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Abstract

Assessing Small-Sample Error in Labor Mobility Statistics:

Evidence from a Simulated Two-Sector Stochastic Stock-and-Flow Model

Nabil Ben Hassoun

This paper analyzes the measurement error arising from limited sample sizes in the esti-
mation of gross and net mobility rates using simulated data and a two-sector stochastic
stock-and-flow model. It further investigates how the magnitude of these errors changes
with increasing sample size and in response to reductions in the volatility of underly-
ing stochastic shocks. The results demonstrate that sampling variability in mobility
statistics declines substantially with increasing sample size, but the rate of improve-
ment diminishes beyond a certain point. I identify a sample size of 10,000 observations
as a critical point beyond which the marginal reduction in standard error becomes

negligible.

il



Contents

List of Figures vi
List of Tables vi
1 Introduction 1
2 Literature review 3
3 Outline of the analysis 5
4 Model 6
4.1 Setup. . . . . 6
4.2 Measures and variables . . . . . . ... 7
4.2.1 Gross mobility . . . ... 7

422 Netmobility . . . . . ... 7

4.3 Sectoral shocks . . . . . . .. 8
4.4 Worker reallocationrule . . . . . . . ... ... 8

5 Simulation procedure 8
5.1 Worker draws . . . . . . . . 9
5.2 Transition probabilities . . . . . . . . . ..o 9
5.2.1 Benchmark model: Constant A . . . ... ... ... ... ...... 9

5.2.2  Sectoral shock model: Time-dependent A\ . . . . . .. ... ... ... 9

5.3 Tracking workers over time . . . . . . . ... ..o 10
5.4 Initiating the simulation . . . . . . . ... ... o oo 11

6 Data and calibration 11
6.1 Empirical data . . . . ... 00000 11
6.2 Calibration targets . . . . . . . . ... 11
6.3 Calibration procedure . . . . . . . . . ... L 11

7 Quantitative analysis 12
7.1 Benchmark model: Constant \; . . . . .. .. ... ... ... ..., .. 12

8 Further analysis 13
8.1 Sectoral shock model: Time-dependent A\;, . . . . ... ... ... ... ... 13

v



9 Discussion and closing remarks

9.1 Furtherresearch . . . . . . . . . . ...
10 Use of generative AI and Al-assisted tools

A Tables

B Figures

14
15

15

18

21



List of Figures

[ B N O N R

Stocks and Flows . . . . . . . . . . ... 21
Expected Values - Benchmark Model . . . . . . . . ... ... ........ 21
Standard Deviations - Benchmark Model . . . . . . . . ... ... ... ... 22
Expected Values - Sectoral Shock Model . . . . . .. ... ... ... .... 23
Standard Deviations - Sectoral Shock Model . . . . . . . .. ... ... ... 23

List of Tables

N O Ot s W N

Transition Probabilities . . . . . . . . . . . ..o 18
Targeted and Simulated Moments . . . . . . . . .. ... ... ... ... 18
Parameters used in the AR(1) Discretization Process . . . .. . ... .. .. 18
Simulation Results - Benchmark Model (Scaled by 1072) . . . . . ... ... 19
% change in Standard Deviations - Benchmark Model . . . . . . . . ... .. 19
Simulation Results - Sectoral Shock Model (Scaled by 1072) . . . . . . ... 20
% change in Standard Deviation - Sectoral Shock Model . . . . .. . .. .. 20

vi



1 Introduction

Labour mobility plays a critical role in the growth and structural transformation of economic
sectors and geographic regions. Standard macroeconomic theory suggests that labour supply
adjusts in response to sectoral and regional demand shifts, facilitating the expansion of
growing industries and mitigating labour shortages. Using US data, Davis and Haltiwanger
(2014) show that a lack of labour market flexibility, or fluidity, can have a negative impact on
employment, productivity and real wages. Engbom (2022) shows, using OECD data, that
workers in countries with higher labour mobility experience higher wage growth through
higher human capital accumulation. The reallocation of workers across sectors is thus a key
driver of economic adaptability and long-term growth.

