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Abstract: Misclassification of a binary response variable and nonrandom sample selection are data
issues frequently encountered by empirical researchers. For cases in which both issues feature
simultaneously in a data set, we formulate a sample selection model for a misclassified binary outcome
in which the conditional probabilities of misclassification are allowed to depend on covariates.
Assuming the availability of validation data, the pseudo-maximum likelihood technique can be
used to estimate the model. The performance of the estimator accounting for misclassification and
sample selection is compared to that of estimators offering partial corrections. An empirical example
illustrates the proposed framework.

Keywords: bivariate probit; misclassification; sample selection; lifetime migration

1. Introduction

Misclassification (or miscategorization) of a binary response variable and nonrandom
sample selection are data issues frequently encountered by empirical researchers. It is by
now well-known that errors in binary variables cannot be classical and thus lead to bias
(see, for example, Hausman et al. 1998; Meyer and Mittag 2017). Additionally, regressions
estimated on selected samples do not in general estimate the population parameters of
interest (Heckman 1974, 1979). While there are methods for estimating models of mis-
classified binary responses (surveyed in Meyer and Mittag 2017), as a rule they assume
the availability of a random sample. Likewise, the majority of the literature dealing with
sample selection bias (surveyed in Vella 1998) assumes that the response variable of interest
is measured accurately.

For cases in which misclassification of a binary response variable and nonrandom sam-
ple selection feature simultaneously in a data set, Arezzo and Guagnano (2019) formulated
a model in which the probabilities of misclassification depend on the true values of the
binary response but are otherwise independent of the covariates. In many cases, however,
the assumption of conditionally random misclassification does not hold. Examples include
classification errors varying across demographic groups or economic conditions in survey
reports of unemployment status, participation in welfare programs, voter turnout, and
debt repayment status (Levine 1993; Poterba and Summers 1995; Bollinger and David 1997,
2001; Bound et al. 2001; Davern et al. 2009; Katz and Katz 2010; Aller and Chapela 2013).
Applying an estimator that assumes misclassification to be conditionally random when
this assumption is false yields biased estimates, sometimes even more so than estimators
that do not correct for misclassification (Meyer and Mittag 2017).

This paper generalizes Arezzo and Guagnano’s (2019) formulation by allowing the
misclassification probabilities to depend on covariates. When misclassification is not con-
ditionally random, one can still obtain consistent estimates if validation data or a model
of misclassification are available. Assuming the availability of validation data (or other
out-of-sample information), a two-step approach can be used to estimate the parameters of
interest (Bollinger and David 1997). In the first step, the misclassification probabilities are
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predicted for specific subgroups from cross-tabulations or models of misclassification run
on validation data. Second, the predicted probabilities of misclassification are incorporated
into a model of a mismeasured binary response variable estimated on the observed data by
the method of (pseudo-)maximum likelihood (ML) (e.g., Gourieroux et al. 1984). To this
“predicted probabilities estimator” (PPE) (Meyer and Mittag 2017), we add the property
that estimation in the second step can be conducted on a nonrandomly selected sample. If
validation data are not available, then a model of misclassification dependent on covari-
ates (or other observables) is needed (e.g., Aller and Chapela 2013). This model can be
incorporated into the formulation developed by Arezzo and Guagnano (2019).

The sample selection mechanism considered in this paper is of the probit type. This
setup applies to problems where units can be randomly drawn from the population, but
due to some variables taking on particular values (incidental truncation) or unit/item
nonresponse, we have missing data on the binary outcome of interest. For choice-based
samples, Ramalho (2002) developed an estimator for a miscategorized discrete response
variable under the assumption of conditionally random misclassification. Extending Ra-
malho’s (2002) estimator to the case where misclassification is related to the covariates is
left for future research.

Our model specification is based on the sample selection model introduced by Heck-
man (1974) under the assumption of bivariate normality between the outcome of interest
and the selection propensity. Van de Ven and Praag (1981) and Dubin and Rivers (1989)
extended Heckman’s framework to deal with binary outcomes. For a misclassified bi-
nary outcome observed in a panel survey, Bollinger and David (2001) developed a model
dealing with survey participation missed at random and misclassification dependent on
covariates. Similarly, Katz and Katz’s (2010) Bayesian procedure can account for data
missed at random and covariate-related misclassification. On the other hand, Arezzo and
Guagnano’s (2019) model accounts for nonrandom selection but assumes conditionally
random misclassification.

The rest of the paper is organized as follows. Section 2 formulates a bivariate probit
model dealing with nonrandom sample selection and conditionally nonrandom misclassifi-
cation and develops the proposed PPE. The finite-sample performance of the proposed and
other related estimators is evaluated through simulation in Section 3. Section 4 contains
an empirical application to a model of lifetime migration. Section 5 concludes the paper.
Appendix A presents the technical material.

2. Model Specification

We start by specifying the probit model with sample selection of Van de Ven and
Praag (1981). Then, we adapt it to manage covariate-related misclassification in the binary
outcome of interest.

The probit model with sample selection can be written as

yl =1[X"1iB1 +¢1; > 0] (1)

si = 1[X'2iB2 + €2; > 0] )

where 1[-] is the indicator function, X;; and Xj; are vectors of observed regressors, f1 and
B2 are unknown vectors of parameters, and ¢1; and ¢y; are error terms from a bivariate

normal distribution
€1 0 1 1Y
(821> NZ{(O)'<P 1>} ®

and independent of X; = (X'1;, X'5;)". The binary outcome y] is observed only when
s; = 1. A sample selection bias arises when p # 0 and probit is used to estimate ;1 in (1).
Identification of 8 = (B';, 8,)’ is assured whenever X; includes at least one variable that
is not also in Xj;.
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When y! is observed, the density of (y!,s;) is given by

P(yiT =yl,s = 1) = Dy (w1, X'2iB2, p}) = P(]/iT = ]/T’Si = 1)‘1’(?{/2{[32) 4)

where ®(-) and ®,(-) are the cdf of the standard and bivariate normal distributions,
respectively. In expression (4), the first equality is written using notation adapted from
Greene (2003): wy; = q1;X"1iB1, q1i = ZyiT —1,and p; = g1;0. The second equality (utilized
below) is the multiplication rule of probabilities. When y! is not observed, the density is
simply

P(s; = 0) = (—X"5p2) )

so the log-likelihood function for a sample of size N is

N
1(B,p) = Y _{siln®s(wy;, X'2iB2, 07 ) + (1 — ;) In®(—X'5;B2) }- (6)
i1

The estimator of (B, p) obtained by maximizing (6) is called Heckprobit (StataCorp 2019).
Now, let us suppose y! may be mismeasured, that is, a true 1 may be misclassified as
a 0 and a true 0 may be misclassified as a 1. We let y; denote the mismeasured outcome
indicator, which is observed only when s; = 1.
Although we are interested in the probabilities of misclassification in the selected sam-
ple, if the selection mechanism is not operating in the validation data, only the probabilities
of misclassification in the population can be calculated. To handle this case, we assume

P(%’ =1s; =1Ly} :0) = P(J/z‘ =1y} :0) = g ?)

P(%‘ =0ls; =1y = 1) = P(}/z’ =0y} = 1) = ay;. 8)

In these expressions, the first equality means that misclassification is conditionally
independent from sample selection, or in other words that the misclassification mechanism
operating in the population operates in the selected sample as well. The second equality
defines what are usually called the conditional probabilities of misclassification, where
conditional here refers to the true response. Overall, expressions (7) and (8) allow the
conditional probabilities of misclassification in the selected sample to be calculated from
validation data even if these data are not affected by selection.

The total probability theorem is used to derive the conditional (on selection) probability
of an observed mismeasured outcome:

P(yi=vylsi =1) = yio; + (1 —y;)aq; + (1 — ag; — ali)P(yiT = yT 5i = 1)' ©)

The log-likelihood function based on observations (y;, s;) is

10,6.0) = & (s In[P(y; = yls; = DO(Xzf2)] + (1 - 5) In®(~ X))

siIn[(yinoi + (1 — i) a1 ) D(X'2iB2) + (1 — api — a1;) P2 (w1, X'2iB2, 0} ) ] (10)
+(1—=5;) In®@(—X'5;B7)

=z

1

where «a is the vector with (ag;, a1;),i=1, ... ,N, and the second equality follows from (9)
and the second equality in (4).

