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Abstract

Recent literature has emphasized the importance of changes in occupation, i.e. oc-

cupational mobility, for both personal and aggregate outcomes. Despite the abundant

literature on occupational classification error, there is no mathematical formalization

for how misclassification impacts occupational mobility estimates. This paper fills that

gap by generalizing the classical notion of measurement error in a way that can be

applied to changes in discrete classification. In this framework mobility probabilities

are ambiguously biased, and I provide theoretical results giving conditions under which

that bias can be signed. In this context regressions on the mobility variable will also be

ambiguously biased. I apply these results to the Current Population Survey (CPS) and

show that misclassification in occupation leads to overestimation of the occupational

mobility rate, and rising measurement error leads to a spurious rise in raw occupational

mobility estimates from 2005 onward.
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1 Introduction

Occupational choice has been a topic of interest for economists dating back at least to Roy

[1951]. Occupation determines one’s earnings, lifestyle, healthcare access, et cetera. Indeed,

occupation is one of the most important things people choose in their lives. Choice of

occupation is also not static, people can and do change their occupation. This naturally

raises questions about what causes changes in occupation, and what the implications of

those changes are.

Despite there being good reasons to study occupational mobility, practical data concerns

often make doing so quite challenging. It is well known that occupations are difficult to

observe in practice, and are subject to substantial measurement error. In survey data for

example, occupations are determined by surveyor coding of written responses to questions

like “what is your primary activity?” or by self selection into occupational categories. In

the first case, the text the individual submits must be allowed to change for occupational

mobility to occur, however this leaves open the possibility for misinterpretation of changing

text and misclassification of the occupation. In the second case, individuals who are “on the

fence” may assign themselves to different occupation bins depending on the tasks they are

currently performing, even though their overall role remains the fixed.

By way of example, consider an individual who works as a dishwasher. Their regular tasks

may involve busing tables, washing dishes and doing prep work. Though their occupation

remains unchanged and we expect them to perform the same mix of tasks in the long run, the

actual tasks they perform may vary slightly in the short run. The individual may be assigned

to do prep work one month, and table bussing the next month. They may think of themselves

as a “dishwasher”, “prep-cook” or “bus-boy” depending on the recent tasks they’ve been

performing. This short run variation does not reflect genuine changes in the expected future

tasks they will perform. Never the less, it may change their responses to questions about
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their current activity or change the occupational label they assign themselves.

This paper contributes to the literature on occupational mobility by developing a novel

measurement error framework. In this framework I consider how measurement error in

discrete classifications affects estimates of classification changes. I then apply this framework

to the Current Population Survey (CPS), and show that the rise in missing answers found by

Fujita et al. [2020] seems to cause occupational mobility to rise spuriously. This framework

is necessary because occupational mobility is a discrete variable constructed from other

discrete variables. In the classical sense, dating back to Frisch [1934], measurement error

is thought of as a continuous white noise term entering linearly into a continuous equation.

More recently, econometricians have made strides in understanding different types of discrete

measurement error or “classification error”. However these models tend to rely on continuous

running variable as the source of the underlying measurement error.1 Occupational mobility,

however, is a discrete indicator for changes in a discrete variable. Its study necessitates a

corresponding notion of measurement error. To my knowledge this is the first paper to study

classification error with this characteristic in mind.

The theoretical results presented in this paper are applicable to more than just occupa-

tions. Indeed, they are applicable to any context in which there is a discrete indicator for

a change in some discrete classification. One could imagine this framework being applica-

ble to changes in industry, physical region, and education since in most data-sets these are

measured with some sort of discrete classification.

I apply this framework to the context of occupations by studying the raw occupational

mobility series in the Monthly Current Population Survey. I contrast the raw series with a

number of different adjusted series starting in 1994 and continuing into 2020. I find that

the unadjusted occupational mobility probability is increasing starting in 2006 and going

1see Chen et al. [2007] for an overview and Sullivan [2009] for an application of this to the context of

occupations.
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into 2020, however this pattern does not appear in a number of adjusted series including a

“missing at random” interpretation of dependent coding questions and a series adjusted a la.

Moscarini and Thomsson [2008]. I show that the fraction of missing answers to dependent

coding questions, questions used to determine genuine changes in occupation, has been rising

since 2005.2.