Obtaining reliable statistics on worker reallocation and labor mobility is challenging due
to the high costs of conducting and maintaining large panel data studies. The relatively
small sample sizes of the panel datasets available to researchers pose difficulties in accu-
rately estimating mobility statistics. This paper addresses these challenges by analyzing the
measurement error that arises from limited sample sizes in the estimation of gross and net
mobility rates. Specifically, it seeks to answer the following research question: “What mea-
surement errors can researchers expect when using different sample sizes — 102, 103, 104, and
10> — to estimate gross and net mobility rates within two-sector stochastic stock-and-flow
models?”

Mobility rates provide valuable insight into labour market dynamics, capturing both
geographic mobility (e.g., interprovincial migration) and sectoral mobility (e.g., transitions

1 Economists analyze these rates to better understand

from manufacturing to services).
workers’ mobility decisions in response to changing labour market conditions and broader
economic fluctuations. Gross mobility rates serve as an indicator of an economy’s ability to
reallocate workers efficiently, while net mobility rates reveal sectoral or regional disparities
by identifying which industries or geographic areas experience net gains or losses in labour.

Sectoral mobility rates provide a measure of how effectively the labour market reallocates
workers in response to shifts in economic activity and changes in demand for goods and
services. A high degree of sectoral mobility suggests that workers are able to transition
smoothly between industries, whereas rigidities in mobility may indicate barriers such as
skill mismatches, labour market frictions, or institutional constraints.

Geographic mobility rates capture the movement of workers across provinces or regions,

offering insight into interprovincial labour market trends. These metrics help policymakers

1. Some argue that geographic mobility and sectoral mobility are decisions made simultaneously by work-
ers; for further information on this topic see Osberg, Gordon, and Lin (1994)



assess the impact of region-specific economic events, fiscal policies, and regulatory changes.
Provincial governments, in particular, can leverage geographic mobility data to evaluate
the effectiveness of local economic policies and identify regions that may require targeted
interventions to address labour shortages or outmigration trends. Gomme et al. (2019)
provide an analysis of labour mobility between the canadian provinces, with a focus on the
wage differences between movers and stayers.

A complete understanding of labor mobility requires both gross mobility, which captures
the total volume of worker flows, and net mobility, which isolates directional imbalances. As
emphasized by Lkhagvasuren (2014) and Coen-Pirani (2010), analyzing these measures in
tandem provides a clearer picture of labor market dynamics. Foundational work by Davis
and Haltiwanger (1992) formalizes these metrics and highlights their interpretive value.

In empirical research, mobility statistics are typically estimated from panel datasets such
as the PSID, or NLSY which have limited sample sizes—especially after disaggregation.? In
such contexts, sampling variability may induce substantial measurement error, undermining
the reliability of estimated mobility rates. This has been aknowledged in past research, for
example, Kambourov and Manovskii (2008) state: “As opposed to the level of gross mobility,
the levels of net mobility found in the PSID should be interpreted with caution because of
the relatively small PSID sample size.”

This paper quantifies the impact of sample size on the precision of these estimates. The
analysis is based on a simulated two-sector stochastic stock-and-flow model that abstracts
from richer microfoundations—such as search frictions, endogenous decision-making, and
matching inefficiencies—but retains the key dynamic structure needed to track worker flows.
The simplified environment adopted here allows for transparent and tractable analysis of
statistical error.

By simulating the model across a range of sample sizes and computing standard mobility
metrics, the paper evaluates how sampling error varies with sample size and identifies thresh-
olds beyond which additional data yield limited gains in precision. This paper demonstrates
that sampling variability in mobility statistics declines substantially with increasing sample
size, but the rate of improvement diminishes beyond a certain point. I identify L, = 10* as
a critical point beyond which the marginal reduction in standard error becomes negligible.

