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The elicitation of subjective expectations in surveys has gained significant interest in economics. Students’ earn- 

ings expectations have been widely used to model school and occupational choices, but quantification of the 

reliability of this variable has not yet been done. To what extent are earnings expectations affected by random 

measurement error? To assess this issue, in this paper we use different waves of a survey carried out in a Spanish 

university eliciting the earnings expectations of economics students. A test-retest method is applied with differ- 

ent time spans between the first wave and subsequent repetitions of the survey: two weeks and two and a half 

months later. A significant number of students declared large differences in earnings expectations, even in the 

case where the time span between surveys was short. Apart from the reliability, we also provide an estimate of 

the measurement error variance. With this information we show how a sensitivity analysis can be performed in 

external earnings expectations data research. 
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. Introduction 

Reliability testing of self-reported subjective measures and scales is

uite common in the field of psychology but very rare in economics. Re-

iability refers to the consistency of a measure, and it can be expressed

s the proportion of true variance of the variable of interest relative to

he total observed variance. 1 An exception in the economics literature

s the study by Krueger and Schkade (2008) , who tested the reliability

f self-reported life satisfaction using the test–retest methodology. 2 It

s important to test the reliability of subjective self-reported measures

n economics with a suitable methodology because the use of this type

f variables to explain individuals’ economics decisions has grown dra-

atically during the last decades. 

Consider that a researcher wants to evaluate the decision that stu-

ents face after finishing secondary schooling. They can enter the labour

arket or continue with university studies; if they decide to pursue

igher education, they must also choose a subject to study. The de-

ision to attend higher education is one of the most important of an

ndividual’s life since it implies incurring substantial costs. Therefore,

n this context, it is not only the individual’s tastes or cognitive abili-

ies that play a role in the decision. According to human capital the-
∗ Corresponding author at: Universitat Rovira i Virgili, ECO-SOS, Department of Ec

E-mail address: luis.diaz@urv.cat (L. Diaz-Serrano) . 
1 Nunnally (1975) conducted a historical review of psychometric theory, of which 
2 The test–retest methodology consists of asking the same individuals the same que

tudy, and it will be explained in more detail in Section 3 . Kristensen and Westergaa

hich this question was asked twice at different points. The immediacy of both questi

ecall their first answer, which may cause the reliability to be overestimated. 
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ry, one of the most important variables for such a decision is the earn-

ngs expectations in different scenarios, that is, with or without univer-

ity studies. During the last two decades, interest in knowing students’

arnings expectations has increased, and several studies have reported

ositive results regarding how valuable information can be obtained

 Dominitz and Manski, 1996 ; Manski, 2004 ). In this regard, we agree

ith Jensen (2010) , who claimed that, “Though many studies estimate

hese returns with earnings data, it is the perceived returns that affect

chooling decisions, ” (page 1, abstract) . In this context, the initial in-

erest in earnings expectations stems from an interest in using this vari-

ble to explain schooling and occupational choices. Recent evidence has

hown that expected earnings elicited in surveys determine individuals’

hoice not only of the level of education to achieve ( Attanasio and Kauf-

ann 2014; Belfield et al. 2016 ; Boneva et al., 2021 ) but also of the type

f university studies to undertake ( Arcidiacono et al., 2012 ; Schweri and

artog, 2017 ). Further, empirical evidence has indicated that wage ex-

ectations can easily become self-fulfilling in terms of reservation wages

 Caliendo et al., 2017 ), which in turn will determine future earnings in

he labour market. Taking all these studies into account, no one can

ast doubt on the importance of self-reported earnings expectations in

conomic analysis. 
reliability theory is an important part. 

stion in two different periods. This methodology is the one that we use in this 

rd-Nielsen (2006) analysed the reliability of job satisfaction using a survey in 

ons makes these data invalid for reliability analysis since individuals may easily 

y 2022 
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In the literature, some papers analysing earnings expectations have

laimed that this variable is likely to be affected by random measure-

ent errors ( Arcidiacono et al., 2012 ; Attanasio and Kaufmann, 2017 ;

untington-Klein, 2015 ; Reuben et al., 2015 ; Zafar, 2013 ). However,

espite the awareness of the problem, no papers have analysed it. In

his literature, due to the lack of empirical evidence on the magnitude

f measurement errors, it is most common simply to disregard these con-

erns or add a very general discussion about reliability. In this paper, we

est for the first time the reliability of students’ earnings expectations.

e use the test–retest methodology, and we quantify the magnitude of

he random measurement error. 3 We believe this analysis to be impor-

ant since, as some previous studies cited above have suggested, random

easurement errors could be an important concern. 

Measurement errors in survey questions can occur for many different

easons, and, in this context, it is important to make clear the difference

etween “validity ” and “reliability ”. The questions could be vague and

pen to interpretation and misunderstanding, and the respondents could

nswer untruthfully or their answer might be driven by some kind of

ognitive bias. These types of errors are somehow systematic and related

o validity. In previous studies, the proposed solutions to this problem

ave consisted of reformulating and improving questions to avoid logi-

al inconsistencies ( Dominitz, 1998 ; Manski, 2004 ; Zafar, 2011 ). Mea-

urement errors can also occur to different degrees if an interview is

onducted or if the respondents self-report the answers; for example, re-

pondents may fail to read the question carefully or mistakenly give the

nswer incorrectly. These types of errors can be random instead of sys-

ematic and affect the reliability of earnings expectations. In this paper,

andom measurement errors are the type of errors that we study. It is im-

ortant to keep in mind that the test–retest approach that we use here

nly captures random measurement errors. Accordingly, measurement

rrors that are systematic, such as the ones that we explained above,

ill not be revealed by this methodology. For example, if the same mis-

nterpretation is made on both test occasions, it cannot be detected in a

est–retest study. 

The concerns regarding the use of variables containing a random

easurement error originate from the fact that it will have a harmful

mpact on regression models. For example, if earnings expectations are

easured with errors and used as an explanatory variable, the coeffi-

ient associated with this variable and its variance will be biased and

he conclusions from the model will not be correct ( Carroll et al., 2006 ).

 common assumption is that measurement errors are independent of

he true variable, and these are referred to as classical measurement er-

ors . Textbooks covering measurement errors in linear regression models

ave often shown that the estimated coefficient for a covariate mea-

ured with errors will tend to zero; that is, there is an attenuation bias.

tefanski and Carroll (1985) analysed the problem of covariates mea-

ured with errors in logistic regression. The attenuation bias is present

n most situations for logistic regression, but they also clarified that, if

here is a high imbalance in the sample regarding the amount of zeros

nd ones, the bias can be in the opposite direction. 

We study random measurement errors in students’ earnings expecta-

ions, and our three main contributions are the following. Firstly, we

ropose and perform a test–retest analysis of earnings expectations,

licited through a survey carried out with a sample of university stu-

ents enrolled in a degree in economics and management. Secondly, we

uantify the reliability and the measurement error variance, and the ran-

om measurement errors in students’ earnings expectations are found to

e important. Thirdly, we clarify how random measurement errors can

e dealt with in analyses using students’ earnings expectations as a co-
3 Wiswall and Zafar (2015) investigated whether individuals revise their earn- 

ngs expectations when they receive new information regarding real earnings in 

he labour market. For a control group, no new information was provided, but 

he repeated questions were asked only about 25 min later in the same survey; 

ence, this can hardly be regarded as a reliability analysis. 

v  

c  

b  

q  

t  

t  

T  

2 
ariate. We show how the measurement error variance that we estimate

n our study can be used to gauge the sensitivity of the results from

egression models to random measurement errors. Our results indicate

hat the reliability of students’ earnings expectations is low. 

The remainder of the paper is structured as follows. Section 2 dis-

usses the related literature. In Section 3 , we introduce the theoreti-

al foundations of measurement errors and review how reliability in

 measure can be evaluated and how this information can be used in

ther studies. Section 4 explains the data. In Section 5 , we assess the

egree of random measurement errors found in earnings expectations,

nd illustrate how to use this information with external data. Finally,

n Section 6 , we summarize and discuss the main implications of our

esults. 

. Review of the literature 

The concept of measurement errors has already been considered

n the previous literature on earnings expectations ( Dominitz, 1998 ;

anski, 2004 ), but the method of dealing with the problem has been

o reformulate and improve questions to increase the answering fre-

uencies and avoid logical inconsistencies. In other words, until now,

he focus has been on evaluating the validity of the questions – that

s, the extent to which the given answer captures the concept that it is

imed to measure – but not the underlying random measurement error

n the elicited responses. Basically, are respondents willing and able to

espond in a meaningful way? Zafar (2011) analysed students’ subjective

arnings expectations and cognitive biases and did not find evidence of

ognitive biases systematically affecting the reporting of beliefs. Again,

afar’s (2011) concern was the validity of the expectations and not the

eliability. 