I rationalize this finding using my measurement error model and show that, as the degree

of measurement error increases, it is likely the measured rate of occupational mobility will

too. Applied to the context of the CPS, this explains why the raw occupational mobility

series is rising while the raw job to job mobility series is declining. Fujita et al. [2020] shows

that there are a rise in missing answers to dependent coding questions in the CPS. Missing

answers to dependent coding questions trigger independent coding of occupation, which is

associated with greater measurement error. My results imply that raw occupational mobility

will rise with more missing answers. At the same time, a missing at random assumption

for dependent coding questions leads to selection bias which causes job to job mobility to

decline. By using alternate filters developed by Moscarini [2005], I show that the degree of

the decline in occupational mobility can be significantly attenuated. It thus seems likely that

trends in occupational mobility since 2005 that are measured using the CPS are a result of

changes in the data collection process, and should be subject to skepticism.

Furthermore, this paper contributes to the literature on occupational mobility by doc-

umenting a discrepancy between studies that use different data sources. Studies that rely

on survey data may be more prone to error and thus would have upwardly biased estimates

of levels of occupational mobility, as has been previously documented by Moscarini and

Thomsson [2008]. This study further contributes to the literature by showing that trends in

occupational mobility are also subject to much great noise. This makes it much more diffi-

2This is due in part to the introduction of the Respondent Identification Policy as shown by Fujita et al.

[2020]
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cult to conduct analysis of occupational mobility in countries that don’t have occupational

information on administrative records, since miscoding of occupation can be frequent and

severe in survey data, as documented in Kambourov and Manovskii [2004].

The remainder of the paper is organized as follows: Section 2 reviews the existing liter-

ature; section 3 develops the model of measurement error to be used in the paper; section

4 goes over the application of the model of measurement error to the monthly CPS; and

section 5 concludes.

2 Literature Review

This paper primarily relates to two existing strands of literature, the first is models of

classification error and the second is studies of occupational mobility. With regard to mis-

classification error Hausman et al. [1998] develops a model of misclassification error a binary

response driven by a continuous (and erroneous) running variable, showing that in general

probit and logit maximum likelihood estimates will be inconsistent. Lewbel [2007] builds on

this finding by showing that this sort of misclassification error in treatment effects can result

in attenuation bias, and develops an instrumental variables strategy to obtain identification.

Hu [2008] extends the misclassification error model to non-binary discrete random variables

and develops an instrumentation procedure that allows for consistent parameter estimates.

In the context of occupations, Sullivan [2009] develops a framework in which individual

valuations of occupations are treated as a running variable, and applies this framework the

National Longitudinal Survey of Youth to estimate the misclassification error in occupations.

He finds that around 7% of occupations in the survey are misclassified.

The second strand of literature this paper relates to is general studies of occupational

mobility. It seems likely that changes in occupation are important for understanding a wide

range of economic phenomena. Topel and Ward [1992] find that changes in employer, which
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is strongly correlated with changes in occupation, during the start of ones career contribute

significantly to wage growth. Furthermore Huckfeldt [2021] finds that changes in occupa-

tion contributes significantly to unemployment scarring. Dvorkin [2017] estimate a DSGE

model allowing for occupational mobility and find that allowing for occupational mobility

is likely important for explaining patterns in wage polarization. This paper contributes to

this literature by showing that coefficients in regressions with occupational mobility will, in

general, be biased and shows that even in data sets that are “well suited” to studying it like

the monthly CPS.

3 A Model of Measurement Error

3.1 Relationship With a Classical Model of Measurement Error

In classical models of measurement error it is generally assumed that the variable of interest

x∗i takes on values in R and can be written as

xi = x∗i + εi. (1)

Where xi is the observed value for some index i ∈ I, εi
3 is a mean zero i.i.d. shock term.

When xi is the dependent variable in a regression coefficients will be unbiased, but standard

errors will be biased upwards, when xi is the independent variable the non-constant regression

coefficients will be biased towards zero.

However the underlying variables in occupational mobility are inherently discrete. This

necessitates thinking about so called “misclassification error.” The literature on misclas-

sification error commonly uses latent variable models to get around this issue. In these

models there is some continuous “latent” variable wi that subject to classical measurement

error, and a binary variable b(wi) which is zero if wi is less than some constant and 1 if

3Note that the index set could contain a person component, a time component, or both.
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it is greater than that constant4. This approach is taken by a number of papers including

Sullivan [2009] and Hausman et al. [1998]. While undoubtedly useful, this approach is not

adequate when studying occupational mobility since the underlying variable which causes

the mobility indicator to be 1 or 0 is, itself, discrete.