The estimation framework provided by expression (10) encompasses several models
that correct for misclassification and/or sample selection. When the binary outcome of
interest is correctly classified, that is, ay; = a1; = 0, then (10) collapses to (6). When «;
and «y; are constants, that is, vg; = ag and a1; = a4, then (10) becomes the log-likelihood
function of Arezzo and Guagnano (2019). When P(s; = 1) = 1, then (10) conforms to the
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log-likelihood function of a probit model accounting for misclassification (e.g., Meyer and
Mittag 2017):

N
(o, B1) = Y_{In[(yiao; + (1 — yi)aq;) + (1 — g — av1;) D (wy;)] }- (11)

i=1

In expression (10), the unknown parameters («, B, p) are unidentified as there are
2N + dim(B) + 1 parameters. Assuming the availability of validation data (or other out-
of-sample information), Bollinger and David’s (1997) two-step procedure can be used to
estimate (B, p). First, the conditional probabilities of misclassification are predicted from
cross-tabulations or models of classification errors run on validation data. The prediction
step does not require access to the validation data themselves and may be conducted by
other researchers with direct access to the data. Second, after replacing «y; and ay; in (10)
with their estimates, the resulting expression is maximized with respect to f and p. If ap; and
w1; are consistently estimated, this PPE of (B, p) is consistent and asymptotically efficient.
Standard errors need to be adjusted for the estimation of the conditional probabilities of
misclassification unless these probabilities are precisely estimated or assumed to be known.
Bollinger and David (1997) provided the formula for the asymptotic variance matrix. The
bootstrap can also be used.

Function (10) is not globally concave in (8, p), and since estimators corresponding
to local maxima may have no useful properties, a number of steps are taken to increase
the chance that the maximum obtained is global.! Maximizations are conducted using the
Newton—-Raphson algorithm combined with the steepest ascent, providing the maximiza-
tion routine analytical first and second derivatives of (10).% Probit estimates of the selection
Equation (2), 5P, provide the initial values for B, and are also utilized to calculate the
inverse Mills ratio for the n observations with data available on y;:

)A\' B 47(X/2i,BgrObit)

=———= £  i=1,...,n 12
t (D(X/Ziﬁlz)mblt) (12)

where ¢ is the standard normal pdf. Initial values for 8; and p were obtained from
Heckman’s (1979) two-step method applied to the linear probability model (LPM)

Pyl =1]si =1) = X1BEM + B, (13)

augmented with misclassification:
P(yi =1lsi = 1) = ag; + (1 — ao; — 1) (X/Uﬁ%PM + ﬁ)\;\i)- (14)

After replacing ag; and a1; with their estimates, Equation (14) is estimated by ordinary
least squares without an intercept and constraining the coefficient of a(; to unity. The initial
value of B is ﬁ%P M x 2.5,% while that of p is

A~LPM B/\
— PA 1

1Y 5 (15)

where . b
52 _ Eet BLing Wi (16)

n

= A (A + X, pErobit 17
Wi = A4 z+ 21/32 ( )

and ¢’e is the sum of squared residuals of regression (14) (Cameron and Trivedi 2005, p. 550).
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3. Monte Carlo Study

This section reports the results of a Monte Carlo study designed to investigate the
properties of the estimator proposed above and of other related estimators in situations
characterized by different models of misclassification, probabilities of selection, and corre-
lation between ¢1; and €;;. We used the data generating process considered in Arezzo and
Guagnano (2019):

yl = 1[B1o + B Xu1i + P12 X12i + P13 Xazi + €1; > O] (18)
S; = 1[,820 + 0.8X51; — 0.5X0y; + €9; > O] (19)

where X11~.., X7 is a dummy variable equal to one with probability of 1/3, X13~U(0,1),
X1 and Xy, are standard normal variates, and the parameters (B1o, f11, B12, B13) are
set equal to (—1, 0.2, 1.5, —0.6), respectively. The parameter By is set alternatively at
{0.5, 2.18}, producing a moderate or a low amount of incidental truncation in the data
(about 35% and 5%, respectively). The value of p is set alternatively at {0.2, 0.8}.

Three models of misclassification were considered. Misclassification Model 1 (MM1)
is conditionally random misclassification with xp; = 0.05 and «4; = 0.20. Misclassification
Models 2 and 3 (MM2 and MM3) allow ag; and a1; to depend on covariates. In MM2, the
values taken by «g; and aq; are listed in Table 1, where the first (second) entry in a cell
with numerical entries gives «y; (x1;). MM2 represents a case in which the conditional
probabilities of misclassification are calculated from tabulations of validation data or other
out of sample information, as in, for example, Levine (1993) and Poterba and Summers
(1995). The values of ag; and ay; given in Table 1 ensure that the average probability of false
positives (false negatives) is 0.05 (0.20).

Table 1. Misclassification probabilities in Misclassification Model 2.

X11 Values X1, Values
X1 =0 Xp=1
X1 <1 0.06, 0.20 0.08,0.16
X > 1 0.03,0.18 0.04, 0.28

MM3 has ag; and ay; predicted from probit models of classification errors run on
validation data:
Ko = @(—15 — 0.1X111‘ — 0.1X12,‘) (20)

K1 — @(—05 - 0.2X111’ - 0-3X12i) (21)

as in, for example, Bollinger and David (1997). The values of the parameters in expressions
(20) and (21) ensure that the average probability of false positives (false negatives) is close
to 0.05 (0.20). Note that in any of these three models of misclassification, ap; + a1; < 1 Vi,
implying that the outcome of interest is not so mismeasured that its analysis should
probably be abandoned (Hausman et al. 1998).

Seven estimators were compared in the Monte Carlo study.4 Probit of y; on Xj; run
on the selected sample corrects neither for misclassification nor for sample selection. The
estimators called HAS-Probit in Meyer and Mittag (2017) and the one we denote PP-Probit
correct for misclassification only. Following Hausman et al. (1998), HAS-Probit assumes
that ap; = g and a1; = ay, so ag, a1, and Bq can be estimated by maximizing (11) on
the selected sample. PP-Probit maximizes (11) with respect to 81 on the selected sample
after replacing wg; and a; with &; and #1; estimated in the first step. The fourth estimator,
Heckprobit, corrects for sample selection only.

The other three estimators can correct for misclassification and sample selection. The
estimators developed in Arezzo and Guagnano (2019) and this paper are denoted HAS-
Heckprobitl and PP-Heckprobit, respectively. HAS-Heckprobit2 is a modification of the
former, allowing the misclassification probabilities to depend on Xj; and Xj; as specified
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in Table 1. If r = {1,2} and ¢ = {1,2} are sets of indices for the rows and columns
with numerical entries of Table 1, the conditional probability of an observed mismeasured
outcome for an individual with values of X;1 and X, corresponding to the cell 7,c is

P(Wire = ylsi = 1) = it + (1 = )i + (1 —aff — )Py = y"|si = 1). (@2

Thus, the log-likelihood based on observations (¥, s;) can be written as

(yirc“(r)c + (1 - yirc)‘xgc)(D(XIZi.BZ)
+ (1 — aff — a5°) Do (wrire, X'2iP2, ) . (23)
+(1 - Si) In CD(—X’mﬁz)

N

lwB.p) =),

i=1

s;In

HAS-Heckprobit2 maximizes (23) over ((a, ;%) B, p) (a total of 8 +7 + 1 parameters)
under the condition af” + a}° < 1 for each cell r,c.

The analysis focused on the mean bias and the standard deviation across simulations.
Bias is the relative difference between the estimate and the parameter value, averaged
across simulations. For each estimator, the results of 12 different experiments are presented,
combining three models of misclassification, two different B2, and two different p. Each
experiment consisted of 500 simulations with N = 5000.