In this paper, our focus is not on whether a systematic bias is af-

ecting the answer but rather on whether the answer is affected by a

andom measurement error. We are interested in evaluating the relia-

ility of students’ earnings expectations. The reliability of an observed

easurement can be quantified using repeated measures of the same

henomenon. The idea is to observe the extent to which the same values

re elicited if individuals are asked once or several times during a short

eriod, when true expectations at that moment should remain the same.

f the repeated answers are very similar, the measurement has high re-

iability, but, if large changes are found, the reliability is low due to

andom measurement error. The closest analysis to ours is perhaps that

f Wiswall and Zafar (2015) . They carried out an experiment to test

he extent to which individuals revise their earnings expectations when

hey receive new information regarding the realization of real earnings

n the labour market. Despite the possibility that this analysis would

e perceived as a kind of reliability analysis, it was not. Indeed, as we

entioned above, the questions were repeated in the same session, and,

hile this was sufficient for the authors’ purpose, the immediacy of the

epeated answers rendered the experiment inappropriate for reliability

nalysis since respondents may easily have recalled their first answer. 

Another branch of the literature on students’ earnings expectations

as provided information on college returns and costs in experimen-

al settings and evaluated the effect on decisions (see, for example,

leemer and Zafar 2018 , Hastings et al. 2015 ; Jensen 2010 ). In their

xperimental set-up, Bleemer and Zafar (2018) included a control group

hat did not receive any information. A follow-up survey was conducted

wo months later, and the data could have been used to measure test–

etest reliability, but such an analysis was not performed. 

The literature on expectations has paid substantial attention to the

alidity of measurements, asking such as “Are the questions understood

orrectly? ”, “Are the answers logically consistent? ” and “Do answers

unch around specific values? ” For example, the use of probabilistic

uestions is becoming more common in questionnaires, and the ini-

ial concerns about asking for probabilities were that individuals would

end to choose from a few probabilities, for example 0, 50 and 100%.

he literature has found that survey respondents tend to use rounding
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ut not as heavily as first expected. Manski and Molinari (2010) anal-

sed the way in which different respondents use different degrees of

ounding and found that patterns can be detected using different sur-

ey questions on the probability that a future event will occur. In a

ecent paper, Giustinelli et al. (2020) reported that there is relative sta-

ility in respondents’ rounding of probabilistic expectations over time.

ouret (2017) proposed a measure of coherence that allows the identi-

cation of uninformative subjective probabilities. In an empirical exam-

le, he observed that answers of 50% are often found to be uninforma-

ive, but it is important to be aware that this is not the only answer that

an be affected. Delavande et al. (2011) investigated how different elic-

tation designs using visual aids can help respondents to express proba-

ilistic concepts. Gouret and Hollard (2011) did not measure reliability

ut used a measure of respondents’ coherence, with which noisy data

an be distinguished from more valuable data. The idea is to retain data

hat are expected to have higher reliability based on more coherent an-

wering behaviour. Van Santen et al. (2012) detected respondents who

nswered inconsistently, but they showed that simply excluding these

ases implies an endogenous sample selection problem. 

While not measuring reliability, some studies have investi-

ated how transitory or persistent expectations behave over time.

afar (2011) analysed students’ subjective earnings expectations and

epeated the questions about a year later. The correlation coefficients

or different earnings expectations based on 16 different scenarios for

ight different areas of study were found to be between 0.02 and 0.72.

 correlation coefficient of 0.6 represents a coefficient of determination

f 0.36; hence, quite a large share of the variation in earnings expecta-

ions in the second survey, one year after the first, cannot be explained

y knowing the answer given regarding the same expectations a year

go. A low correlation does not necessarily indicate measurement error,

lthough, in the absence of measurement error, students would have to

ake large changes in their earnings expectations from one year to an-

ther. It is possible that earnings expectations are measured with errors

n both periods, which would imply a biased regression coefficient. 

. Theoretical foundations of measurment errors 

.1. Quantifying reliability and measurement error variance 

Consider that one or more questions are used to create variable 𝑊 to

escribe construct 𝑋. The true variable, 𝑋, is, accordingly, not observed,

nd 𝑊 can be an error-prone measurement. When measurement errors

re independent of the true variable, they are referred to as classical

easurement errors : 

 = 𝑋+ ∈, ∈∼ N 

(
0 , 𝜎2 ∈

)
(1)

The observed measure, 𝑊 , is hence an unbiased measure of 𝑋, but

t is accompanied by a random error term, ∈. The errors are assumed to

e independent of 𝑋, and 𝜎2 ∈ is the measurement error variance. With

hese assumptions, the reliability is the ratio of the variance of the true

ariable to the variance of the observed measurement. The reliability

an be estimated if we have two (or more) observed repeated measure-

ents of the same variable (replicate measurements). Sometimes the

eplicate measurement is referred to as a parallel measurement. A par-

llel measurement can be obtained by adding another set of questions to

easure the same construct, for example by asking the same individuals

he same question(s) in two different periods. 4 The reliability of a vari-

ble can be calculated as the correlation, 𝜌𝑊 1 𝑊 2 
, between two parallel

easurements, 𝑊 1 and 𝑊 2 ( Carmines and Zeller 1979 ). 

𝑊 1 𝑊 2 
= 

𝜎𝑊 1 𝑊 2 

𝜎𝑊 

𝜎𝑊 

= 

𝜎( 𝑋+ ∈1 ) ( 𝑋+ ∈2 ) 
𝜎𝑊 

𝜎𝑊 

= 

𝜎2 ( 𝑋 ) 
𝜎2 ( 𝑊 ) 

(2)
1 2 1 2 

4 Parallel measurements have the same true underlying score and equal vari- 

nce. The measurement errors found in different parallel measurements are as- 

umed not to be correlated. 

 

t  

i  

w  

3 
The covariance of these two measures is equal to the variance of the

true ” variable, 𝑋, because the measurement errors, ∈𝑟 , are not corre-

ated with each other or with 𝑋. With this estimate of the reliability

atio, we can easily find an estimate of the variance of the measurement

rror, which in fact is more easily transferable to external data. 

The idea behind the test–retest method is to obtain two parallel mea-

urements – that is, to perform the test once and then repeat it at least

ne more time. However, the appropriate timing of the measurements

s difficult to determine. If the retest is repeated too soon, the reliabil-

ty can be overestimated because individuals can remember their pre-

ious answer. On the other hand, if too much time is left between the

rst survey and the collection of the parallel measurement (retest), it

s possible that the underlying true score has changed, because their

rue expectation has actually changed, and hence the reliability will be

nderestimated. 

Another criticism is that the reliability could be low because of a

eactivity problem ( Carmines and Zeller, 1979 ). Measuring a concept

nce can cause a change in the true score of that concept. Carmines and

eller (1979) specified some properties that parallel measurements

hould have: first, the expected value and variance of the parallel mea-

urements should be equal, 𝐸( 𝑊 1 ) = 𝐸( 𝑊 2 ) and 𝜎2 
𝑊 1 

= 𝜎2 
𝑊 2 

; second, the

orrelation of several parallel measurements should be equal for differ-

nt pairs, 𝜌𝑊 1 𝑊 2 
= 𝜌𝑊 1 𝑊 3 

= 𝜌𝑊 2 𝑊 3 
; and, third, the correlation of parallel

easurements and other variables (for example, 𝑌 ) should also be equal,

𝑊 1 𝑌 
= 𝜌𝑊 2 𝑌 

= 𝜌𝑊 3 𝑌 
. Once data have been collected, it is of course pos-

ible to test whether these assumptions are fulfilled. 

.2. Transferability of reliability and random measurement error variance 

o other data 

Reliability induction is a concept that refers to the use of a reliability

easure that has been obtained from a previous study instead of calcu-

ating one from the data that will be analysed ( Vacha-Haase et al., 2002 ).

eliability should be considered as a property of a measured variable in

 specific sample. When a new measure is introduced, the reliability is

ften evaluated to provide support of the usefulness of the variable, but

he reliability does not need to be correct for subsequent studies. Ac-

ordingly, reliability induction can often be inappropriate because the

ample composition and variability can be largely different from the

riginal study. It can therefore be difficult to justify transferring a reli-

bility ratio from a different previous study. The best option, of course,

s for each study to include its own calculation of reliability that can

e used in the analysis. However, we are aware that frequently it is not

ossible to perform this analysis. For example, in a large-scale survey,

erforming a retest is often not an option. Therefore, it is often easier to

ustify the transfer of measurement error variance. A consistent estimate

f reliability is 

̂= 

𝜎̂2 𝑤 − 𝜎̂2 ∈

𝜎̂2 𝑤 
, (3)

here 𝜎̂2 𝑤 is the sample variance of 𝑊 and 𝜎2 ∈ is an estimate of the

easurement error variance. If we assume that the measurement error

ariance is similar in both studies, we can resort to reliability induction

nd use 𝜎2 ∈ from an external source. Kimball et al. (2008) also suggested

ecomputing the true-to-proxy variance ratio because the variability of

he proxy could be different in different samples. The degree of measure-

ent error can differ for many reasons, however – for example different

hrasing of the question, a different testing environment, different char-

cteristics of the individuals who answer and so on. Performing more

est–retest studies can shed light on which situations give rise to more

r less measurement error. 