For this reason I opt to use a more abstract notion of measurement error that takes

inspiration from the classical case. Notice that by the independence of εi for any j, i ∈ I

P (x∗i ≤ a, |εj|≤ b) = P (x∗i ≤ a)P (|εj|≤ b) = P (x∗i ≤ a)P (|xj − x∗j |≤ b) (2)

In other words the distance between the measured and the true value of x at any index j is

independent of the true value of x at any index i. Since εi is i.i.d. we also have

P (|εi|≤ b, |εj|≤ b) = P (|εi|≤ b)P (|εj|≤ b) = P (|xi − x∗i |≤ b)P (|xj − x∗j |≤ b) (3)

For any i 6= j.

These properties are easily generalized to more general metric spaces as follows. Let

(Ω,F , P ) be a probability space and (X,B) be a metric space with corresponding borel sets

B and a distance measure d : X ×X → R. Assume that xi : Ω → X and x∗i : Ω → X are

random variables on (X,B) and that x∗i is the true random variable and xi is the observed

random variable. Assumption 2 generalizes as follows, Let a, b > 0 and B ∈ B then

P (x∗i ∈ B, d(xj, x
∗
j) < a) = P (x∗i ∈ B)P (d(xj, x

∗
j) < a) (4)

Equation 4 states that the distance between the observed and the true variable is independent

of the true random variable. Assumption 3 generalizes to:

P (d(xj, x
∗
j) < a, d(xi, x

∗
i ) < b) = P (d(xj, x

∗
j) < a)P (d(xi, x

∗
i ) < b) (5)

for i 6= j. Equation 5 says that the distances between the observed and true values for any

two error draws are independent across the index set.

4There are of course extensions to the non binary case, yet the intuition remains the same.
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This generalization now makes it easy to define measurement error in the case of occu-

pational mobility. If d is the discrete metric and X is a finite set then for ε = 1
2

equation 4

becomes

P (x∗i ∈ B, xj = x∗j) = P (x∗i ∈ B)P (xj = x∗j) (6)

Where B ⊂ X. In other words, the probability distribution on x∗ is independent of whether

or not the observed value x is equal to the true value of x for any index. Equation 5 becomes:

P (xj = x∗j , xi = x∗i ) = P (xj = x∗j)P (xi = x∗i ) (7)

In other words, the probability that x is misclassified at j does not affect the probability x

is misclassified at i when i 6= j. For the remainder of this paper, I will assume that 6 and 7

hold.

3.2 Error In Movements Between Classifications

Suppose there is a population of individuals i ∈ I where I is some index set, and that

time is discrete and denoted by t ∈ N. Each person has some true class given by k∗it and

some observed class given by kit. This class could denote occupation, industry, or any other

discrete feature that is time varying. The econometrician is interested in the probability

that an individual changes class between two periods, i.e. P (k∗i,t 6= k∗i,t−1), however she can

only estimate P (ki,t 6= ki,t−1). Note that 6 and 7 imply:

P (k∗i,t 6= k∗i,t−1, ki,t = k∗i,t, ki,t−1 = k∗i,t−1) = P (k∗i,t 6= k∗i,t−1)P (ki,t = k∗i,t, ki,t−1 = k∗i,t−1). (8)

Since under those assumptions the three events k∗i,t 6= k∗i,t−1, ki,t = k∗i,t and ki,t−1 = k∗i,t−1 are

independent. Let

ηit = P (ki,t 6= ki,t−1, ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1) (9)

θit = P (ki,t = ki,t−1, ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1) (10)
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denote the probability than an individual is recorded as moving (ηit) or staying (θit) and

their class is misrecorded in t or t− 1. Finally let p∗i,t = P (k∗i,t 6= k∗i,t−1) be the true mobility

probability and pi,t = P (ki,t 6= ki,t−1) be the observed mobility probability. The following is

true:

Proposition 1. p∗it < pit if and only if p∗it <
ηi,t

ηi,t+θi,t
= P (ki,t 6= ki,t−1|ki,t 6= k∗i,t or ki,t−1 6=

k∗i,t−1).