The results of the Monte Carlo experiments for 3 and p are presented in Tables 2—4.
These tables also list the number of convergences achieved in each experiment.” As ex-
pected (e.g., Hausman et al. 1998; Meyer and Mittag 2017), Probit presented significantly
downward biased means and standard deviations. In terms of both bias and variance,
Heckprobit offered little improvement. Under MM1, correcting for misclassification greatly
reduced the bias, especially when p was small. PP-Probit tended to outperform HAS-Probit
in terms of both bias and variance, but we stacked the deck in favor of PP estimators by
using the true misclassification probabilities and by treating them as known parameters.
Under MM2 and MM3, PP-Probit performed quite well, especially when p was small.
In contrast, HAS-Probit was biased, sometimes significantly so. The bias of HAS-Probit
tended to be upward under MM2 and was not clear-cut under MM3.

Both HAS-Heckprobitl and PP-Heckprobit performed well when misclassification
was random. Under this scenario, HAS-Heckprobitl outperformed HAS-Heckprobit2,
especially when the degree of incidental truncation in the data was moderate. The use of
additional information in the form of &(; and &y; positively affected the accuracy of PP-
Heckprobit vis a vis HAS-Heckprobit estimators. Under MM2 and MM3, HAS-Heckprobitl
generally obtained worse results in terms of bias for 8; and sometimes produced substantial
convergence failures. However, it still yielded good results in terms of bias for ;. HAS-
Heckprobit2 produced many convergence failures. This estimator outperformed HAS-
Heckprobitl under MM2 (which is not surprising) and MM3, in the latter case especially
when the degree of incidental truncation in the data was moderate. In nearly all settings,
PP-Heckprobit performed markedly better than the other estimators and showed few
convergence failures. When estimation was conducted with PP-Heckprobit, the difference
between the simulations mean and the true value of the parameter was usually below 1%.
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Table 2. Monte Carlo simulation results for Misclassification Model 1.

|320 = 0.5, P =02

Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.146 0.058 —0.034 0.216 —0.081 0.080 —0.092 0.066 0.036 0.229 0.011 0260 —0.004  0.092
B —0416 0.018 0.071 0.055 0.005 0.024 —0418 0.017 0.042 0.053 0.087 0.070  —0.002  0.024
Blz —0.273 0.052  0.053 0.302 0.005 0.081 —0.275 0.051 0.035 0.291 —0.146 0494  —0.002 0.079
B3 —0.314 0.084  0.093 0.210 0.010 0.123 —-0.316  0.083 0.067 0.212 0.128 0.257 0.003 0.122
B0 0.001 0.049 0.002 0.048 —0.001 0.048 0.001 0.049
B 0.004 0.026 0.003 0.026 0.003 0.024 0.004 0.026
BZZ 0.002 0.023 0.001 0.023 0.003 0.025 0.002 0.023
0 —0.328 0.076 —0.023 0.124 0.152 0.152  —0.008  0.109
Convergence 493 491 493 493 409 186 493
B2 = 0.5, p=038
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.286 0.059 —0.190 0.212 —0.258 0.080 —0.096 0.060 0.004 0.126 —0.024 0.175 0.000 0.075
Bll —0.402 0.018 0.187 0.059 0.109 0.026 —0.432 0.017 0.004 0.031 0.017 0.044 0.005 0.024
B12 —0.230 0.052  0.168 0.330 0.113 0.090 —0.262 0.051 0.001 0.154 —0.060 0.301 0.003 0.082
B3 —0.273  0.085 0.216 0.238 0.106 0126 —0.305 0.082 0.011 0.138 0.028 0.140 0.005 0.114
B0 —0.006 0.044 0.002 0.044 0.009 0.044 0.001 0.044
321 0.003 0.025 0.002 0.025 0.002 0.024 0.002 0.025
B 0.002 0.022 0.000 0.023 0.002 0.024 0.000 0.023
0 —0.345 0.061 —0.007 0.092 —0.000 0.103  —0.005 0.072
Convergence 485 483 485 485 476 169 485
B =218, p=0.2
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl =~ HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Blo —0.098  0.048 0.012 0.184 —0.017 0.067 —0.089 0.049 0.021 0.185 —0.059 0.203 —0.004  0.069
B —0.411 0.014 0.043 0.045 0.005 0.019 —-0412 0.014 0.038 0.045 0.025 0.056 0.001 0.019
B12 —0.270 0.042  0.031 0.249 0.004 0.064 —0.272 0.042 0.028 0.246 —0.135 0.375 —0.000  0.065
B3 —0.310 0.070 0.065 0.171 0.017 0.102 —0.311 0.069 0.065 0.169 0.025 0.205 0.013 0.102
Bao 0.001 0.091 0.001 0.091 0.001 0.088 0.002 0.091
321 0.003 0.045 0.004 0.045 0.002 0.044 0.003 0.045
B 0.005 0.038 0.005 0.038 —0.002 0.039 0.004 0.038
0 —0.323  0.156 0.112 0.258 0.108 0.246 0.038 0.239
Convergence 495 496 496 496 466 218 496
By = 2.18, p=038
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl ~ HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
BlO —0.116  0.048 0.008 0.185 —0.039 0.068 —0.087 0.048 0.009 0.163 —0.041 0.162  —0.003 0.066
B —0.402 0.014  0.079 0.046 0.033 0.020 —-0.413 0.014 0.020 0.039 —0.005 0.038 0.005 0.020
Bi2 —0.255  0.043 0.064 0.255 0.032 0.066 —0.265 0.043 0.010 0.207 —0.083 0.352 0.003 0.066
Bis —0.297  0.071 0.103 0.176 0.044 0.104 —0.306 0.070 0.030 0.153 —0.014 0.145 0.012 0.101
Bzo 0.002 0.090 0.003 0.090 0.005 0.091 0.003 0.089
B 0.007 0.044 0.006 0.044 0.007 0.045 0.006 0.045
B —0.002  0.040 —0.004 0.040 —0.004 0.039  —0.003 0.040
0 —0.356  0.151 —0.060 0.198 —0.116 0210 —0.039 0.186
Convergence 493 494 494 494 424 162 462
Table 3. Monte Carlo simulation results for Misclassification Model 2.
By =05, p=02
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
BlO —-0.177 0.057 —0.067 0251 —0.079 0.081 —0.123 0.066 0.016 0.262 —0.014 0244 —0.002 0.094
B —0.513 0.016  0.266 0.086 0.005 0.023 —-0.514 0.016 0.210 0.080 0.098 0.067  —0.001 0.023
Bi2 —0.300 0.052 0412 0.792 0.007 0.083 —0.302 0.052 0.345 0.640 —0.227 0.558  —0.001 0.081
B3 —0.321  0.080 0.595 0.420 0.005 0.118 —0.323  0.080 0.518 0.387 0.187 0.299  —0.001 0.117
Bzo 0.001 0.049 0.004 0.048 —0.007 0.049 0.002 0.049
B 0.004 0.026 0.004 0.026 0.003 0.026 0.004 0.026
B 0.002 0.023 0.002 0.023 0.004 0.023 0.002 0.023
0 —-0.329  0.075 0.282 0.169 0.206 0.186  —0.013 0.106
Convergence 500 499 500 500 443 197 500
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Table 3. Cont.