The assumption of equal measurement error variance is impor-

ant. Studies on earnings expectations work with incomplete scenar-

os; that is, the information provided for the hypothetical situation for

hich the earnings expectations are considered is often not complete.
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5 We refer to Carroll et al. (2006) for further details. 
6 The implementation of this methodology in Stata can be found in Rabe- 

Hesketh et al. (2002) . 
7 The Stata program gllamm can also handle this situation. When a classi- 

cal measurement error model is assumed and a single covariate is measured 

with errors, a wrapper command, cme (covariate measurement error) is avail- 

able ( Rabe-Hesketh, 2003 ). Rabe-Hesketh et al. (2003b) provided the details of 

its implementation in Stata. While cme uses the command gllamm , the syntax is 

more user friendly. Both the option to use replication measures and the option 

to use a plug-in measure of the measurement error variance are implemented. 
anski (1999) distinguished feasible from counterfactual incomplete sce-

arios. In feasible incomplete scenarios, the respondents consider that

he question includes information on a possible “to-be-realized ” scenario

nd make their prediction, choice or expectation in accordance with the

uestion. In subjectively counterfactual incomplete scenarios, the sce-

ario does not support possible situations for a non-neglectable set of

espondents. In feasible incomplete scenarios, the respondents need to

peculate about the future, while, in counterfactual incomplete scenar-

os, it is also necessary to speculate about the past, which in some ways

s inconsistent with the actual past. The latter is, of course, much more

hallenging, and it is not clear how ideal respondents, and even less how

ctual respondents, logically interpret such questions. 

Reliability generalization (see, for example, Vacha-

aase et al. 2002 ), which is a meta-analysis of reliability, is of

ourse not possible for students’ earnings expectations due to the lack

f quantification of reliability. In the future, this may be a path to

btain further knowledge on how differences in the sample composition

nd test environment are related to reliability. 

.3. Dealing with measurement errors in regression models 

Carroll et al. (2006) provides a good starting point for someone who

s unfamiliar with the literature. The key difference among the differ-

nt approaches is the available information that can solve the problem.

irst, the information can be found either internally , that is, within the

rimary data, or externally , that is, in an independent study. When ex-

ernal information is used, we need to assume transferability so that the

odel parameters are also relevant to the primary data. Second, there

re different categories within the extra information available: valida-

ion data, replication data and instrumental data. Validation data refer to

he situation in which the correctly measured variable is available for

 subsample of the observations in addition to the variable measured

ith error. This situation is rare, and, for our study, it is not even pos-

ible. Replication data are obtained when the variable measured with

rror is collected more than once, which allows us to estimate the vari-

nce of the measurement error. This is the approach that we adopt in

his study. Instrumental data consider the case in which a second mea-

urement, that is, another variable, which is (highly) correlated with the

ariable measured with error, among other characteristics, is available.

he secondary measurement should not be part of the outcome model. 

Both validation data and replication measurements are rare in eco-

omics, and, from this perspective, the most common approach in eco-

omics is to use the instrumental variable methods. Still, finding a vari-

ble that is correlated with a variable measured with error but that also

eets other necessary requirements is not an easy task. Few studies use

eplication data; therefore, measures of reliability or the variance of the

easurement error are generally not known. While the data require-

ents are less strict for instrumental data than for both validation data

nd replication data, it is important to ensure that the assumptions for

nstrumental variable methods are fulfilled. Violation of these assump-

ions can produce significant bias, even in a case in which the actual

ariance of the measurement error is zero ( Carroll et al., 2006 ). It is

lso relevant to note that nonlinear error-in-variables regression models

re not identified with the standard assumption for instrumental vari-

bles, and stronger assumptions are necessary ( Amemiya, 1985 ). 

.3.1. Dealing with measurement errors in linear regressions 

The implications of and solutions to classical measurement errors

n linear regression have often been described in textbooks. A simple

odel, in which 𝑌 is the dependent variable and 𝑋 is the only explana-

ory variable, is a starting point: 

 = 𝛼 + 𝛽𝑥 𝑋 + 𝜀 (4)

and 𝛽𝑥 are the coefficients to be estimated, and 𝜀 is a random error

erm. 𝑊 , a realization of 𝑋 that contains a classical measurement error,

s available instead of 𝑋. Ordinary least squares regression of 𝑌 on 𝑊 
4 
mplies an attenuated regression slope, 𝛽𝑥 ∗ = 𝛽𝑥 𝜆, where 𝜆 = 

𝜎2 𝑥 
𝜎2 𝑥 + 𝜎2 ∈

< 1 ,

nd 𝛽𝑥 is the regression slope if 𝑋 is used. 5 The regression slope is,

ccordingly, biased towards zero with an attenuation factor 𝜆, which

as already been defined as reliability . The reliability ratio is the ratio

f the true variance ( 𝜎2 𝑥 ) to the observed variance ( 𝜎2 𝑥 + 𝜎2 ∈) . It is easy

o extend the model to include other explanatory variables, 𝑍, which

re not measured with errors. When the measurement error is specified

s above, a least squares regression of 𝑌 on ( 𝑊 , 𝑍 ) implies 𝛽𝑥 ∗∗ = 𝛽𝑥 𝜆1 ,

here 𝜆1 is conditional reliability and 𝜆1 = 

𝜎2 
𝑥 |𝑧 

𝜎2 
𝑤 |𝑧 = 

𝜎2 
𝑥 |𝑧 

𝜎2 
𝑥 |𝑧 + 𝜎2 ∈ . 𝜎2 

𝑥 |𝑧 and 𝜎2 
𝑤 |𝑧 

re the residual variances from the regressions of 𝑋 on 𝑍 and of 𝑊 on

. 

.3.2. Dealing with measurement errors in generalized linear latent models 

In a generalized linear latent and mixed model ( gllamm ), a measure-

ent error model is considered in the relationship between the observed

ariables and the true variable ( Rabe-Hesketh et al., 2004 ). 6 Rabe-

esketh et al. (2003a) proposed a further refinement of the method-

logy and relaxed the normality assumptions of the true covariates and

he measurement error. They developed a nonparametric maximum like-

ihood estimator for gllamm . 7 In Section 5.2 , we provide a description

f how to use an external measurement of the measurement error vari-

nce in a discrete choice model. This is performed with a generalized

inear latent and mixed model using the command cme (covariate mea-

urement error) and below, in this section, we provide the key features

f this model. 

Rabe-Hesketh et al.’s (2003a) study is our key reference for the

odel, although we keep the assumption of normality throughout our

xposure. In this model, the unobserved true value of the explanatory

ariable is modelled as a latent variable, and three sub-models are used:

n outcome model, a measurement model and a true covariate model.

he outcome model, which takes the form of a generalized linear model,

s of primary interest. The measurement model specifies the relationship

etween the true covariate and its measurements, while the true covari-

te model (or the exposure model in epidemiology) considers the rela-

ionship between the true covariate and the other explanatory variables.

he first model is the true covariate model : 

 𝑖 = 𝛾0 + 𝛾1 𝑍 𝑖 + 𝑢 𝑖 , 𝑢 𝑖 ∼ N 

(
0 , 𝜏2 

)
(5)

here 𝑋 𝑖 is the true (unobserved) covariate. The residuals, 𝑢 𝑖 , are as-

umed to be independent of the explanatory variable, 𝑍 𝑖 . 𝛾1 are regres-

ion parameters. More than one explanatory variable is allowed in the

odel, although, for simplicity, we use only one regressor in our expo-

ition of the model. Rabe-Hesketh et al. (2003a) refer to 𝑢 𝑖 as a latent

ariable. The reason for including explanatory variables in the specifi-

ation is to avoid the unrealistic assumption that the true covariate, 𝑋 𝑖 ,

s independent of the other variables in the outcome model. 