This research contributes to the literature by providing empirical guidance for researchers
using small or moderately sized datasets in order to estimates mobility statistics. This con-
tribution adds precision to the link between empirical data and multiple theoretical models
used in labor economics today, especially those relying on the Roy (1951) framework or

modelling persistent sectoral shocks as in Lucas and Prescott (1974). The big picture nature

2. Panel Study of Income Dynamics (PSID), National Longitudinal Survey of Youth (NLSY)



of the analysis makes the results applicable to models that estimate labor mobility statistics
whether it be geographical, sectoral, in-and-out of employment, between occupations, or
job-to-job mobility.

The remainder of the paper is organized as follows. Section 2 provides an overview of the
literature on labor mobility as it relates to this research. Section 3 provides a brief outline
of the analytic process used. Section 4 introduces the model and setup, while Section 5
outlines the simulation procedure. Section 6 discusses the data, the calibration targets, and
the calibration procedure. Section 7 presents the quantitative analysis of the benchmark
model, while Section 8 presents a numerical experiment for a special case. Finally, Section 9

discusses the findings, concludes, and suggests extensions for further research on the topic.

2 Literature review

This section reviews key theoretical and empirical contributions in the labor mobility litera-
ture, organized around four areas: sectoral selection, sectoral dynamics, and the distinction
between gross and net mobility flows. Each area contributes to understanding the model
and how workers reallocate across sectors and regions in response to individual, sectoral, and
macroeconomic factors.

Roy (1951) introduces a foundational model in which individuals make labor mobility
decisions based on their comparative productivity and potential earnings. Using a stylized
framework with two sectors—a hunting village and a fishing village—he shows that individu-
als choose their occupation to maximize income, taking into account their idiosyncratic skill
levels and prevailing output prices. Building on Roy’s model, McLaughlin and Bils (2001)
apply the framework to examine empirical patterns of interindustry mobility. They provide
evidence of cyclical upgrading, consistent with the idea that during economic expansions,
workers are better able to sort into sectors where they hold a comparative advantage. As
a result, more workers transition into higher-wage industries, and those who switch tend to
experience persistent wage gains. Moscarini (2001) builds on the foundational Roy (1951)
model by introducing a dynamic framework that incorporates heterogeneous job quality and
frictional labor markets. In this setting, workers engage in on-the-job search and transition
between positions based on match quality. He demonstrates that, even in the absence of
sectoral or aggregate productivity shocks, substantial excess mobility can emerge endoge-
nously as a result of optimal worker behavior in the presence of match-specific heterogeneity.
Moscarini and Vella (2008) examines the cyclicality of occupational mobility and job real-
location using empirical data. The paper builds on the theoretical foundations laid by Roy

(1951), emphasizing self-selection and comparative advantage, and extends the framework



developed in Moscarini (2001), which models excess reallocation as an outcome of match-
specific heterogeneity and frictional labor markets. Lkhagvasuren (2014) develops a dynamic
model of regional mobility that is both parsimonious and flexible. He builds on the work
of McLaughlin and Bils (2001), which in turn is grounded in the self-selection framework
of Roy (1951). Lkhagvasuren (2014) applies the extended model to geographical mobility
data to investigate whether mobility patterns vary by educational attainment. His dynamic
model incorporates persistent labor income shocks, unobserved ability, and moving costs.

Lucas and Prescott (1974) introduce a stylized model of labor reallocation across spa-
tially distinct markets—or sectors—where workers decide whether to remain employed or
search elsewhere based on prevailing market conditions. The model is static and analytically
tractable only in equilibrium; while changes to model parameters reveal how the equilibrium
allocation shifts, the model does not characterize the transitional dynamics or the path to-
ward equilibrium. Rogerson (1987) extends the sectoral reallocation framework developed
by Lucas and Prescott (1974) by introducing a two-period, two-sector version of the original
model featuring permanent sectoral shocks. He demonstrates that this extended model can
trace the time path of equilibrium allocations, offering insights into how the economy ad-
justs to various sectoral shocks. Jovanovic and Moffitt (1990) develop a dynamic, stochastic
model of sectoral labor mobility that incorporates two primary sources of mobility: worker-
employer mismatch and sectoral shocks. These shocks are transmitted to workers through
the wages offered in each sector, introducing uncertainty that, in combination with match
quality, drives individual mobility decisions.