|320 = 0.5, P =0.8

Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.323 0.058 —0.179 0257 —0.258 0.080 —0.133 0.060 —0.056 0.127 —0.005 0.145 —0.000 0.076
B —0.503 0.017  0.493 0.088  0.109 0.025 —0.528 0.016 —0.008 0.032 0.021 0.040 0.005 0.022
B —0.267 0.051  0.709 0979  0.114 0.091 —0.297 0.050 0.094 0.185 —0.100 0.313 0.003 0.083
B3 —-0.279  0.083  0.837 0407  0.105 0.123  —0.309  0.080 0.128 0.151 0.037 0.140 0.006 0.111
B0 —0.006 0.044 0.002 0.044 0.005 0.045 0.002 0.044
B 0.004 0.025 0.002 0.025 0.002 0.025 0.002 0.025
B 0.002 0.023 —0.000 0.023 0.003 0.023 0.000 0.023
0 —0.351  0.060 0.086 0.079 0.023 0.092  —0.006 0.071
Convergence 500 498 500 500 480 254 500
By =218, p=02
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.129 0.047 —0.020 0213 —-0.015 0.067 —0.119 0.048 —0.017 0.211 —0.066 0.173  —0.003  0.069
Bui —0.508 0.013  0.212 0.070  0.005 0.019 —0.509 0.013 0.189 0.068 0.015 0.046 0.001 0.019
B12 —0.296 0.041  0.335 0484  0.005 0.065 —0.298 0.041 0.311 0.470 —0.185 0.395 0.000 0.065
B3 —0.320 0.068  0.521 0.338  0.011 0.101 —0.321 0.068 0.490 0.335 0.109 0.209 0.006 0.101
Bao 0.001 0.091 0.001 0.091 0.003 0.093 0.001 0.091
B 0.003 0.045 0.003 0.045 0.006 0.044 0.003 0.045
B 0.005 0.038 0.005 0.038 0.009 0.038 0.005 0.038
0 —0.330 0.155 0.309 0.349 0.106 0.287 0.006 0.234
Convergence 500 500 500 500 493 203 499
By =218, p=0.38
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
B1o —0.148 0.047 —-0.018 0215 —-0.037 0.068 —0.118 0.047 —0.063 0.184 —0.019 0176  —0.001  0.066
B —0.501 0.013  0.267 0.072  0.033 0.019 —0.509 0.013 0.085 0.055 0.032 0.044 0.007 0.019
B12 —0.282 0.041  0.388 0489  0.032 0.066 —0.292 0.041 0.203 0.375 —0.104 0.326 0.004 0.067
B3 —0.307 0.068  0.589 0.339  0.037 0.101 —0.315 0.068 0.304 0.265 0.075 0.171 0.010 0.098
Bao 0.002 0.091 0.003 0.093 0.007 0.089 0.003 0.090
B 0.006 0.045 0.010 0.045 0.012 0.042 0.005 0.044
B —0.002  0.040 0.002 0.039 —0.003 0.039 —0.002  0.039
0 —0.365 0.152 0.027 0.176 —0.023 0.206 —0.047 0.186
Convergence 500 499 500 500 399 197 466
Table 4. Monte Carlo simulation results for Misclassification Model 3.
B2 = 0.5 p=02
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.041 0.061  0.155 0.218 —0.075 0.083  0.016 0.067 0.244 0.221 0.146 0.201 0.003 0.090
Bui —0.037 0.014  0.090 0.032  0.016 0.018 —0.041 0.014 0.100 0.031 0.094 0.029 0.008 0.018
B12 —0.184 0.053 —0.081 0.172  0.009 0.075 —0.187 0.053 —0.075 0.166 —0.137 0.192 0.002 0.076
B3 —-0273 0.087 —0.151 0125 0.013 0.123 —0277 0.087 —0.143 0.125 —0.022 0.149 0.005 0.122
Bao —0.002  0.046 —0.003 0.045 —0.004 0.041 —0.002  0.046
B 0.003 0.026 0.003 0.026 0.001 0.027 0.003 0.026
B 0.001 0.023 0.001 0.023 —0.002 0.025 0.001 0.023
0 —-0.276  0.076 —0.138 0.092 —0.097 0.094 0.005 0.103
Convergence 500 399 500 500 407 92 500
By =05, p=038
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
B1o —0.155 0.059 —0.135 0.104 —0254 0.082  0.049 0.060 0.172 0.125 0.127 0.138 0.004 0.076
B 0.074 0.016  0.085 0.018  0.117 0.020  0.021 0.015 0.107 0.021 0.064 0.022 0.007 0.018
B12 —-0.121 0.052 —0.110 0.073  0.114 0.081 —0.167  0.052 —0.108 0.096 —0.101 0.172 0.002 0.077
B3 —0230 0.089 —0216 0.091 0.106 0.130 —0271 0.085 —0.191 0.105 —0.131 0.105 0.003 0.116
Bao 0.004 0.048 0.004 0.049 0.003 0.050 0.002 0.049
B 0.002 0.024 0.002 0.024 0.001 0.021 0.002 0.024
B —0.000 0.022 0.001 0.022 0.004 0.022 0.000 0.022
I —0.265 0.062 —0.201 0.081 —0.141 0.085 —0.000  0.068
Convergence 500 350 500 500 477 75 499
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Table 4. Cont.

[520 = 218, P =02

Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio 0.001 0.051  0.054 0.137 —0.011 0.070  0.012 0.052 0.112 0.175 0.098 0.149 0.003 0.071
B11 —0.054 0.012 -0.019 0.019 0.008 0.015 —0.057 0.012 0.009 0.026 0.043 0.027 0.003 0.015
B —0.189 0.041 —0.163 0.100  0.004 0.059 —0.191 0.041 —0.137 0.140 —0.152 0.135 —0.001  0.059
B3 —0282 0.072 —-0.252 0.088  0.003 0.101 —0.284 0.072 —0.215 0.100 —0.108 0129  —0.002 0.101
B0 0.003 0.093 0.003 0.092 0.006 0.096 0.004 0.093
B 0.001 0.044 0.001 0.044 —0.010 0.039 0.001 0.044
B 0.001 0.039 0.002 0.039 0.002 0.035 0.001 0.040
0 —0.200 0.173 —0.286 0.181 —0.067 0.198 0.077 0.230
Convergence 500 356 500 500 387 86 499
By =218, p=08
Probit HAS-Probit PP-Probit Heckprobit HAS-Heckprobitl HAS-Heckprobit2 PP-Heckprobit
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD
Bio —0.011 0.050  0.084 0.182 —0.031 0.069  0.022 0.049 0.095 0.148 0.139 0.148 0.003 0.066
Bui —0.025 0.012  0.032 0.025  0.039 0.015 —0.046 0.012 0.010 0.022 0.082 0.027 0.007 0.015
B12 —0.168 0.042 —0.119 0.134  0.033 0.060 —0.185 0.042 —0.143 0.117 —0.134 0.185 0.002 0.061
B3 —0266 0.071 —0.213 0.094 0.033 0.101 —0.281 0.070 —0.224 0.096 —0.085 0.117 0.000 0.098
Bao 0.003 0.090 0.006 0.095 0.008 0.087 0.003 0.090
B —0.003  0.044 0.003 0.046 0.003 0.041 0.002 0.044
B —0.003  0.040 0.009 0.040 0.009 0.040 0.004 0.040
0 —0.186 0.168 —0.170 0.200 —0.139 0.201 —-0.017 0.165
Convergence 500 377 500 499 294 58 460

The results for the alpha parameters are presented in Table 5. Results are limited
to cases where the estimator and the misclassification model match. HAS-Probit and
HAS-Heckprobitl performed well in terms of both bias and variance. HAS-Heckprobit2
performed well only in a few cases. Estimates for )% and &3? were heavily biased and
imprecise. A possible explanation for this behavior is the existence of local maxima, as
only one set of starting values was tried in each simulation. (Using an alternative set
of starting values for a}?> and a3? did not offer an improvement.) The degree of bias
and imprecision seemed to diminish as the number of convergences achieved by HAS-
Heckprobit2 increased. However, increasing the number of simulations to 1000 hardly
reduced the bias of &éz and 54%2 (results not shown).

Table 6 shows additional results for PP-Heckprobit when the value of p was set alter-
natively at {—0.9, —0.8, 0.9}. PP-Heckprobit’s good properties were preserved. However,
when 79 = 2.18 (low incidental truncation), the number of convergence failures increased
somewhat at higher values of p.

Table 5. Monte Carlo simulation results for alpha parameters.

HAS-Probit under Misclassification Model 1

B20 =05 B2 =05 B2 = 2.18 B2o = 2.18
p=02 =08 p=02 p =038
Bias SD Bias SD Bias SD Bias SD
&g 0.040 0.043 0.170 0.051 —-0.011  0.037 0.054 0.037
&q —-0.025 0070 —0.041 0.054 —-0.032 0.064 —0.042 0.060
Convergence 491 483 496 494
HAS-Heckprobitl under Misclassification Model 1
B2 =05 B2 =05 Bao = 2.18 Boo = 2.18
p=02 p=08 p=02 p =038
Bias SD Bias SD Bias SD Bias SD
&g 0.047 0.044 —0.058 0.033 —-0.011 0.037 —0.075 0.034
& —-0.033 0070 —0.036  0.041 —0.014  0.063 —0.045  0.057

Convergence 409 476 466 424
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Table 5. Cont.