Next, we consider a classical measurement error model : 

 𝑖𝑟 = 𝑋 𝑖 + ∈𝑖𝑟 , ∈𝑖𝑟 ∼ N 

(
0 , 𝜎2 ∈

)
(6)

here 𝑊 𝑖𝑟 is the 𝑟 th exposure measurement that is available for unit 𝑖

nd is an unbiased measurement of the true covariate. The measure-

ent error, ∈ , is independent of the true covariate 𝑋 . Note that
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8 The model is implemented in Stata, using the command cme or directly using 

gllamm . These Stata commands provide estimates of these structural parameters. 
e label the variance of the measurement error as 𝜎2 ∈, while Rabe-

esketh et al. (2003a) referred to it as 𝜎2 
𝑓 
. The property of a nondif-

erential measurement error applies to this specification, meaning that

 𝑖𝑟 does not include any additional information about the outcome,

 𝑖 , other than what is found in 𝑋 𝑖 and 𝑍 𝑖 . The measured exposure is,

ccordingly, conditionally independent of the outcome given the true

ovariate, and different exposure measurements for the same 𝑖 are con-

itionally independent given the outcome and are sometimes labelled

urrogates ( Carroll et al. 2006 ). 

If the true covariate model is substituted into the measurement er-

or model, we obtain the reduced-formed measurement error model,

 𝑖𝑟 = 𝛾0 + 𝛾1 𝑍 𝑖 + 𝑢 𝑖 + ∈𝑖𝑗 . Conditionally on 𝑍 𝑖 , the variance of the mea-

urement is 𝜎2 
𝑥 |𝑧 = 𝜎2 ∈ + 𝜏2 , and we have more details of the conditional

eliability, 𝜆1 , which was introduced in Section 3.3 . If the explanatory

ariables explain a large share of the variance in the true covariate, the

onditional reliability can be substantially lower than the unconditional

eliability ( Rabe-Hesketh et al., 2003b ). 

The outcome model is specified as follows: 

 

(
𝜇𝑖 
)
= 𝛼0 + 𝛼1 𝑍 𝑖 + 𝛽𝑋 𝑖 (7)

The outcome variable 𝑌 𝑖 is modelled using a link function, 𝑔( ⋅) ; for

xample, if the dependent variable is binary, we can choose a logit link

unction. 𝑍 𝑖 is a set of explanatory variables measured without error, 𝑋 𝑖 

s the true covariate and 𝑊 𝑖 is the observed realization of 𝑋 𝑖 , which is

easured with errors. 𝛼 and 𝛽 are coefficients to be estimated. Gener-

lly, replacing 𝑋 𝑖 with 𝑊 𝑖 , will provide biased estimates of both 𝛼 and

. The method will take advantage of replication measures, instrumen-

al variables or a known measurement error variance to overcome this

roblem. The reduced-form outcome model is obtained by inserting the

rue covariate model into the expression above: 

 

(
𝜇𝑖 
)
= 𝛼0 + 𝛼1 𝑍 𝑖 + 𝛽

(
𝛾0 + 𝛾1 𝑍 𝑖 + 𝑢 𝑖 

)
= 𝛿0 + 𝛿1 𝑍 𝑖 + 𝛽𝑢 𝑖 (8)

here 𝛿0 and 𝛿1 are parameters of the reduced-form equation, that is,

0 = 𝛼0 + 𝛽𝛾0 and 𝛿1 = 𝛼1 + 𝛽𝛾1 . A logit specification of the link func-

ion would imply 𝑙𝑜𝑔𝑖𝑡 ( 𝑃 [ 𝑑 𝑖 = 1 |𝑋 𝑖 ] ) = 𝛿0 + 𝛿1 𝑋 𝑖 + 𝛽𝑢 𝑖 , where 𝑑 𝑖 is a bi-

ary dependent variable and 𝑃 indicates a probability. When only one

easurement, 𝑊 𝑖 , is available, 𝜎2 ∈, 𝜏2 and 𝛽 are not jointly identified

y the first- and second-order moments of the observed variables. How-

ver, if we have prior knowledge of the measurement error variance,
2 
∈, we can plug in this information to estimate the rest of the param-

ters. A limitation of this method is that the estimation uncertainty for

hat parameter is removed and the standard errors of the rest of the pa-

ameters will be slightly underestimated. Therefore, with uncertainty in

he precision, it is reasonable to refer to the procedure as a sensitivity

nalysis. 

The overview of the model is made in a rather strict way, but many

ssumptions can be relaxed in weaker versions. As mentioned above,

abe-Hesketh et al. (2003a ) (2003b) suggested the use of nonparametric

odels when assumptions of normality of the true covariates and the

easurement errors are unrealistic. A congeneric measurement model

an replace the classical measurement model explained above ( Rabe-

esketh et al., 2003b ). This allows the use of an instrumental variable

nstead of a replicate measurement. 

The estimation is made with maximum likelihood, and the likelihood

unction is 

 

(
𝜃𝐷 , 𝜃𝑀 

, 𝜏
)
= 

∏
𝑖 

∫ 𝑃 ( 𝑑 𝑖 |𝑢 𝑖 ; 𝜃𝐷 ) 𝑛 𝑖 ∏
𝑟 =1 

𝑔( 𝑊 𝑖𝑟 |𝑢 𝑖 ; 𝜃𝑀 

) 𝑔 
(
𝑢 𝑖 ; 𝜏

)
d 𝑢 𝑖 (9)

𝐷 and 𝜃𝑀 

are parameters from the outcome model and the measure-

ent model, respectively. 𝑛 𝑖 is the number of replicate measures that

re available for individual 𝑖 . 

For logistic regression with classical measurement error, as suggested

bove, the following specifications are used in the construction of the

ikelihood: 

 ( 𝑑 𝑖 |𝑢 𝑖 ; 𝜃𝐷 ) = 

exp 
{
𝑑 𝑖 
[
𝛼0 + 𝛽𝛾0 + 

(
𝛼1 + 𝛽𝛾1 

)
𝑍 𝑖 + 𝛽𝑢 𝑖 

]}
1 + exp 

{
𝑑 𝑖 
[
𝛼0 + 𝛽𝛾0 + 

(
𝛼1 + 𝛽𝛾1 

)
𝑍 𝑖 + 𝛽𝑢 𝑖 

]} (10)
5 
 

(
𝑊 𝑖𝑟 |𝑢 𝑖 ; 𝜃𝑀 

)
= 

1 √ 

2 𝜋𝜎2 ∈
exp 

( 

− 

[
𝑊 𝑖𝑟 − 

(
𝛾0 + 𝛾1 𝑍 𝑖 + 𝑢 𝑖 

)]2 
2 𝜎2 ∈

) 

(11)

 

(
𝑢 𝑖 ; 𝜏

)
= 

1 √
2 𝜋𝜏2 

exp 

( 

− 

𝑢 2 
𝑖 

2 𝜏2 

) 

(12)

The likelihood can be integrated numerically using Gauss–Hermite

uadrature. Notice that the expressions above include the structural pa-

ameters, 𝛼, 𝛾, 𝛽, rather than the reduced-form parameters. 8 

In Section 5 , we provide an empirical example of this model. The es-

imate of the measurement error variance for students’ log earnings ex-

ectations in our example is presented in Section 5.1 . In Section 5.2 , we

se this variance as external information in a generalized linear latent

nd mixed model. More specifically, we estimate a model that uses stu-

ents’ log earnings expectations to explain their expectations of achiev-

ng a university degree. 

. The data 

.1. Collection of the data used in the reliability analysis 

The data for the reliability analysis were collected in 2015 from stu-

ents taking the Analysis of Economic Data course at the University of

he Balearic Islands (UIB). The course was taught in the first year of the

conomics and business administration degrees. We carried out three

aves of a survey, the first of which was held in a computer lab during

lass time in the first week of the course. In addition to questions rel-

vant to our study, the survey included a wide variety of questions to

reate a dataset that students would later use during the introductory

ourse in statistics. The key questions for this study will be explained

elow. The second wave took place outside class time 14 days after the

rst wave. Finally, the third wave was conducted outside class time, and

he average time span between the first survey and this third wave was

bout 74 days. The number of students participating in the third wave

301) was lower than the number of participants in the first two waves

399). The number of students who participated in all the waves was

80. 

Generally, in a test–retest analysis, there is no optimal spacing be-

ween the collection of the parallel measurements. Test–retest studies

nly tend to consider two waves, and the spacing between waves de-

ends on the topic. To the best of our knowledge, previous studies

ave not offered a discussion about the optimum timing between waves

r stated why the authors decided to apply a specific timing between

aves. In our case, as in Krueger and Schkade (2008) , we opted to use

 time span of two weeks between the first and the second wave. An-

ther important issue that other studies have not taken into account

s that reliability could be overestimated if the respondents remember

heir initial answer. Therefore, to improve our reliability analysis, we

lso decided to include a third wave with a longer time span between

he second and the third wave. 

.2. Key variable: Students’ earnings expectations 

The key interest for this study is students’ earnings expectations. This

ariable is obtained from the elicited responses to the following ques-

ion: 

What do you think your average gross monthly salary will be after

ou have graduated in the studies that you are currently attending? 