Proof. By the law of total probability:

pit =P (ki,t 6= ki,t−1|ki,t = k∗i,t and ki,t−1 = k∗i,t−1)P (ki,t = k∗i,t and ki,t−1 = k∗i,t−1)+

P (ki,t 6= ki,t−1, ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1)

=P (k∗i,t 6= k∗i,t−1|ki,t = k∗i,t and ki,t−1 = k∗i,t−1)P (ki,t = k∗i,t and ki,t−1 = k∗i,t−1)+

P (ki,t 6= ki,t−1, ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1)

Equation 8 implies P (k∗i,t 6= k∗i,t−1|ki,t = k∗i,t and ki,t−1 = k∗i,t−1) = p∗it, so we can write

pit = (1− θi,t − ηi,t)p∗it + ηi,t (11)

By the fact that θi,t + ηi,t = P (ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1). But then

p∗it <
ηi,t

ηi,t + θi,t

⇔ (ηi,t + θi,t)p
∗
it < ηi,t

⇔ (1− (1− θi,t − ηi,t))p∗it < ηi,t.

⇔ p∗it < (1− θi,t − ηi,t)p∗it + ηi,t = pit

Proposition 1 states that the true probability of changing class p∗it is less than the observed

probability if and only if the true probability is less than the probability of observing a move
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conditional on there being an error. Proposition 1 implies that it is theoretically possible for

the mobility rate to be understated, but only if the value of θi,t is high, e.g. the probability

of recording someone as non-mobile given their occupation is misreported is high.

In the case of occupations this is precisely the problem that M&T try to address, the point

in time probability estimates for the mobility series are going to be systematically overstated

because of measurement error. By looking at the levels of the month on month mobility

series in the CPS it seems very likely that p∗it < P (ki,t 6= ki,t−1|ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1).

Following M&T and assuming that errors are more likely for the population of “suspicious

movers” we can take P (ki,t 6= ki,t−1|Suspicious) as a rough estimate for P (ki,t 6= ki,t−1|ki,t 6=

k∗i,t or ki,t−1 6= k∗i,t−1). As this is an order of magnitude larger than pit, about .4 compared to

.03, it seems more likely than not the conditions for proposition 1 hold. Seen another way, if

the true mobility probability were higher than the mobility probability of suspicious movers,

then workers would switch occupation more than 12 × .4 = 4.8 times per year5. Thus, the

probability levels of the mobility series in the CPS appear to be overstated.

I now analyze what happens to the observed mobility probability if there is a rise in

occupational miscoding. Let ζi,t = P (ki,t 6= k∗i,t or ki,t−1 6= k∗i,t−1) denote the probability of

the occupation being incorrectly coded in t or t− 1. Note that ζi,t = ηi,t + θi,t, we can write

equation 11 as

pi,t = p∗i,t − θi,tp∗i,t + (1− p∗i,t)ηi,t = p∗i,t + ζi,t[(1− p∗i,t)
ηi,t

ηi,t + θi,t
− p∗i,t

θi,t
ηi,t + θi,t

]. (12)

Hence a rise in the probability of miscoding ζi,t will cause a rise in the observed probability

exactly when

(1− p∗i,t)
ηi,t

ηi,t + θi,t
> p∗i,t

θi,t
ηi,t + θi,t

⇔ ηi,t
θi,t

>
p∗i,t

1− p∗i,t

Seen this way, rise in miscoding causes a rise in observed mobility probabilities if the mobility

5Suspicious movers are defined a la M&T, and are individuals with blank answers to dependent coding

questions. See section 4 for details.
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probability under miscoding (ηi,t) is relatively higher than the true mobility probability (p∗i,t)

when compared to the respective staying probabilities. In the case of occupations in the

CPS the mobility probabilities with blank answers are so much higher than the regular point

estimates this is almost certainly the case.

3.3 Bias In Regression Coefficients

This section explores the potential for bias in regression coefficients under classification error.

Let X be a set of regressors, p be the corresponding vector of observed mobility probabilities

and p∗ be the vector of true mobility probabilities. Consider the linear probability model

given by a regression of X on p of the form:

p = βX + ε (13)

Where ε is an i.i.d. error term. We can write the estimated coefficient β as

β = (X ′X)−1X ′p = (X ′X)−1X ′(1− ζ)� p∗ + (X ′X)−1X ′η (14)

Where ζ is the vector of ζi,t, η is the vector of ηi,t and � is the hadamard product. Note that

under our current assumptions the error probabilities ζ and η are in general correlated with

X. The regression will in general be biased and it is not possible to determine the direction of

the bias. To see this practically, suppose one hopes to understand the affect of task distance

on mobility as Gathmann and Schönberg [2010] hope to do. If “close” occupations are more

likely to be confused for one another by respondents or survey takers, occupational mobility

will be spuriously higher for close occupations. This implies the impact of task distance on

occupational mobility will be negatively biased rather than biased towards zero. To see the

importance of this distinction, note that regressing inverse distance on mobility probabilities

will be positively biased as a result of this.
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4 Application to the Monthly CPS

In this section I show how the theory described above fits into occupational mobility in the

monthly CPS. I find that there is a large increase post 2006 in the probability of an occupation

switch. I also document a large increase in “suspicious” observations, i.e. observations with

missing answers to dependent coding questions, during that same period. Decomposing the

mobility series by whether or not the observation is suspicious, I find that the post-2006

increase is driven entirely by rising suspicious observations.