HAS-Heckprobit2 under Misclassification Model 2

B2 =05 B2 =05 Boo = 2.18 Boo =218
=02 p=038 p=02 =038
Bias SD Bias SD Bias SD Bias SD
&(1)1 0.025 0.048 —-0.007 0.032 —-0.111 0.038 —0.042  0.036
&%l 0.179 0220 —0.016 0.152 0.128 0.206 0.063 0.192
A(1)2 1.771 0.176 0.953 0.156 1.237 0.162 0.885 0.135
&%2 —-0.28 0.124 —-0.154 0.068 —0.206 0.114 —-0.172 0.103
&%1 0.061 0.048 0.004 0.035 —0.280  0.039 —0.087  0.037
sl 0.112 0.136  —0.010  0.100 0.046 0.111 0.010 0.106
&b 3.738 0.172 2.249 0.148 2.451 0.147 2.137 0.130
&%2 —0.088  0.081 —0.041  0.045 —0.086  0.063 —0.052  0.059
Convergence 197 254 203 197

Table 6. Monte Carlo simulation results for PP-Heckprobit.

Misclassification Model 1
B2o =05 B2o = 0.5 B2o = 0.5 B2o = 2.18 B2o = 2.18 B2o =
p=-09 o=-08 =09 o=-09 o=-08 0=
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD

310 0.005 0.100 0.004 0.105 —0.001 0.072 0.002 0.071 0.001 0.072 —0.001 0.066
,@11 0.008 0.022 0.006 0.023 0.010 0.023 0.000 0.019 0.000 0.019 0.008 0.019
,312 0.005 0.086 0.003 0.086 0.004 0.079 0.003 0.066 0.001 0.067 0.005 0.065
313 0.012 0.125 0.006 0.126 0.013 0.110 0.007  0.104 0.005 0.104 0.015 0.102
,820 0.001 0.047 —0.003 0.045 0.003 0.044 0.001 0.089 0.002 0.094 0.005 0.089
,321 0.002 0.024 0.002 0.023 0.002 0.026 0.007  0.045 0.008 0.044 0.009 0.044
ﬁ22 0.003 0.022 0.003 0.022 0.002 0.022 0.011 0.040 0.012 0.040 0.001 0.040
0 —0.001 0.044 —0.000 0.060 —0.009 0.057 —0.012 0.094 -0.007 0.117 -0.055 0.152
Convergence 498 500 490 432 482 441
Misclassification Model 2
B2 =05 B2 = 0.5 B2 =05 Boo = 2.18 Boo = 2.18 Boo =218
p=-09 o= —038 =09 o =-09 p=-08 p =09

Bias ‘ SD Bias SD Bias SD Bias SD Bias SD Bias SD

/210 0.004 0.102 0.004 0.106 —0.001 0.073 0.003 0.072 0.001 0.071 —0.001 0.066
311 0.006 0.022 0.004 0.023 0.008 0.022 0.001 0.019 0.002 0.019 0.007 0.019
,812 0.005 0.086 0.004 0.087 0.005 0.083 0.004 0.065 0.002 0.066 0.006 0.064
,313 0.012 0.123 0.003 0.124 0.010 0.108 0.005 0.100 0.005 0.102 0.014 0.099
ﬁ20 0.001 0.047 —0.003 0.045 0.003 0.045 0.000 0.091 0.001 0.094 0.005 0.091
,821 0.002 0.024 0.002 0.023 0.002 0.026 0.007 0.045 0.008 0.044 0.011 0.043
/222 0.003 0.022 0.003 0.022 0.002 0.022 0.010 0.040 0.010 0.040 0.002 0.039

0 —0.001 0.043 —-0.001 0.057 -—-0.008 0.056 —0.016 0.088 —0.010 0.110 —-0.064 0.157

Convergence 499 500 488 425 479 430
Misclassification Model 3
Bao =05 B2 =0.5 B2 =05 B2o = 2.18 B2 = 2.18 Bao = 2.18
p=—-09 p=—038 =09 p=—09 p=—038 p =09
Bias SD Bias SD Bias SD Bias SD Bias SD Bias SD

,310 0.009 0.101 0.010 0.104 0.004 0.072 0.007 0.076 0.008 0.075 0.004 0.067
/211 0.006 0.017 0.008 0.018 0.006 0.018 0.005 0.015 0.005 0.015 0.006 0.015
312 0.005 0.080 0.004 0.080 0.002 0.076 0.004 0.059 0.003 0.061 0.003 0.060
,813 0.005 0.127 0.002 0.127 0.001 0.111 0.003 0.102 —0.003 0.101 0.002 0.097
,Bzo 0.001 0.045 —0.002 0.046 0.004 0.047 0.001 0.098 0.000 0.095 0.002 0.092
ﬁﬂ 0.003 0.026 0.004 0.026 0.003 0.024 0.007 0.045 0.005 0.044 0.005 0.043
,822 0.003 0.022 0.002 0.022 0.002 0.021 0.010 0.041 0.006 0.042 0.003 0.040

0 —0.001 0.041 —-0.003 0.056 —0.000 0.052 —-0.016 0.091 —-0.017 0.120 —0.022 0.127

Convergence 500 500 489 439 477 429

4. Application to a Lifetime Migration Model

Data from the Survey of Financial Competences (referred to here by its Spanish
abbreviation ECF) were used by Gonzalez Chapela (2022) to investigate whether cross-
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region migrants in Spain are less impatient than individuals who choose to remain in their
birth region. Previous studies on the empirical link between time preference and migration
involve small samples or do not control for cognitive skills (Gibson and McKenzie 2011;
Arcand and Mbaye 2013; Nowotny 2014; Goldbach and Schliiter 2018). The ECF (Banco
de Esparia and National Securities Market Commission 2018), conducted in Spain in 2016,
enables the empirical link between time preference and migration to be investigated on the
basis of a large sample and purged of the influence of cognitive skills.

The residential history available in the ECF is limited to the region of birth and the
region of residence at the time of the survey, thus raising misclassification of lifetime cross-
region migrant status. As argued by Molloy et al. (2011), some true migrants will have
returned to their birth region after having spent time elsewhere, whereas individuals who
moved when they were still a member of their parents” household are indistinguishable
in the data from individuals who moved during their adult lives. The 2011 edition of the
Spanish Population Census, conducted by the National Statistics Institute (INE, www.ine.es,
accessed on 8 July 2020), provides a validation sample for migrant status. In addition to
information on residence at birth and at the Census date, the Census indicates the year
of arrival in the region of residence, which reveals interim moves between birth and the
census date, and, in conjunction with information on minimum working age, provides a
basis for inferring the autonomy of migration decisions.

The conditional probabilities of misclassifying migrant status, estimated using Cen-
sus data, are incorporated into (11), which is intended to be maximized on a sample of
7129 Spanish natives drawn from the ECE. However, 433 of them have their birth region
undisclosed by the ECF to preserve confidentiality, so maximization was conducted on
the subsample of 6696 individuals with observable migrant status (s; = 1). Individuals
in the subsample are significantly different from individuals with undisclosed birth re-
gion in some observables. If individuals in the subsample were also selected in terms of
unobservables affecting their true migrant status, the results would be contaminated by
sample selection bias. The estimator developed in this paper makes it possible to con-
duct a sensitivity analysis of the results reported in Gonzalez Chapela (2022) to sample
selection bias.

We let y; take on value 1 if individual i resides in a region other than that where he/she
was born and value 0 if i resides in the same region where he/she was born. The population
proportion of out-of-birth region residents is 14.5% in the ECF and 19.3% in the Census.®
The proportion of true migrants, calculated in the Census, is 17.4%. The lower proportion
of true migrants is the result of 27% of true migrants returning to their birth region (false
nonmigrants) and 8% of true nonmigrants migrating nonautonomously as a child (false
migrants). The probabilities of misclassification are not constant but vary with observed
personal attributes. These probabilities are estimated on very large samples and hence are
considered as known parameters.