This question was repeated in all three waves. In Fig. 1 , we depict the

stimated kernel densities of the log earnings expectations for the three

aves. The densities for the different waves are very similar, suggesting
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Table 1 

Descriptive statistics for earnings expectations. 

Panel A 

Wave 1 Wave 2 Wave 3 

Mean s.d. n Mean s.d. n mean s.d. n 

Earnings expectations 1634.3 771.0 464 1645.0 733.7 419 1628.7 619.9 310 

Log earnings expect. 7.32 0.38 464 7.33 0.37 419 7.33 0.36 310 

Panel B 

Wave 2 – Wave 1 Wave 3 – Wave 1 Wave 3 – Wave 2 

mean s.d. n Mean s.d. n mean s.d. n 

Log earnings expect. 0.0177 0.3081 314 0.0056 0.2945 231 0.0065 0.3434 219 

Notes: Earnings expectations are measured in Euros per month. n refers to the number of valid answers. 

The logarithmic transformation is the natural logarithm. 

Fig. 1. Distribution of the three repeated measures of earnings expectations. 

Table 2 

Correlation matrix on log earnings expectation. 

Wave 1 Wave 2 Wave 3 

Wave 1 0.6118 (399) 0.6197 (301) 

Wave 2 0.5898 (280) 0.5632 (284) 

Wave 3 0.6378 (280) 0.5684 (280) 

Notes: The three cells in the lower left corner refer to 

the group of students that answered all three waves. The 

three cells in the upper right corner refer to students in 

the two waves analysed, but not necessarily in the third. 

The sample size is included in parenthesis. 
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hat the elicited earnings expectations in the three waves might be good

arallel measurements. In Panel A of Table 1 , we report the correspond-

ng means and standard deviations. The average earnings expectation

n the three waves ranges between €1628 and €1645 per month. The

tandard deviations are also fairly similar in the three waves. In Panel

 of Table 1 , we report the distribution of the within-individual differ-

nces between waves, and we observe that the average is close to zero,

hile the standard deviation is rather high. This is the first indication

hat some students have made large changes to their answers. This is

valuated in more detail in the following section. 

. Results 

.1. Test-retest reliability of log earnings expectations 

Table 2 contains a correlation matrix on test–retest reliability; the

alues in parentheses refer to the sample size. The correlation coeffi-

ient is calculated for both a restricted sample composed of the students

ho participated in all three waves (hereafter restricted sample) and an
6 
nrestricted sample consisting of the students participating in each pair

f waves (hereafter unrestricted sample). 

For the unrestricted sample in the first two waves, the correlation of

wn log earnings expectations, that is, our estimate of the ratio of the

ariance of the true variable (X) to the variance of the observed vari-

ble (W), is about 0.61, which implies a measurement error variance of

.0516. The correlation for this measure for the first and third waves is

ractically identical, 0.62, while that for the second and third waves is

.56. The correlations for the restricted sample are fairly similar: 0.59,

.64 and 0.57, respectively. All these correlations taken together sug-

est fairly low reliability; hence, in our data, random measurement er-

or seems to be important. Unfortunately, we cannot compare our results

ith those of other studies on the reliability of earnings expectations be-

ause of the lack of such studies. However, surveys including questions

bout actual observed earnings are also found to have measurement er-

ors, and our results can be compared with these results, though they

o not measure the same concept. Bound and Krueger (1991) reported

 ratio of variance of the signal to the total variance for earnings of 0.82

or men and 0.92 for women. This information was obtained with survey

nd complementary data from administrative social security payroll tax

ecords. Gottschalk and Huynh (2010) also used administrative data to

nd a reliability ratio for survey data. Their measure of annual earnings

as based on monthly observations, but the data contained missing val-

es; therefore, they imputed these values. The reliability was 0.67 for

he full sample (n = 3742) and 0.73 for a restricted sample ( n = 2587)

ith no imputed earnings. This reliability is not far from what we esti-

ate with our data. 

In our case, about 26% of the respondents in the first and second

aves maintained the same earnings expectation in both waves. About

7% kept the same earnings expectation in the first and third waves

nd about 26% in the second and third waves. Approximately 14% of

hose who participated in the three waves provided the same earnings

xpectation in all three waves. The mean of the absolute difference in

arnings expectations between the first and the second wave was about

74 euros. The median of the absolute difference was 200 euros, while

he third quartile was 500 euros. The corresponding values between

he first and the third wave were 399, 300 and 500 euros, respectively.

hese results indicate that many students changed their reported earn-

ngs expectations in a reasonably short period of time, implying that the

ariable could contain a random measurement error. This circumstance

as been already suggested in previous studies; however, they did not

ffer much discussion. Our measure of reliability is evaluated further in

he following sections. 

.1.1. Are the repeated measurements of earnings expectations parallel 

easurements? 

We performed several tests to determine whether our repeated mea-

urements of earnings expectations are parallel measurements. The test

nvolves testing the equality of means and variances of the earnings ex-
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Table 3 

p -Values on hypothesis of equal mean and variances. 

Mean Variance 

Wave 1 Wave 2 Wave 3 Wave 1 Wave 2 Wave 3 

Wave 1 0. 4186 (399) 0.9758 (301) 0.8229 (399) 0.8040 (301) 

Wave 2 0.5654 (280) 0.8249 (283) 0.2509 (280) 0.3429 (283) 

Wave 3 0.7133 (280) 0.8168 (280) 0.7699 (280) 0.3920 (280) 

Notes: The three cells in the lower left corner refer to the group of students that answered all three 

surveys. The three cells in the upper right corner refer to students found in the two surveys analysed, 

but not necessarily in the third. The same idea concerns the variance. The sample size is included in 

parenthesis. 

Table 4 

Correlation of log earnings expectations and other variables. 

Self-assessed skills Risk 

Maths Verbal Social Commercial aversion 

Wave 1 0.0347 0.1025 0.0824 0.1030 0.0866 

Wave 2 0.0895 0.0783 0.1248 0.1577 0.1645 

Wave 3 0.0628 0.0808 0.1239 0.0844 0.1094 

Note: Risk aversion is measured on a scale where higher values 

indicate less risk aversion. 
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0  
ectations elicited in the different waves, three in our case. We report

he results of these tests in Table 3 . The table contains the p -values of

hese tests, which include results for both the restricted (below the main

iagonal) and the unrestricted sample (above the main diagonal). The

ypothesis of equal means is never rejected at the conventional signifi-

ance levels. The same applies to the hypothesis of equal variances. We

lso performed Kolmogorov–Smirnov tests for paired data to test the

quality of the distribution functions for all the combinations of pairs

f waves. The hypothesis of equality in distribution was also never re-

ected. 

An additional test to confirm that the measurements of earnings ex-

ectations observed during the different waves can be considered as par-

llel measurements consisted of calculating the correlation coefficients

f these repeated measures of earnings expectations with other vari-

bles picked up from the same study. In this regard, in the first wave

f the survey, we asked the surveyed students to self-assess their own

elf-perceived skills in the following four domains: mathematics, verbal,

ocial and commercial. Self-assessment was carried out on the basis of

n ordinal scale ranging from 1 to 10. We also constructed a subjective

isk aversion measure by asking students their willingness to take risk

sing a 10-point ordinal scale, on which (1) is not at all willing to take

isks and (10) is fully prepared to take risks. See the Appendix for the

xact formulation of these survey questions. In Table 4 , we show the

orrelation analysis of students’ earnings expectations with these five

elf-assessed measures of self-perceived skills and risk aversion. 

The correlation between the log earnings expectations – measured

n any of the three waves – and the different self-assessed skills and

illingness to take risk is found to be very weak. Since log earnings

xpectations appear to be measured with random errors, the estimated

orrelation coefficients are likely to be underestimations of the corre-

ation of the true variables. It is also possible that other variables are

lso measured with errors, which would exacerbate the measurement

rror problem. The hypothesis that the correlation is equal in the two

aves is never rejected. The results of the tests reported in Tables 3 and

 support the assumption that the repeated measurements of earnings

xpectations in our study can be used as parallel measurements. 

.1.2. Is the reactivity problem, new information or memory altering the 

eliability? 

One reason for the low correlation between the first and the second

ave could be that students had discussed their answers after the first
7 
ave and that their answers in the retest carried out two weeks later

ight have been adjusted as a result of these exchanges of information

ith their classmates. Another possibility is that, after the first wave,

hich was conducted in the computer lab, some students might have

earched for additional information about earnings, but we think that

his option is very unlikely. During the survey, students were compelled

ot to discuss their answers; however, as we mentioned above, there is

o guarantee that they did not discuss it afterwards. In the second wave,

e asked the students whether they had discussed their responses with

omeone, and 277 respondents answered that they had not. For this

ubgroup, the correlation is 0.6163, which is very similar to that found

or the full sample. This suggests that, in this case, the reactivity problem

s not causing an underestimation of the reliability. 