Vanderkamp (1971) presents an empirical analysis of the determinants of net and gross
worker flows within Canada, showing that gross flows substantially exceed net flows. The
study also distinguishes between one-time and round-trip migration, demonstrating that
return migration plays a significant role in shaping overall mobility patterns. Davis and
Haltiwanger (1992) introduce a foundational distinction between gross and net employment
flows, emphasizing that gross flows—comprising job creation and destruction—are bidirec-
tional and substantially larger than net flows, often by an order of magnitude. Net employ-
ment change is shown to be the small residual resulting from the near-offsetting of these
gross components. They also develop the concept of excess reallocation, defined as the por-
tion of gross flows that exceeds what is necessary to accommodate net employment change,
attributing it to adjustment frictions and inefficiencies in the labor market. Coen-Pirani
(2010) examines patterns of interstate worker mobility in the United States and finds that
gross flows substantially exceed net flows. The study challenges explanations that attribute
mobility primarily to structural shifts, instead emphasizing the role of unobserved individual

heterogeneity, worker-specific shocks and location-specific shocks in driving labor realloca-



tion.

Measurement error has been acknowledged and studied in the literature. For example,
Bergin (2011) and Shibata (2022) examine issues arising from classification errors, where
survey respondents provide inaccurate or inconsistent answers.

Additionally, Blanchard and Katz (1992) use state-level panel data with a relatively small
number of observations in their study of regional labor market adjustments in the United
States, focusing on how employment, unemployment, and wages respond to regional shocks.
They mention the challenges that using small panel data poses for their estimation. Their
work does not explicitly study measurement error from small samples, but it does illustrate
the potential limitations of using limited data to analyze mobility patterns. Similarly, Kam-
bourov and Manovskii (2008) acknowledge the challenges posed by the small sample sizes of
datasets such as the PSID as it relates to their study of worker mobility between industries
and occupations. Dahl (2002) briefly touches on the issue in the context of his analysis of
mover—stayer wage gaps, where he conducts simulations with 1,000 and 10,000 observations
and selects the larger sample size as better suited for his research.

Considering the above, no study to date has rigorously and systematically analyzed the
measurement error that arises specifically from small sample sizes — this is the gap my paper
addresses. This paper simply aims to properly characterize these small sample size errors
by confirming their presence and their magnitude, for different sample sizes, as well as their

behavior as the sample size varies from 100 observations to 100,000 observations.

3 Outline of the analysis

This analysis investigates the measurement error—specifically, the variance—of estimates of
labor mobility. The objective is to understand how sample size influences the precision of
mobility statistics such as gross and net mobility.

I begin by taking an established benchmark mobility rate of approximately 6.78%. I then
simulate four economies with population sizes N € {100, 1,000, 10,000, 100,000} over T" =
2,000 periods. The economies feature sectoral shocks that follow a discretized AR(1) process,
implemented using the Rouwenhorst method to approximate highly persistent shocks.

For each worker in each time period, I generate a draw from the standard uniform dis-
tribution. This draw is compared to the transition probability—which equals the mobility
rate—to determine whether the worker changes sectors or remains in the current sector. I
record the sectoral allocation of all workers over all T' periods in a matrix, which serves as
a proxy for panel survey data. From this simulated panel, I compute mobility statistics for

each economy and time period: gross mobility, net mobility within each sector, and total



net mobility. For each sample size, I calculate the mean and variance (standard error) of the
mobility statistics across the T" periods. This allows me to assess how sample size affects the
dispersion and accuracy of mobility estimates.

The benchmark model excludes sectoral shocks to show the “theoretical” case, which
closely matches analytic expectations and validates the simulation approach. The results
provide practical guidance for empirical researchers by illustrating the expected bias and
variability in mobility estimates at different sample sizes. They highlight how closely re-
searchers can expect their estimates to approximate the true mobility rate and what variance

they may encounter depending on their data’s sample size.