The ECF included a Money Earlier or Later (MEL) task to measure time preferences
(e.g., Cohen et al. 2020). Respondents were presented sequentially with two hypothetical
binary choices between immediate and delayed monetary rewards. According to their
choices, they were sorted into four groups, which are described in terms of required rates of
return (RRRs):” below 4.9% (22.7% of the sample), between 4.9% and 9.8% (10.7%), between
9.8% and 44.9% (29.6%), and above 44.9% (37.0%). Higher levels of RRR reflect greater
impatience.

Results were developed for six specifications of X;;, corresponding to three functions of
RRR and two sets of controls. Time preference was measured alternatively with indicators
for RRR group, an indicator for an RRR > 9.8%, and a quadratic function of RRR.® The first
set of controls comprised sex, single-year age group, and birth region. These characteristics
are conceivably exogenous to an individual’s mobility decisions and appear related in the
data (in the case of age and sex) to time preference. The second set of controls added attained
education, the number of books at home at the age of 10, cognitive skills, willingness to
take risks in financial matters, and the marginal propensity to consume (MPC) from
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windfall income (in percentage terms). Education and the number of books read might
simultaneously increase a person’s ability to appreciate the future (Becker and Mulligan
1997) and to live in other places, confounding the relation of interest. Likewise, impatience
appears systematically related to risk aversion and cognitive ability (e.g., Dohmen et al.
2010), which are strong predictors of geographic mobility (e.g., Jaeger et al. 2010; Biitikofer
and Peri 2021). Krupka and Stephens (2013) found that measured rates of time preference
are responsive to individuals’ immediate economic conditions. In this respect, the MPC
may control for individuals” economic resources at the interview date. X,; comprises these
same regressors except birth region (which is unknown for individuals with unobservable
migrant status) and the individual’s age (which was entered as a linear trend), plus the
population of the region of residence on 1 January 2017 (taken from INE Cifras Oficiales de
Poblacion).

Before presenting the results, an issue requires some discussion. For the six spec-
ifications given above, PP-Heckprobit produced p near +1.0 with no or an implausible
standard error. As demonstrated in Butler (1996), this problem is caused by a sample with
no observations for which s; = 1 and X'1;81 > X’5;B2. A value of p on the boundary of the
parameter space invalidates ML standard errors. Following Butler (1996), the standard er-
rors for 8 can be calculated by re-estimating the model under the assumption that p = +1.0.
The components of the likelihood function for p = +1.0 are presented in Table 7. These
components are simple adaptations of those derived by Butler (1996) to a mismeasured
response variable.

Table 7. Likelihood function for p = +1.0 in the probit model with sample selection and misclassifi-

cation.
Condition Likelihood Function
s5i=0: @(—X"2ip2)
s; = 1 and:
yi =0, X'1iB1 > X'5ip2 0411‘(1?(5/('2{!3;)
D(X'3iB2) +
=0, X'1;81 < X'2:By : 1 2i
1m0 Rl < X (1 = gy — ) (P(X'32) — D(X'y))
yi=1, X'1iB1 > X'2iB2: (1 — ag;)P(X'2iB2)
yi=1, X1ip1 < X'2iB2: agiD(X'2iB2) + (1 — ag; — a1;)P(X"1;B1)

Notes: Entries for s; = 1 show P(y; = y|s; = 1)P(s; = 1).

The estimation output yielded by PP-Heckprobit is presented in Table 8 for the six
specifications pointed out above. For comparison purposes, Table 9 shows Probit estimates
of the reduced-form Equation (2) and PP-Probit estimates of the outcome Equation (1). If p
was zero, the sum of the log-likelihood values from these two equations would equal the
log likelihood of the probit model with sample selection and misclassification.
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Table 8. PP-Heckprobit estimates.

1) @ 3) @ (5) (6
Explanatory Variables Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome
1(4.9% < RRR < 9.8%) —0.040 0.009 —0.062 0.001
(0.089) (0.184) (0.091) (0.191)
1(9.8% < RRR < 44.9%) 0.057 —0.250 * 0.018 —0.250
(0.070) (0.150) (0.071) (0.158)
1(44.9% < RRR) 0.059 —0.166 —0.039 —0.141
(0.067) (0.152) (0.071) (0.165)
1(9.8% < RRR) 0.071 —0.207 * 0.008 —0.194
(0.053) (0.117) (0.055) (0.120)
RRR 0.340 —1.334* 0.155 —1.328*
(0.337) (0.720) (0.345) (0.744)
RRR? —0.068 0.273* —0.034 0.273*
(0.070) (0.148) (0.071) (0.153)
Male 0.015 —0.037 0.013 0.023 0.016 —0.040 0.015 0.020 0.016 —0.038 0.014 0.023
(0.050) (0.108) (0.053) (0.111) (0.050) (0.112) (0.053) (0.112) (0.050) (0.108) (0.053) (0.111)
Lower secondary education —0.364 *** —0.108 —0.364 *** -0.114 —0.363 *** —0.108
(0.099) (0.186) (0.099) (0.186) (0.099) (0.186)
Upper secondary —0.239 ** —0.006 —0.235 ** —0.011 —0.239 ** —0.005
(0.108) (0.199) (0.108) (0.198) (0.108) (0.196)
Higher education —0.434 *** 0.279 —0.424 *** 0.264 —0.431 *** 0.278
(0.112) (0.219) (0.111) (0.217) (0.112) (0.216)
11-25 books at home —0.016 —0.149 —0.014 —0.147 —0.015 —0.146
(0.081) (0.183) (0.081) (0.183) (0.081) (0.180)
26-100 0.008 0.045 0.009 0.046 0.009 0.050
(0.083) (0.179) (0.083) (0.183) (0.083) (0.174)
101-200 —0.165 —0.130 —0.164 —0.125 —0.166 —0.128
(0.102) (0.262) (0.101) (0.267) (0.102) (0.259)
>200 —0.235 ** —0.200 —0.236 ** —0.202 —0.235 ** —0.201
(0.096) (0.270) (0.096) (0.268) (0.096) (0.265)
Numeracy skills —0.129 ** 0.076 —0.127 ** 0.081 —0.129 ** 0.076
(0.055) (0.146) (0.055) (0.147) (0.055) (0.145)
Reading comprehension —0.041 0.047 —0.040 0.045 —0.040 0.047
(0.036) (0.068) (0.036) (0.068) (0.036) (0.068)
Cognitive reflection 0.046 —0.059 0.048 —0.068 0.047 —0.060
(0.062) (0.133) (0.062) (0.131) (0.062) (0.132)
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(4] @ 3) @ (5) (6
Explanatory Variables Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome
Risk score —0.032 —0.092 * —0.031 —0.093 * —0.033 —0.093 *
(0.020) (0.049) (0.020) (0.049) (0.020) (0.048)
MPC (+-10) 0.001 —0.044 * 0.001 —0.043 * 0.001 —0.044 *
(0.008) (0.024) (0.008) (0.024) (0.008) (0.024)
Age —0.001 —0.006 *** —0.001 —0.006 *** —0.001 —0.006 ***
(0.001) (0.002) (0.001) (0.002) (0.001) (0.002)
Region population (10°) 0.213 *** 0.215 *** 0.213 *** 0.215*** 0.213 *** 0.215 ***
(0.019) (0.019) (0.019) (0.019) (0.019) (0.019)
Intercept 1.014**  —0.897 *** 1.877 *** —0.671 1.002 ***  —0.886 *** 1.850 *** —0.638 0.993 ***  —0.847 *** 1.857 *** —0.625
(0.093) (0.320) (0.202) (0.425) (0.090) (0.309) (0.199) (0.407) (0.093) (0.320) (0.201) (0.426)
Log-likelihood —3653.97 —3609.54 —3654.31 —3610.53 —3654.28 —3609.91

Notes: The number of observations is 7129. Regressors in the outcome equation include indicators for single-year age group and birth region. 1(-) is the indicator function. Robust
standard errors are in parentheses. *: Significant at 10%. **: Significant at 5%. ***: Significant at 1%.

Table 9. Probit (selection equation) and PP-Probit (outcome equation) estimates.