It is worth noting that, despite the time spans between periods being

ery different, about 14 and 74 days, the correlations across periods are

ery similar. If students remember their first answer, this can cause the

eliability from the first to the second wave to be overestimated. On the

ontrary, if students receive new information, thus potentially prompt-

ng them to revise their expectations, the reliability from the first to

he third session will be underestimated. These biases work in opposing

ays, which would make the first measure “too large ” and the second

too small ”, but, despite this, the point estimates are found to be almost

dentical. To some extent, these results mitigate the concerns about pos-

ible biases due to memory or new information. It is important to keep in

ind that many different scenarios of earnings perception were included

n the first survey, making it more difficult to remember the answers. If

 small survey with few questions is used, the risk that students will re-

ember their answers will be higher and a time span of only two weeks

etween waves could be too short. 

.1.3. Is the variance of the log earnings expectation particularly small in 

ur sample? 

The low reliability that we find in Section 5 could be a consequence

f analysing a sample with low variance in log earnings expectations.

ransferring the measurement error variance to samples with higher

ariance would imply higher reliability ( Eq. (3 )). Accordingly, it is

nteresting to compare the variance of the log earnings expectations

n our sample with that estimated in other studies. The literature on

tudents’ earnings expectations has often used samples that consist of

 group of students, generally from the same university and in most

ases studying for the same degree. The variance of earnings expec-

ations can hence be rather low. Hartog and Diaz-Serrano (2013) re-

iewed the literature and found that the coefficient of variation of stu-

ents’ earnings expectations ranged from 0.2 to 0.4 in the different stud-

es. Brunello et al. (2004) analysed earnings expectations in 10 Euro-

ean countries and reported a standard deviation of after-college log

xpected earnings of 0.56. We consider this figure to be rather low

ince these authors pooled earnings expectations from different coun-

ries. Webbing and Hartog (2004) reported a coefficient of variation

f 0.37, which fits within the values reported by Hartog and Diaz-

errano (2013) , and a standard deviation of log earnings expectations of

.29. In our study, in the first wave, the coefficient of variation of earn-
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Table 5 

Reliability and descriptive statistics for log earnings expectation. 

Description Notation Value in current study 

Reliability 𝑟 𝑤 1 𝑤 2 0.6118 

Variance of measurement error 𝜎̂2 
∈ 0.0516 

Mean of log earnings expectation 𝑊̄ 7.3260 

Variance of log earnings expectation 𝜎̂2 
𝑊 

0.1330 

Variance of true log earnings expectations 𝜎̂2 
𝑋 

0.0814 

Note: The reliability is calculated using answers from the first and second 

wave because the sample size is largest for this combination. The mean and 

variance refer to the joint mean and variance for the two waves. 
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10 The Stata program gllamm (see Rabe-Hesketh et al. 2003a ) implements a 

generalized linear model with covariate measurement errors, and, in the absence 

of replicate measurements, the measurement error variance can be provided by 

an external study. 
11 Gillen et al. (2019) named their methodology obviously related instrumental 

variables (ORIV), and the idea was to stack two models, one in which the second 

measure is used to instrument the first and another in which the opposite is 

used. 
ngs expectations (i.e., before calculating the logarithm) is about 0.47.

he standard deviation of log earnings expectations is about 0.37. These

alues are quite large compared with the ones estimated in other stud-

es, and it is clear that our sample does not stand out in the literature

s being a case of particularly low variation in log earnings expecta-

ions. All this evidence taken together suggests that samples with low

ariation in log earnings expectations are common and, accordingly, the

ow reliability found in our study is what we should expect if a reliabil-

ty analysis had been carried out in the previous studies dealing with

arnings expectations. 

An interesting feature of our survey is that we also collected stu-

ents’ earnings expectations within different hypothetical scenarios.

ore specifically, we randomly assigned a different university field of

tudy (medicine, sociology, engineering, etc.) to each student and asked

hem to report their earnings expectations in the hypothetical case that

hey graduated from this randomly assigned university field of study.

his randomization was only made in the first wave; therefore, the earn-

ngs expectations for the hypothetical field of study assigned to each

articipant refers to the same field in the three waves. 9 In these ran-

omly assigned fields of study, the coefficient of variation in the first

ave is 0.46, the estimated correlation of the log earnings expectations

n the test–retest is 0.6575 (n = 396) and the measurement error vari-

nce is 0.0558. This correlation is quite similar to the one estimated for

regular ” log earnings expectations (0.6118). If we restrict the sample

o those students who did not discuss earnings expectations with any-

ne, for the hypothetical randomly assigned fields of study, we estimate

 correlation of 0.6374 (n = 274), which is very similar to the one esti-

ated using the full sample and the one referring to their current field

f study (0.6163). This result indicates that the measurement errors in

he two types of earnings expectations are practically the same. 

.2. Using the measurement error variance as a sensitivity analysis in 

egression models 

The overall impression from the previous section is that repeatedly

sking students about their earnings expectations with a time span of

ither 14 or 74 days in both cases provides suitable parallel measure-

ents for quantifying reliability and obtaining the measurement error

ariance for students’ log earnings expectations. This section shows how

o use the measurement error variance that we obtained in our study in

nother similar study using different data. The key assumption is that

he variances of the measurement error are similar; hence, for this exer-

ise, we consider a survey in which expectations have been elicited in a

imilar way to the data that we used in our reliability study. From our

urrent study, we obtained the variance of the true log expectations,

̂ 2 
𝑊 

𝑟 𝑤 1 𝑤 2 = 0 . 1330 × 0 . 6118 ≈ 0 . 0814 ; accordingly, the variance of the

easurement error is 𝜎̂2 ∈ = 𝜎̂2 
𝑊 

− 𝜎̂2 
𝑋 
= 0 . 1330 − 0 . 0814 ≈ 0 . 0516 . Table 5

rovides the relevant information. 

As we explained previously, the consequences of using an explana-

ory variable with a classical measurement error include, for example,
9 In the Appendix, we provide the complete set of randomly assigned hypo- 

hetical university fields of study. 

t

s

t

8 
hat the estimated coefficient is biased. However, as we explained above,

nder certain assumptions, the variance of the measurement error ob-

ained in one study can be used to correct the bias of the estimated co-

fficient in another study in which the explanatory variable of interest

e.g., earnings expectations) is measured with errors and reliability anal-

sis is not possible. 10 Note that, before our study, there was no previous

nformation on the magnitude of the variance of log earnings expecta-

ions’ measurement error. When repeated measurements are available,

he methodology proposed by Gillen et al. (2019) can also be applied to

ake the measurement error into account in a regression model. In this

xample, we estimate a logit model, but this correction can also be used

n a linear regression model. 11 To assess the extent of the random mea-

urement error problem, in this example we use three samples, which

re described below. 

.2.1. Samples 

Sample 1: University of Balearic Islands (UIB) 

The first sample we use in our example is the same we have used to

arry out our reliability analysis. That is, the sample of students attend-

ng the Economics degree and the Management degree at the Univer-

ity of Balearic Islands (UIB). This data has been described in detail in

ection 4 . In this example, we estimate the impact of log earnings expec-

ations to explain the choice between being attending the management

egree (1) vs. the economics degree (0) 

Sample 2: Rovira i Virgili University (URV) 

The second sample consists of data coming from a survey carried out

n 2013 to students attending the Management degree and the Finance &

ccounting degree at Rovira i Virgili University (URV). This is a Catalan

niversity, which is located 100 kms to south of Barcelona. In the URV

tudy, we used the same questionnaire as the one used in the UIB study.

he interesting feature of the URV data is that the sample is very similar

o the UIB sample, and the standard deviation of log earnings expecta-

ions in both samples is the same. In this context, to assume that the

easurement error variance in both samples is similar is very plausible.

n this example, we estimate the impact of log earnings expectations to

xplain the choice between being attending the management degree (1)

s. the finance and accounting degree (0) 

Sample 3: High school students in Catalonia 

This sample comes from a survey conducted in April/May 2016 in

ublic secondary education schools in Catalonia, a region in the north-

ast of Spain, of which the capital is Barcelona. The survey was specially

esigned to collect data for a research project on the determinants of

tudents’ expectations and school choices. The database contains infor-

ation regarding socio-demographic characteristics, personality traits,

ognitive and non-cognitive skills, family background, school outcomes,

tudents’ academic intentions for the next year and academic and labour

arket expectations in the medium and the long run, including earnings

xpectations. 