4 Model

In this section, I introduce a two-sector stochastic stock-and-flow model set in discrete time,
with a finite horizon and infinitely lived workers.?> Following the framework of Roy (1951),
and as in McLaughlin and Bils (2001) and Lkhagvasuren (2014), the model captures self-
selection into sectors but also incorporates sectoral shocks inspired by the tradition of Lucas
and Prescott (1974).

4.1 Setup

Let T denote the total number of periods and t represent a specific time period, where
t € {1,2,3,...,T}. The economy consists of two sectors, indexed by j € {0,1}. This
notation offers a convenient simplification: for a worker employed in sector 7, the alternative

sector is naturally given by 1 — j, and vice versa.

Transition probabilities. Workers’ transitions between sectors are governed by the transi-
tion probabilities Ao, and Ay ;, where A\, denotes the probability of a worker leaving sector 0
to join sector 1 at period ¢, and Ay ; represents the probability of a worker leaving sector 1 to
join sector 0 at time ¢. These transition probabilities satisfy 0 < Ao, < 1and 0 < A\ <1,

ensuring that they remain within the unit interval.

Stocks. Let L;; denote the size of sector j at time ¢, measured by the number of workers
employed in that sector. By definition, the total workforce in the economy at time ¢ is given
by Ly = Lo + L1, where L; represents the aggregate number of workers in the economy at

time t. This formulation defines the stock component of our stock-and-flow model.

3. For tractability, I abstract from worker utility maximization, wages, match quality, match-specific
shocks, accrued human capital, unobserved ability, and moving costs.



Flows. To capture worker transitions between sectors, let X, represent the number of
workers exiting sector j at time ¢ and M, the number of workers entering sector j at time
t. In a two-sector framework, these flows are governed by the identities X;;, = M;_;; and
M;, = X,_;;, ensuring that all workers leaving one sector enter the other. This specification
defines the flow component of our stock-and-flow model. Figure 1 provides a diagrammatical

representation of worker flows.

4.2 Measures and variables

The stock variables, Ly, and L, evolve over time according to the following equation:
Ljvyr = Ljs + X5 — Xju, V5 €40,1} (1)

Equation (1) states that the size of sector j at time ¢ + 1 is determined by its size in the
previous period, L., adjusted for net worker flows. Specifically, it decreases by the number
of workers exiting the sector, X, and increases by the number of workers entering from the

other sector, Xi_;;.

4.2.1 Gross mobility

Gross mobility in sector j at time ¢, denoted G, is defined as the total number of worker
transitions, comprising both workers leaving and entering the sector.* Formally, this is

expressed as:

Gj,t == Xj,t + Xl_jﬂg. (2)

The economy-wide gross mobility rate, in period ¢, denoted g¢;, is defined as the ratio of gross
flow mobility in either sector, G;; = G1_;; = Gy, to the total workforce, L;. Formally, it is

given by:
Gy
= —. 3
9t L, (3)

4.2.2 Net mobility

Net mobility in sector j at time ¢, denoted NN;., is defined as the difference between the
number of workers entering and leaving the sector during that period. Formally, this is

expressed as:
Nje = X1 — Xjs. (4)

4. In a two-sector framework, it follows that G;; = G1—j,, since addition is commutative and every worker
exiting one sector must enter the other.



The net mobility rate in sector j at time ¢, denoted n;;, is defined as:

N
nﬁ = L—J: (5)

The economy-wide net mobility rate at time t, denoted ny, is defined as:
1 [N 1
nt:§;Tt:§;’nj,t‘v (6)

where the % term adjusts for double counting, following the convention of Jovanovic and
Moffitt (1990) and Davis and Haltiwanger (1992).

4.3 Sectoral shocks

Similarly to Lucas and Prescott (1974), I introduce sectoral shocks, denoted by z;, which
influence the transition probabilities A;, thereby affecting workers’ sectoral mobility decisions.
These shocks create asymmetries between sectors, leading to periods in which one sector is
more attractive than the other. The sectoral shock z; follows an autoregressive process of
order one, AR(1), given by:

Zipl = Bt pzt & (7)

where ¢; ~ N(0,0?) is a normally distributed error term with mean zero and variance o?.

