 250 draws.
The effect of the number of Halton draws on the simulated log likelihood, the estimated
variances of the random effects (O’ij) and the correlation parameters (pq, py) is shown in
figure 3. We can see that the simulated log likelihood changes only slightly depending on
the number of Halton draws and that the variances ogj and the correlation parameters
Po. and p,, are also on the same level.
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Figure 3. Sensitivity analysis
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6 Example 2

In this example, I show how bireprob can be used with real data in the context of a
two-level equation system with mutually exclusive dependent variables. For the illus-
tration, data about teachers’ evaluations of pupils’ behavior are used. These data were
also used by Haan and Uhlendorff (2006) and Hole (2007).* There are three different
types of schools (tby), and the analysis focuses on whether there is some unobserved
heterogeneity between those schools. The sample comprises 48 schools (scy3) and 1,313
pupils. The school is the panel variable, and the pupils are treated as the time variable.

. use jspmix, clear

. tabulate tby, gen(y)

tby Freq. Percent Cum.

1 329 25.06 25.06

2 678 51.64 76.69

3 306 23.31 100.00
Total 1,313 100.00

. by scy3, sort: generate tper=_n

. Xtset scy3 tper
panel variable: scy3 (unbalanced)
time variable: tper, 1 to 85
delta: 1 unit

Because each student can be at only one type of school, this variable is mutually
exclusive. If y; = 1, the pupil is attending a school of the first category. If y; = 0
and yo = 1, the pupil is attending a school of the second category. If y; = yo = 0, the
pupil is attending a school of the third category. Therefore, when applying bireprob,
we choose the mutual option to indicate that o is considered only if y; = 0. For the
estimation, we take 50 Halton draws. Furthermore, we control for correlation only in
the random effects. Thus we use the nosigma option. Following Haan and Uhlendorft
(2006) and Hole (2007), we take a single explanatory variable: the gender of the pupil,
sex.

4. In both articles, multinomial logistic regressions are applied.
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. bireprob y1 sex (y2 sex), mutual nosigma draws(50)
(output omitted )

Bivariate Random-effects Probit Model, 50 Halton draws

Number of obs = 1,313
Wald chi2(1) = 26.53
Log likelihood = -1300.332 Prob > chi2 = 0.0000
Coef. Std. Err. z P>zl [95% Conf. Intervall

yi
sex -.4173062 .081013 -5.15 0.000 -.5760886 -.2585237
_cons -.5215657 .0840545 -6.21 0.000 -.6863096 -.3568219

y2
sex -.3295871 .0867177 -3.80 0.000 -.4995506  -.1596237
_cons .7069166 .0740025 9.55 0.000 .5618744 .8519588
/logitlam_1 -.8405676 .1689955 -4.97  0.000 -1.171793  -.5093425
/logitlam_2 -1.573497 .3180058 -4.95 0.000 -2.196777 -.950217
/atsiga .5123391 .3707035 1.38 0.167 -.2142265 1.238905
alpha_1 .1861625 .0629213 2.96 0.003 .0959829 .3610694
alpha_2 .0429811 .0273365 1.57 0.116 .0123567 .1495037
rho_alpha .4717657 .2881987 1.64 0.102 -.2110084 .8451429

The results indicate that there is some evidence for correlation in the random effects;
however, p,, is not significantly different from 0 at the 10% level.

7 Simulation

Finally, I test the performance of bireprob by a simulation and compare the results with
those of xtprobit. Again I use artificial data. To emphasize the necessity to control
for correlation in the unobservables, I choose a dynamic model in which the current
outcome depends on the outcome in the previous period. In the economic literature,
an often-examined example is state dependence in unemployment (among others, see
Arulampalam, Booth, and Taylor [2000]). Furthermore, the current outcome depends
on the past outcome of the second dependent variable and vice versa. For example, while
the first dependent variable is unemployment, the second dependent variable could be
bad health. Past unemployment could significantly increase the risk of suffering from
bad health. The same is true in the opposite direction: bad health not only increases
one’s risk of being affected by bad health in the future but also makes it more likely for
one to become unemployed. In the simulation, the underlying model takes the following
structure:”

yrit = 1 (1yrie—1 — 1y24e—1 + o1 + w14 > 0)
yoit = 1 (1y2ie—1 — 1y1ie—1 + @i + u2i > 0)

Both random-effects error terms are standard normally distributed and positively cor-
related with p, = 0.7. Not controlling for correlation in the random effects would lead

5. The respective do-file can be found in the supplement.
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to an overestimation of the variances of the random effects and to an underestimation
of the lagged dependent variables’ coefficients.

The artificial dataset consists of 500 individuals observed for 5 subsequent time
points. Therefore, the panel is strongly balanced. The outcome in the initial period
is randomly assigned; thus we do not have to control for the “initial conditions prob-
lem” (Heckman 1981). The above equation system is estimated in total 100 times by
xtprobit and by bireprob® (with 100 Halton draws). In each round, a new random
draw of the distribution of the random effects and the idiosyncratic shocks is generated.
The mean over all 100 estimations of the coefficients and the standard errors can be
found in table 1. The first column of table 1 shows that when one does not control for
correlated random effects, the coefficients are on a much lower level in absolute terms.
However, when one does control for correlated random effects, the coefficients are much
closer to the true value.

Table 1. Simulation results

Coeflicients xtprobit bireprob!

Coefficient Standard Coefficient Standard
error error

Y1

Ylit—1 0.935***  0.063 1.011 0.062

Y2it—1 —0.804***  0.067 —1.000 0.070

Y2

Yrit—1 —0.802***  0.067 —0.997 0.070

Y2it—1 0.937**  0.063 1.011* 0.062

o2, 1.123%** 1.001

02, 1.133** 1.010

Pa — 0.697

Observations 100 100

Log likelihood —2451.452 —2410.959

" 100 Halton draws with prime numbers 2 and 3.
" Coefficient statistically significantly different from the true value
at the 0.10 level; ** at the 0.05 level; *** at the 0.01 level.

We can also conclude this when comparing the distribution of the coefficients in
figure 4 (the solid vertical line refers to the true value). Furthermore, note that the
variances of the random effects are greater in the first model than when controlling
for the correlation between the random effects. Moreover, whether the means of the
coefficients and the variances are significantly different from the true values is tested.
Referring to the xtprobit model, we see that every coeflicient and variance is signifi-
cantly different from the true value at the 1% level. However, in the bireprob model,

6. It is not controlled for correlation in the idiosyncratic shocks.
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only the lagged dependent yo;:—1 of the second equation is significantly different from
the true value at the 10% level. For the remaining estimated coefficients and variances,
no significant difference from the true value is detected.
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Figure 4. Distribution of the estimated coefficients

8 Conclusion

In this article, I presented the bireprob command. bireprob fits a bivariate random-
effects probit model and allows one to control for correlation in the random-effects
error terms and in the idiosyncratic shocks. The advantage of this estimator is that
compared with existing estimators, such as mixlogit or aML, it requires no specific
data preparation. After presenting the command and its options, I gave two examples
and a simulation: the first example is based on artificial data, and the second example
on real data. The simulation showed that not controlling for correlation in the random
effects might cause biased estimation results. An open research task remains in lowering
computational time.
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