The invitation to participate in the survey was sent to all the pub-

ic secondary schools in Catalonia (564 in total), of which 92 agreed

o participate. 12 Almost half of the surveyed students (45.5%) were in

heir last year of compulsory secondary education (aged 16), and the

est were enrolled in post-compulsory secondary education (aged 17–
12 For those schools that decided to participate, the questionnaire was adminis- 

ered in the classroom. Since class attendance is compulsory for those attending 

econdary education, all the students present on the day of the survey completed 

he questionnaire. Thus, we consider that attrition is not an issue of concern. 
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Table 6 

Modelling expectation to obtain a university degree. 

High School sample Expectation of 

university degree 

URV sample Management (1) vs. 

Finance & Accounting (0) 

UIB sample Management (1) vs. 

Economics (0) 

Logit CME Logit CME Logit CME 

Log(expected earnings) 0.368 ∗ ∗ ∗ 0.464 ∗ ∗ ∗ -1.395 ∗ ∗ ∗ -2.701 ∗ ∗ ∗ -0.867 ∗ ∗ -1.686 ∗ ∗ 

(0.0956) (0.121) (0.381) (0.826) (0.410) (0.834) 

Female -0.252 ∗ -0.263 ∗ ∗ -0.259 -0.366 -0.563 ∗ ∗ -0.419 ∗ 

(0.134) (0.134) (0.245) (0.268) (0.275) (0.243) 

Born abroad 0.813 ∗ ∗ ∗ 0.827 ∗ ∗ ∗ -0.463 -0.450 0.447 0.302 

(0.100) (0.101) (0.355) (0.365) (0.587) (0.475) 

Grades CE 0.686 ∗ ∗ ∗ 0.688 ∗ ∗ ∗ 0.399 ∗ ∗ ∗ 0.367 ∗ ∗ ∗ 0.0153 0.102 

(0.0535) (0.0536) (0.134) (0.135) (0.0822) (0.0713) 

Self-reported math skills 0.0836 ∗ ∗ ∗ 0.0823 ∗ ∗ ∗ 0.0139 ∗ ∗ 0.0176 ∗ ∗ 0.109 0.0145 

(0.0215) (0.0215) (0.00620) (0.00686) (0.0809) (0.0640) 

Father college degree 0.385 ∗ ∗ ∗ 0.387 ∗ ∗ ∗ 0.447 0.530 -0.765 ∗ -0.417 

(0.145) (0.145) (0.351) (0.362) (0.404) (0.309) 

Mother college degree 0.529 ∗ ∗ ∗ 0.526 ∗ ∗ ∗ -0.0870 -0.0251 0.210 0.144 

(0.130) (0.130) (0.338) (0.350) (0.327) (0.254) 

Constant -7.265 ∗ ∗ ∗ -7.957 ∗ ∗ ∗ 7.596 ∗ ∗ ∗ 17.29 ∗ ∗ ∗ 6.562 ∗ ∗ 12.44 ∗ ∗ 

(0.778) (0.945) (2.741) (3.039) (3.062) (5.974) 

Assumed ME variance 0.05 0.05 0.05 

Estimated reliablity 0.79 0.53 0.53 

St. dev. (log exp.earnings) 0.50 0.34 

Observations 2,921 2,921 374 268 

Standard errors in parentheses; ∗ ∗ ∗ p < 0.01, ∗ ∗ p < 0.05, ∗ p < 0.1. 
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6  
8). Among the latter group, 35.7% were students attending high school

nd 18.8% were following a lower vocational training programme. In

his example, we focus on adolescent students in their last year of com-

ulsory secondary education. 

In these data, adolescent students were asked about their earnings

xpectations under different scenarios. The specific scenario that we are

nterested in regards the earnings expectations in the hypothetical situ-

tion that respondents enter the labour market with a university degree.

ore specifically, adolescents were asked to answer the following ques-

ion: “What monthly salary do you think you would earn if you found a job

ith a college degree? ”. In this example, we estimate a logit binary model,

hich requires the variance of the measurement error as an input unless

 repeated measurement is available. 13 We use log earnings expecta-

ions, as defined above, to explain students’ expectations of achieving a

niversity degree. The dependent variable is created from the question

What is the highest level of education you expect to achieve? ”. We create a

ummy variable that takes the value 1 if the surveyed students answer

hat they expect to achieve a university degree and 0 otherwise. Ac-

ording to human capital theory, we should expect a positive relation-

hip between earnings expectations and the expectations of achieving

 university degree. To test the extent to which the results are affected

y measurement errors, we first estimate the model without considering

easurement errors. Afterwards, we re-estimate the same model assum-

ng the existence of measurement errors, and we specify the variance of

he measurement error in the logit model ( cme ) obtained from our reli-

bility analysis using the data on earnings expectations of the UIB stu-

ents. We estimate the measurement error variance as 0.05 ( Table 5 ).

n this example, we make several simplifying assumptions. We assume

lassical measurement errors, in which the true covariate is normally

istributed ( Rabe-Hesketh et al. 2003b ), and that the other covariates

n the model are measured without errors. 

.2.2. Results 

The results of our example are reported in Table 6 . We will start

y commenting on the results obtained in the sample of high school stu-

ents. The results indicate that the estimated coefficient for earnings ex-

ectation is highly statistically significant and that the estimates that do
13 This model can be estimated using the cme Stata command ( Rabe- 

esketh, 2003 b). 

f  

t  

b  

9 
ot consider the existence of measurement error in log earnings expecta-

ions provide a downward-biased coefficient compared with the models

hat do: 0.368 vs. 0.464. The implication of this requires further elabo-

ation in the logit model. A 25% increase in the earnings expectations

ncreases the log odds of expecting to achieve a university degree by

 . 368 × log ( 1 . 25 ) = 0 . 082 , while, if we consider the existence of measure-

ent errors (cme), this increase is 0 . 464 × log ( 1 . 25 ) = 0 . 103 . The odds ra-

ios from an increase of 25% in the earnings expectations are calculated

s exp ( 𝛽 × log ( 1 . 25 )) . Accordingly, the odds ratios are 1.085 and 1.109,

espectively. These results indicate that a 25% increase in the earnings

xpectations raises the odds of expecting to achieve a university degree

y 8.5% with the conventional logit model, whereas it rises by 10.9%

ith the covariate measurement error model ( cme ). A simple example

an explain the meaning of this result in terms of a change in the prob-

bility. The proportion of students who expect to achieve a university

egree is 0.76. If we assume that this is the probability for the average

ndividual, then the odds are 3.17. With these figures, a 25% increase in

he earnings expectation raises the odds to 3 . 17 × 1 . 085 = 3 . 437 in the

ogit model and up to 3 . 17 × 1 . 109 = 3 . 512 in the covariate measure-

ent error model ( cme ). Transferring these numbers back to a probabil-

ty scale, we have 0.774 and 0.778, respectively. Therefore, the change

n the probability of expecting to achieve a university degree due to

 25% increase in earnings expectations is, accordingly, 0.014 for the

ogit model and 0.018 for the covariate measurement error model ( cme ).

hese are very small changes in the probability, in response to an im-

ortant change in earnings expectations. We should, however, keep in

ind that the initial probability is already fairly high in this sample. The

stimated reliability for the data used in the example ( Table 6 ) is 0.79,

hich is higher than the reliability that we estimated in our test–retest

tudy (0.61). This is because the standard deviation of log earnings ex-

ectations in these data (0.50) is higher than that in the data used to

arry out the test–retest analysis (0.34). This underlines the importance

f transferring the measurement error variance instead of the reliability.

Results regarding the UIB and the URV samples are quite different

o the ones obtained with the sample of high school students. In the UIB

ample, the percentage of students attending the management degree is

4%. According to the estimated coefficients reported in Table 6 , and

ollowing the steps described above, we obtain that a 25% increase in

he log earnings expectations causes an increase of the probability of

eing attending the management degree of 4.3 percentage points with
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Fig. 2. Estimated coefficients from different measurement error variances in cme models 

Note: Coefficients in absolute value. 
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14 Chen et al. (2011) reviewed the recent literature on nonclassical measure- 

ment errors. 
he logit model, and of 8.1 percentage points with the cme model. In the

RV sample, with a 69% of students attending the management degree,

he corresponding probability increases are of 6.2 and 11.2 percentage

oints with the logit and the cme model, respectively. In these two sam-

les, the bias and the probability changes are much higher that with

he sample of high school students. Note that in the UIB and the URV

amples, the estimated reliability for the data used in the regressions is

.53, which is significantly smaller than the estimated reliability in the

ample of high school students, 0.79. 

We cannot be sure that the measurement error variance in the data

sed in the example is the same as that in the data that we used in

ur test–retest analysis; therefore, we carry out an additional sensitivity

nalysis to cover a wider range of possible measurement error variances.

e re-estimate the covariate measurement error model ( cme ) using val-

es of the measurement error variance ranging from 0.01 to 0.08, with

teps of 0.01. The estimated coefficients, together with the coefficient

rom the conventional logit model, are depicted in Fig. 2 . 