1) @ 3) @ (5) (6
Explanatory Variables Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome
1(4.9% < RRR < 9.8%) —0.038 0.015 —0.061 0.013
(0.089) (0.181) (0.090) (0.192)
1(9.8% < RRR < 44.9%) 0.053 —0.255 * 0.011 —0.248
(0.069) (0.150) (0.071) (0.156)
1(44.9% < RRR) 0.055 —-0.173 —0.045 —0.131
(0.067) (0.155) (0.071) (0.166)
1(9.8% < RRR) 0.066 -0.216 % 0.002 -0.192
(0.053) (0.126) (0.055) (0.120)
RRR 0.318 —-1.371*% 0.118 —1.325*
(0.336) (0.738) (0.344) (0.744)
RRR? —0.064 0.281% —0.026 0.273 *
(0.070) (0.152) (0.071) (0.153)
Male 0.014 —0.040 0.008 0.023 0.015 —0.045 0.011 0.018 0.015 —0.044 0.009 0.023
(0.050) (0.109) (0.053) (0.113) (0.050) (0.117) (0.053) (0.113) (0.050) (0.111) (0.053) (0.114)
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Table 9. Cont.

3) @ (5) (6)
Explanatory Variables Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome  Selection  Outcome Selection Outcome
Lower secondary education —0.364 *** —0.074 —0.364 *** —0.081 —0.363*** —0.075
(0.098) (0.189) (0.098) (0.189) (0.098) (0.190)
Upper secondary —0.237 ** 0.010 —0.234 ** 0.004 —0.236 ** 0.009
(0.108) (0.192) (0.107) (0.190) (0.108) (0.192)
Higher education —0.432 *** 0.328 —0.423 *** 0.310 —0.430 *** 0.325
(0.111) (0.216) (0.111) (0.210) (0.111) (0.214)
11-25 books at home —0.016 —0.146 —0.013 —0.144 —0.014 —0.142
(0.081) (0.174) (0.081) (0.173) (0.081) (0.173)
26-100 0.015 0.052 0.016 0.054 0.015 0.059
(0.082) (0.158) (0.083) (0.158) (0.082) (0.156)
101-200 —0.155 —0.119 —0.155 —0.113 —0.156 —0.116
(0.101) (0.252) (0.101) (0.255) (0.101) (0.253)
>200 —0.231 ** —0.178 —0.232 ** —0.180 —0.231 ** —0.178
(0.096) (0.268) (0.096) (0.262) (0.096) (0.265)
Numeracy skills —0.127 ** 0.096 —0.125 ** 0.101 —0.127 ** 0.097
(0.055) (0.148) (0.055) (0.148) (0.055) (0.148)
Reading comprehension —0.041 0.049 —0.040 0.047 —0.040 0.049
(0.036) (0.070) (0.036) (0.070) (0.036) (0.070)
Cognitive reflection 0.047 —0.070 0.049 —0.080 0.048 —0.071
(0.062) (0.136) (0.062) (0.135) (0.062) (0.136)
Risk score —0.031 —0.090 * —0.030 —0.091 * —0.031 —0.091 *
(0.020) (0.050) (0.020) (0.050) (0.020) (0.050)
MPC (+10) 0.001 —0.042 * 0.001 —0.042* 0.001 —0.043 *
(0.008) (0.025) (0.008) (0.025) (0.008) (0.025)
Age —0.001 —0.006 *** —0.001 —0.006 *** —0.001 —0.006 ***
(0.001) (0.002) (0.001) (0.002) (0.001) (0.002)
Region population (10°) 0.208 *** 0.210 *** 0.208 *** 0.210 *** 0.208 *** 0.210 ***
(0.019) (0.019) (0.019) (0.019) (0.019) (0.019)
Intercept 1.025***  —(0.927 *** 1.875 *** —0.767 * 1.014**  —0.912*** 1.848 *** —0.724* 1.006 ***  —0.872 *** 1.856 *** -0.717
(0.094) (0.332) (0.202) (0.448) (0.090) (0.330) (0.198) (0.428) (0.093) (0.338) (0.201) (0.451)
Log-likelihood —1470.68  —2189.85 —1438.48 —2178.17  —1470.77  —2190.05 —1439.06 —2178.58  —1470.86  —2189.96 —1438.75 —2178.27
Observations 7129 6696 7129 6696 7129 6696 7129 6696 7129 6696 7129 6696

Notes: Regressors in the outcome equation include indicators for single-year age group and birth region. 1() is the indicator function. Robust standard errors are in parentheses. *:

Significant at 10%. **: Significant at 5%. ***: Significant at 1%.
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As the selection equation was affected neither by sample selection nor by misclassi-
fication of the dependent variable, it is not surprising that B, is similar in the two tables.
The population of the region of residence was a strong predictor of having the birth region
disclosed by the ECEF, with the probability of disclosing the birth region increasing with
population size. Attained education had a negative effect on this probability, with having
a higher education showing the strongest effect. Having more than 200 books at home at
the age of 10 was negatively associated with the probability of disclosing the birth region.
Individuals’ numeracy skills and (in the full specification) age exerted a negative effect
as well.

Correcting for possible sample selection bias using PP-Heckprobit had little effect on
the estimated coefficients and associated standard errors yielded by PP-Probit, thus leaving
the main results of Gonzalez Chapela (2022) almost unchanged. The RRR for financial
flows and the probability of ever migrating appeared to be inversely related even after
accounting for individuals’ cognitive skills. Of course, the sample selection correction
might be important in other contexts with different probabilities of selection and different
correlation between error terms.

5. Conclusions

In many cases, the assumption that misclassification of a binary outcome is condition-
ally random does not hold. Applying an estimator that assumes conditionally random
misclassification can make estimates worse when this assumption is false. This paper has
extended Arezzo and Guagnano’s (2019) formulation for a misclassified binary response
variable affected by sample selection to incorporate misclassification related to the covari-
ates. Assuming the availability of validation data, the proposed pseudo-maximum likeli-
hood estimator is consistent and asymptotically efficient. A Monte Carlo study documents
the good performance of the proposed estimator under different models of misclassification,
probabilities of selection, and correlation between error terms. We have also illustrated
our method with an empirical example, examining the impact of time preference on the
propensity to migrate.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/econometrics10020013/s1. Program files (Stata 16) that generated
the data used in the Monte Carlo study and that analyzed the dataset used in the illustrative study.
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and Spain’s National Statistics Institute. Instructions for how other researchers can obtain these data
can be found in the Supplementary Materials.
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Appendix A. Maximum Likelihood Evaluator

In this appendix, we derive the analytic first and second derivatives of the log-
likelihood function (10) and write out our method-1f2 likelihood evaluator (see Gould
et al. 2010) implemented in Stata (version 16).
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The log-likelihood function (10) can be written more compactly as

N
1(B,p) = Zsi Infcc; P (wy;) + om;®y (wy;, Wi, pf)] + (1 —s;) In D (wy;) (A1)
i=1

where cc; = yiagi + (1= yi)ani, Wi = quizii, Wai = Qizoi, 210 = X'1iP1, 220 = X'oifo,
qi = ZyiT — 1,92 = 2s; — 1, p; = q1i92i0, and om; = 1 — ap; — a1;. To accommodate the
restriction that in general —1 < p < 1, maximization is not conducted directly with respect
to p, but with respect to its inverse hyperbolic tangent (atanh p):

a =atanhp = iln(m) (A2)

We first obtain the first derivatives of (Al) for s; = 1, using Greene (2003, p. 711) as a
reference:

ol N omjky;
=Y qu A3
= Ll (A3)
ol o N ccigb(wzi) +0mik21~
v ; i i (A4)
a Y OmiﬁbZz} 2
— = q1i92i 1 — (tanha) (A5)
aa 1221 Hs di ( )
where
ki = plawoy)@ | 2P (A6)
1—p;?

the subscripts 1 and 2 in ky; are reversed to obtain ky;, d; = c¢;®(wy;) + om; P, (wli, Woi, PF ),
$2i = P2 (w1i, Wi, p} ), o being the bivariate normal density, and

a__ ,—a
tanha = ea ei . (A7)
et +e 1
The first derivatives for s; = 0 are all zero except
o 5 p(wa)
= ; . A8
dzo; = T2 (wy:) (A9)
To obtain the second derivatives for s; = 1, we use the result
6ip(w1;)P(v1:) = 0ip(wai)P(v2i) = o (A9)
where §; = 1/4/1— 032, vy; = 6;(wy; — pfwy;), and vy = 6;(wy; — pjw;); see Greene
(2003). Thus:
I [ wiiki  pi 2 Omik%i]
—5 =) om;|— — - (A10)
a5 di d; d;
%l N $ai  omkyikyi  ccip(wai)ky
_ T _ All
aZ“aZZi z; Om;q1;q2; [ di dlz diz ( )
&l al $oi | 4 om;ky; 2
o P ; omiqyd—il [pi 301 — Wy — dlll] (1 — (tanha) ) (A12)

omjwyky  omipidn  cciwyd(wy)  (omiky + ccip(wn;))?
Z _ _ _ — Al3
3z~ L a d a 2 (A13)
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&1 S P2i | s om;k;+ccip(w;) 2
Few i l; omilhidfi {Pi 0ivni — woi — il } (1 — (tanha) )

2 N )
375 = .Zl{omi%' [070F (1 — 67 (w]; + wh; — 20fwywy;) ) + 87wy wy;
1=

o] (1 tanha)?)’ — tanha 282 (1 (ar?)