4.1 Data Description

The data I use for the analysis below is monthly CPS panel data from 1996 to 2017 which

was retrieved from the Center for Advancement of and Research in Economics at the Kansas

City Fed. I use this data source because it has a out of the box personal identifier6 and also

because it has all three dependent occupational coding variables used to identify suspicious

observations in M&T 20087. To keep the analysis consistent with M&T, the sample consists

of the first four months of observations of men aged 17-64 inclusive who I can match over

time.8

I use post-1994 data because, after 1994, the CPS implemented a “dependent coding

procedure”. Under this new procedure occupations were recorded for an individual in their

first month of sampling and then in follow up samples they were asked a series of questions to

determine if a change in occupation was likely. If the answer to a dependent coding question

6The personal identifier I use in this analysis is called kc pid in the data set, which I validate based on

age, sex and race.
7I also performed this analysis with data from IPUMS to get nearly identical results, I elected to use the

Kansas city data because IPUMS is missing the second dependent coding question
8For the actual replicaton of M&T I impose the additional restriction that individuals should be employed

for at least two consecutive months. Including or removing this restriction does not affect my results.
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indicated a change or was left blank, the respondent were asked for their new occupation.

This redesign significantly reduced the number of spurious occupational transitions in the

CPS, and focusing on the period after the redesign allows for results that are more easily

comparable over time. I focus my attention on the period after 1996 specifically because,

prior to that, there are large periods of missing data. The dependent coding questions used

to determine a likely change in occupation are as follows:

1. Last month, it was reported that you worked for (employer’s name). Do you still work

for (employer’s name) (at your main job)?

2. Have the usual activities and duties of your job changed since last month?

3. Last month you were reported as (a/an) (occupation) and your usual activities were

(description). Is this an accurate description of your current job?

A well known issue with studying occupational mobility in the CPS is that the occu-

pational classification system changes every 10 years. There are thus two changes to the

occupational system in my sample, once going into 2003 and once going into 2011. I follow

the literature and drop observations in a 2 month window around the change in order to

prevent spurious spikes in the mobility series.9 I also run my results making occupational

classification consistent over time using the occ1990dd occupational coding system from Au-

tor and Dorn [2013] manually updated to include the 2010 census codes. However imposing

this coding scheme does not affect the results.

4.2 Methodology

I define two variables of interest. The first variable is an indicator for whether or not

a person’s primary occupation changed between two months of their participation in the

9I also drop observations from June 2015 as there is a large unexplained spike in the data on this date.
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survey10 denoted MOB, and formally defined as

MOBi,t =


0 if ki,t−1 = ki,t

1 if ki,t−1 6= ki,t.

where ki,t is person i’s occupation at time t. The second variable is an indicator for

whether or not the dependent coding question had a blank answer when it should not have,

which is called a suspicious observation. Formally I denote this with the indicator variable

suspiciousi,t. suspiciousi,t takes on a value of 1 if the answer to the first coding question

is blank; the answer to the second question is blank and the answer to the first question is

“yes”; or the answer to the third question is blank, the answer to the first question is yes,

and the second is no. The indicator is zero otherwise.

For comparability with M&T 2008, and to analyze their method’s effectiveness, I replicate

their procedure on my sample. In brief, the procedure sets MOBi,t = 0 if there is a suspicious

transition and no change in: industry, whether or not the person looked for work in the past

4 weeks, or what class of worker they are. This procedure also sets to zero any suspicious

observation which had an unusual pattern of occupational changes11. For my analysis I plot

the point in time mobility probability estimates (pi,t) using the different cleaning procedures

I have described and compare the results.