This example shows how to take measurement error into account

n a sensitivity analysis and highlights that the magnitude of the esti-

ated effect can be very different from that in a model that assumes log

arnings expectations measured without errors. 

.3. Extensions: nonclassical measurement errors? 

Most of the literature on measurement errors, like our study, has re-

ied on the assumption of a classical measurement error, that is, that the

easurement error is not correlated with the latent true variable. While

he existence of classical measurement errors in earnings expectations is

ery likely, the possibility of nonclassical measurement errors could also

e plausible. For example, it could be that earnings expectations suffer

rom mean reversion, which is a type of nonclassical measurement error.

tudents might answer untruthfully, such that students with “truly ” high
10 
arnings expectations will tend to understate their answer, thus appear-

ng to be modest, while students with “truly ” low earnings expectations

ill tend to overstate their answers to appear more confident. The liter-

ture has provided some methodologies that would allow us to test for

he potential existence of nonclassical measurement errors in earnings

xpectations if this was the case. 14 

Studies analysing the existence of measurement errors in individuals’

eported income in surveys have generally relied on a validation sam-

le, in which the true variable is measured together with the error-prone

easurement (e.g., Bingley and Martinello 2017 , Bound et al. 1994 ,

hen et al. 2005 ). In Bound et al. (1994) and Chen et al. (2005) it is as-

umed that the validation variable does not include measurement errors.

owever, Bingley and Martinello’s (2017) study is different since they

llow for classical measurement error in the validation variable. They

upport the assumption of classical measurement error of the validation

ample because the information is based on third-party reports, that is,

eports originating from employers, banks and so on. Their results re-

orted a mild measurement error in the validation variable for income,

nd the measurement error in the survey data was found to be classical

or the annual gross income. Bingley and Martinello (2017) also showed

hat, when the validation data are (incorrectly) assumed to be free from

easurement error, a nonclassical measurement error in the survey data

ppears. 

There is an important difference between earnings expectations and

ealized earnings. These “true earnings ” are not available for earnings

xpectations, and the methods based on validation data are not an op-

ion in our case. In general, validation data are rarely available; there-

ore, more recent studies have proposed alternative identification strate-

ies that could also be used with earnings expectations. Instrumental
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15 It is interesting to note that the reliability of earnings expectations we find 

here is fairly similar to that Krueger and Schkade’s (2008) find for life satisfac- 

tion. 
ariables are one of the options ( Hahn and Ridder, 2017 ; Hu and Schen-

ach, 2008 ). Hu and Schennach (2008) suggested an instrumental vari-

ble strategy, with an additional assumption that, conditional on the

alue of the true regressor, a measure of the location of the measure-

ent error is equal to zero. The idea is that, even in situations in which

he conditional mean is not equal to zero, it could be the case that, for

xample, the conditional median is equal to zero. An advantage of their

ethod is that it can handle nonclassical measurement errors in “most

idely used models, including probit, logit, tobit, and duration models

”. The Hahn and Ridder (2017) instrumental variable solution is based

n a two-step control variable estimator that can handle both nonclas-

ical measurement errors and endogeneity problems for the same ex-

lanatory variable. This methodology requires “an exogenous shifter ”

s a valid instrument, which should also be independent of the mea-

urement errors, equation errors and first-stage errors. We note that, in

u and Schennach’s (2008) methodology, a repeated measure could be

sed as an instrumental variable, whereas this is not a feasible instru-

ent in Hahn and Ridder’s (2017) solution. 

Another practicable solution was proposed by Carroll et al. (2010) .

hey suggested an identification strategy for nonclassical measurement

rrors using two samples, neither of which needs a correct measurement

f the variable. They assumed that the samples differ with respect to an

ccurately measured discrete covariate and that the marginal distribu-

ion for the latent true variable is different. The latent model of interest

as, however, assumed to be the same for the two samples. 

Hu et al. (2022) considered a nonparametric regression model with

onclassical measurement errors in an explanatory variable. The exposi-

ion of the model only includes one explanatory variable, but additional

rror-free covariates can be included in practice. Identification is ob-

ained through “monotonicity of the regression function, independence

f the regression error, and completeness of the measurement error dis-

ribution ”. The monotonicity implies that that the fitted regression line

hould be either non-decreasing (or non-increasing) everywhere. The in-

ependence of the regression error of the latent regressor, X, and its mea-

urement, W, is a standard assumption of nondifferential error, which

mplies that, knowing the true variable, the error-prone measurement

oes not provide any additional information about the dependent vari-

ble. The assumption of completeness implies that the conditional den-

ity, 𝑓 𝑤 |𝑥 , is complete in both 𝑤 and 𝑥 , which is a weaker assumption

han the independence between 𝑥 and 𝑤 − 𝑥 . The model proposed by

u et al. (2022) is, accordingly, identified without the need for any of

he most common identification strategies: i) a validation sample with

he true measurement; ii) a secondary measurement of the error-prone

ariable; iii) an instrumental variable; and iv) an auxiliary sample. 

The models that are briefly described above show that there are fea-

ible options to allow for nonclassical measurement errors in studies of

arnings expectations. Note, however, that knowledge of the measure-

ent error variance from an external source is not enough for iden-

ification if the measurement error is nonclassical. The implementa-

ion requires careful planification in the data collection process to fulfil

he assumptions. Carroll et al. (2010) , Hu and Schennach (2008) and

u et al. (2022) estimated their models using “sieve ” maximum likeli-

ood. The “sieve ” method refers to maximizing, while keeping a sub-

pace of the parameters constrained, and then relaxing the constraint

s the sample size increases ( Geman and Hwang, 1981 ). Statistical soft-

are usually includes maximum likelihood and the option to impose

onstraints, but there is still an important practical hurdle when these

ethods are not directly available. 

. Conclusions and discussion 

The interest in eliciting expectations has increased in the economics

iterature, however, very little attention has been paid to the reliabil-

ty of these measures. Our study focused on the reliability of students’

og earnings expectations, and a test–retest evaluation was performed.

ur test–retest analysis revealed that the reliability of earnings expec-
11 
ations is low, which suggests that the problem of measurement errors

s important and it should be considered. 15 

Transient influences are, of course, difficult to capture in survey

uestions and, for the researcher, this will cause the variable to be

easured with a random error. Students can change their earnings ex-

ectations if new information arrives between sessions. Students were

sked about their earnings expectations three times., and in the second

ave they were asked whether they had discussed the question regard-

ng earnings expectations with their peers or family. We found that the

eliability for the group of students who provided a positive answer to

his question was the same as that estimated in the main sample. The

hird reason for changed expectations could be that, after facing the sur-

ey question for the first time, the respondents may make a more careful

onsideration of the answer in subsequent waves of the survey through

 more in-depth analysis when reading the same question again. If stu-

ents “learn ” how to answer the earnings expectation questions, the

xtent of measurement errors should decline and the measured relia-

ility should increase across successive survey waves. This is, however,

ot the case in our data, and random measurement errors are equally

elevant after facing the survey question once more. 

While it would be ideal for every study to perform its own evaluation

f reliability, we are aware that this is generally not feasible. In these

ases, we suggest using a measure of reliability (or quantification of the

ariance of the measurement error) from a study in which this problem

an be assumed to be similar. To show how this could be achieved, we

sed our reliability analysis of earnings expectations carried out with

ata from university students enrolled in the University of the Balearic

slands to correct the potential measurement error in earnings expecta-

ions from data on secondary education students. The necessary assump-

ion is that the variance of the measurement error in the two studies is

imilar. We used a binary logit model (expectations of achieving a col-

ege degree in the future) as an example. Our results reveal that, if the

easurement error in earnings expectations is not accounted for, the

stimated coefficient associated with this variable is biased downwards.

The findings reported throughout this analysis suggest that the re-

ults associated with the use of earnings expectations should be taken

ith some caution. Sensitivity analysis based on estimates or assump-

ions about the variance of the measurement error should be a natural

omponent of research using this variable. However, it is important to

onsider the population of interest. Earnings expectations for secondary

ducation students are expected to be more widely dispersed, which

mplies that the measurement error problem will be less severe than

n a sample extracted from a population of college students enrolled in

he same field of study ( Eq. (3 )). The variance in log earnings expecta-

ion is, for example, 0.48 for students in secondary education compared

ith 0.38 observed for the first wave in the UIB. In this context, the

ariance of the measurement error could also be different for the two

roups. Hopefully, measures of the variance of the measurement error

nd reliability in different studies will be collected in different situa-

ions, which will provide a more complete picture of the measurement

rror in students’ log earnings expectations. These measurements are

mportant starting values for a sensitivity analysis in other empirical

tudies using log earnings expectations. 
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