The second derivatives for s; = 0 are all zero except

P 5 p(wy) ¢ (wsi)
0z3. Z; D (wy;) ‘I’(wzi)}

1

l:ZUzi +

(A14)

(A15)

(A16)

Referring to wg;, @1;, and om; as alpha0_i, alphal_i, and om_i, respectively, our method-

1f2 likelihood evaluator can be written as:
program PP_Heckprobit_1f2

version 16.1

args todo b Infj gl g2 g3 H

tempvar z1 z2 q1 q2 wl w2 rhos delta v1 v2 k1 k2 bden qf cc d

tempname a

mleval 'z1’="b’, eq(1)

mleval 'z2’="b’, eq(2)

mleval ‘a’="b’, eq(3) scalar

quietly {

gen double ‘ql'=(2*$ML_y1)-1

gen double ‘q2'=(2*$ML_y2)-1

gen double ‘w1’'='q1’*'z1’

gen double ‘w2'="q2"*'z2’

gen double ‘rhos’="ql"*'q2"*tanh(‘a’)

gen double ‘delta’=1/sqrt(1-(‘rhos"2))

gen double ‘v1’="delta™(‘'w2’-(‘rhos*'w1"))

gen double ‘v2’="delta™(‘w1’-("rhos*'w2"))

gen double ‘’k1’=normalden(‘w1’)*normal(‘v1’)

gen double ‘k2’=normalden(‘w2’)*normal(‘v2’)

gen double ‘bden’=normalden(‘w2’)*normalden(‘v2’)*delta’

gen double ‘qf'=("delta”2)*'rhos *(1-((“delta2)*((‘'w1"2) +(‘w2""2)-(2*rhos'*w1'*w2"))))

gen double ‘cc’=(alpha0_i*$ML_y1) + (alphal_i*(1-$ML_y1))

gen double ‘d’=(om_i*binormal(‘wl’,’'w2’,’thos’)) + (‘cc’*normal(‘w2"))

replace ‘Infj’=In(‘d’) if SML_y2==

replace ‘Infj’=In(normal(‘'w2’)) if $ML_y2==0

if (“todo’==0) exit

replace ‘gl’=om_i*'q1"*k1’/‘d" if $ML_y2==1

replace ‘g1’=0 if $ML_y2==0

replace ‘g2'="q2"*((om_i*'k2")+(‘cc’*normalden(‘w2)))/‘d” if ML _y2==1

replace ‘g2’="q2*normalden(‘w2’) /normal(‘w2’) if $ML_y2==0

replace ‘g3’=(om_i*'q1"*'q2"*'bden’/’d")*(1-(tanh(‘a’)"2)) if $ML_y2==1

replace ‘g3’=0 if SML_y2==0

if (‘todo’==1) exit

tempvar h11 h12 h13 h22 h23 h33

gen double ‘h11’=-om_i*((‘w1*'k1’/’d")+(‘thos’*bden’/’d") + (om_i*(('k1’/*d")2)))if ///
$ML_y2==

replace ‘h11'=0 if $ML_y2==0

gen double ‘h12’=om_i*'q1"*'q2*((‘bden’/‘d’)-(om_i*’k1"*'k2’/(*d""2))
///-(‘cc”*normalden(‘w2’)*k1’/(‘d’"2))) if $ML_y2==1

replace ‘h12’=0 if $ML_y2==0

gen double ‘h13'=(om_i*'q2"*'bden’*(("thos™*'delta™*‘v1’)-'w1’
///-(om_i*k1’/‘d"))/‘d’)*(1-(tanh(‘a’)"2)) if $ML_y2==

replace ‘h13'=0 if $ML_y2==0
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gen double 'h22'=-(om_i*w2*'k2’/’d’)-(om_i*rhos™*'bden’/’d’)
///-Ccc’*w2*normalden(‘w2’)/‘d’)-((((om_i*'k2")+(“‘cc’*normalden(‘w2")))/‘d")2) if ///

$ML_y2==1
replace ‘h22’=-normalden(‘w2’)*("'w2’+(normalden(‘w2’) /normal(‘w2’))) /normal(‘w?2’) /// if
$ML_y2==0

gen double ‘h23’=(om_i*'q1"*‘bden’*(("rthos™**delta™'v2")-'w2’~(((om_i*'k2")
///+(‘cc”*normalden (‘w2)))/‘d’))/’d’)*(1-(tanh(‘a’)"2)) if $ML_y2==

replace ‘h23'=0 if $ML_y2==0

gen double 'h33’=(((om_i*bden"(‘qf'+((‘delta2)*'w1*w2’)
///-(om_i*bden’/‘d"))/‘d’)*(1-(tanh("a’)"2)))-(2*tanh('a’)*(om_i*'q1"*'q2"*'bden’/‘d")))
// /*(1-(tanh(‘a’)"2)) if $ML_y2==1

replace ‘'h33'=0 if $ML_y2==0

tempname d11 d12 d13 d22 d23 d33

mlmatsum ‘Infj” ‘d11'="h11’, eq(1)

mlmatsum ‘Infj” ‘d12’="h12’, eq(1,2)

mlmatsum ‘Infj’ “d13'="h13’, eq(1,3)

mlmatsum ‘Infj’ ‘d22'="h22’, eq(2)

mlmatsum ‘Infj’ ‘d23'="h23’, eq(2,3)

mlmatsum ‘Infj’ “‘d33'="h33’, eq(3)

matrix ‘H'=("d11’,/d12’,d13"\'d12"”,'d22’,'d23"\‘d13”,'d23",'d33’)

}

end

Notes

See Train (2009) for a good treatment of numerical maximization.
These derivatives are shown in Appendix A along with the maximum likelihood evaluator.

Except the coefficient on the intercept included in Xy;, which is the LPM estimate of the coefficient on (1 — ag; — &1;) in (14) minus
0.5 multiplied by 2.5 (Amemiya 1981).

Probit and Heckprobit were implemented using the homonymous Stata commands. The other five estimators were implemented
in Stata using programs written by the author and available in the supplementary material.

Convergence is accepted if the Hessian is negative definite and the scaled gradient is lower than 178.

If all individuals with undisclosed birth region were out-of-birth region residents, the proportion of migrants (in this sense) in the
ECF would rise to 17.6%. Given that the ECF is an individual survey, its lower migration rates might be the consequence of a
greater probability of survey noncontact among movers, reducing the proportion of migrants in the sample. However, results in
Imbens (1992) suggest that small amounts of endogenous sampling are unlikely to substantially alter estimated parameters. In
addition, to guard against possible misspecification, our inference is based on robust estimators of variance.

When a respondent is indifferent between €m1 today and €m; in a year’s time, the RRR necessary to induce her/him to forgo
€ml1 immediately is 2((m; / mp)t/?% — 1). This definition assumes semiannual compounding of the annual interest rate as a natural
compromise between the types of compounding that Spaniards are most familiar with.

RRR is treated as a continuous variable by predicting the conditional mean for each RRR group from a lognormal curve fitted to
the distribution of RRR data.
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