4.3 Results

I first plot the raw estimates of P (MOBi,t = 1) and P (suspiciousi,t = 1) in figure 1. The

raw mobility series already has an implausibly high level going up to the mid 2000s. Taken

10When replicating M&T 2008 I only look at transitions between months 2 and 3 because they use the

“trajectory” of occupations to try tease out which suspicious transitions will represent a true change in

occupation. My main results use .
11For details see M&T 2008, I follow their post 1994 procedure setting MOBi,t for flags 3,10,11,12 and 13

to be zero.
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at face value this would suggest that, in a year, the odds an individual stays in the same

occupation is around 30%.12 The series then increases dramatically, almost doubling between

2005 and 2010. This rise appears to be matched by an increase in the frequency of blank

answers to dependent coding questions post 2006. In light of the theoretical results above, it

seems very unlikely the increase in occupational mobility reflects a genuine economic shift.

Figures 3 and 4 decompose the raw mobility series into mobility probability conditional

on suspicious and non-suspicious observations and applies a 12 month moving average. One

can see immediately see how a rise in suspicious observations mechanically increases the

mobility probability estimate. Note that the law of total probability gives

P (MOBi,t = 1) = P (MOBi,t = 1|suspiciousi,t = 1)P (suspiciousi,t = 1)

+ P (MOBi,t = 1|suspiciousi,t = 0)[1− P (suspiciousi,t = 1)].

Since the level of the two conditional series is so vastly different13, small changes in the

weight (P (suspiciousi,t = 1)) cause large movements in the raw mobility series. This directly

relates to Fujita et al. [2020] who find that there was a large rise in missing answers to the

first dependent coding question following the introduction of the Respondent Identification

Policy (RIP) in 2008. This policy allows individuals to opt out of sharing their answers with

household members in subsequent surveys. In particular they can opt out of sharing their

employer name, which automatically generates blank responses to the “same job” dependent

coding question if they personally are not around to complete the survey in subsequent

months.

The introduction of RIP is undoubtedly part of the story as one can plainly see a sharp-

ening of the rise in blank answers starting in 2008. However it appears that the upward

trend in blank answers starts prior to this (a fact which the authors discuss in their paper)

12(1− .03)12 = .306
13P (MOBi,t = 1|suspiciousi,t = 1) ≈ .3 and P (MOBi,t = 1|suspiciousi,t = 0) = .02
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hence there seems to be another source of increased measurement error that is affecting the

CPS in this period.

It is certainly tempting to simply drop observations with blank answers as the level of

that series (being around .02) is far more reasonable. However, this approach may result in

a series that artificially declines due to selection bias. There is no inherent reason to believe

that suspicious observations are selected in the same way as non-suspicious observations,

furthermore the nature of that selection bias may change over time.14 Therefore alternative

cleaning procedures should be used to determine the true trend of the occupational mobility

series.

One such alternative procedure is implemented by Moscarini [2005].15 Figure 2 plots

my estimate of the month to month mobility probability using their series extended into

2017. Both the upward and downward trends see in figures 1 and 3 following the mid-2000s

are attenuated to non-existent in this series. This result implies that much of the observed

change in occupational mobility during this time period is spurious, and a result of rising

measurement error.

5 Conclusion

Models of discrete choice are becoming more popular in economics, and as they do under-

standing the pitfalls associated with discrete choice statistics becomes more important. This

paper contributes to our understanding of discrete choice modelling by demonstrating and

analyzing a form of potential bias that occurs in real world discrete choice settings. I have

shown general conditions under which estimates of mobility between discrete categories will

be biased, and shown what direction that bias is likely to take. I have also shown that

14See Fujita et al. [2020] for further discussion.
15see 4.2 for a description
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changes in measurement errors can cause substantial problems in this setting, and applied

my theoretical framework to the Monthly CPS to show how these sorts of errors can man-

ifest themselves in the real world. I have provided evidence that increases in measurement

error led to a spurious rise in estimates of occupational mobility, and provided examples of

existing techniques that could be used to address this issue. Future work could apply my

framework by directly estimating error probabilities, and constructing counterfactual series

based on this.
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Figure 1: Mobility Probability Over Time, Uncleaned

Estimates computed from the monthly CPS. The red line and right-hand axis correspond to probability an

individual is flagged as having a suspicious answer to a dependent coding question. The black line is the

occupational mobility rate. The vertical blue lines correspond to years with occupation coding changes.
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Figure 2: Mobility Probability Over Time, Cleaned According to M&T 2008
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Figure 3: Probability MOB = 1 Given Suspicious = 0, 12 Month Moving Average
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Figure 4: Probability MOB = 1 Given Suspicious = 1, 12 Month Moving Average
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