4.4 Worker reallocation rule

At the start of each period, workers are each assigned a draw from the standard uniform
distribution, U0, 1]. Each worker then evaluates their draw against the value of \;; and acts
according to the following reallocation rule: Workers in sector j at time ¢ will leave sector
J, to join sector 1 — j, if their draw from the standard uniform distribution, y ~ U(0, 1), is

lesser than or equal to A;;.

5 Simulation procedure

In this section I outline the simulation process used to generate the simulated panel data
set. In order to simulate the mobility data, I generate a matrix containing all the worker
draws from the uniform distribution, a mobility matrix that will be used to keep track of
workers’ locations for all time periods, and the sequence of simulated sectoral shocks.

In the first period, all workers are divided evenly between the two sectors, 0 and 1.



5.1 Worker draws

There is a draw from the standard uniform distribution, y ~ U(0,1), for each individual

worker at each time period t which is generated and stored in the U matrix of size L, by T

Uy Uy Ug -+ Up
Ui Usp Uz -+ Upr
U= |Us;1 Usp Usz -+ Usr |, Uys~U(0,1)
Uiy UL UL -+ UL

These draws will be compared to the applicable transition probability, A;;, and will
dictate if a specific worker will remain where he is or move to the other sector in the following

time period, t + 1.

5.2 Transition probabilities

The transition probabilities as introduced in the model setup are used by workers to deter-
mine wether they have to move sectors or remain in their current sector, according to the

worker reallocation rule.

5.2.1 Benchmark model: Constant \

Under this model specification, the values of \g; and A;; are constant and do not change
over time such that:
Aoji—1 = Aot = Ao41, Vi (8)

Workers evaluate their draws against the applicable A;; value, which depends only on their
current sector and not on the time period ¢.
5.2.2 Sectoral shock model: Time-dependent )\

In order to conduct the simulation, I discretize the continuous AR(1) process governing the

economy’s sectoral shocks using the Rouwenhorst (1995) method.® This procedure yields

5. An alternative for discretizing this AR(1) process would have been the method proposed by Tauchen
(1986). However, based on the analyses and findings of Kopecky and Suen (2010) and Galindev and Lkhag-
vasuren (2010), I opt for the Rouwenhorst (1995) method, as it exhibits superior performance when modeling
highly persistent shocks.



a discrete-time Markov chain approximating the z; process, whose evolution over time is

represented by the sequence:

{Zt}?zl = (217 22y B3y vy ZT)- (9)

I then construct the sequence of time-dependent transition rates, denoted A;;, by adding

or substracting the corresponding element of the {z;}£ ; sequence to \; as shown below:

)\0 + 24, lf] = O,
Ny = ! (10)
>\1 — Zt, lfj =1.

This will cause the worker reallocation rule to become time-dependent, in addition to
depending on the current sector (or location). The shock z; positively affects sector 1 and
negatively affects sector 0: subtracting z; from \; reduces the likelihood that a worker will
leave sector 1 when z; > 0. Conversely, adding z; to A\g increases the likelihood of leaving
sector 0, as the probability associated with Ao, now denoted Ao., rises with positive z.
Negative values of z; have the opposite effect on both A\;; and A\g;. The parameter values
are chosen such that \;; remains positive for all ¢, since any \; exceeds the absolute value

of any realization of the z; sequence.

5.3 Tracking workers over time

The S matrix, of dimensions L, x T', records the sector of each worker in each time period
t =1,...,7. Each element s,; of S takes the value 0 or 1, indicating whether worker i

belongs to sector 0 or sector 1 at time ¢.

S11 S12 S1,3 ccc S1,T
S21 S22 S23 cc SarT

S=|s31 S32 833 '+ S37|, Sic€{0,1}.
Spa1 S22 SL3 ct SLT

The S matrix thus captures the full simulated history of worker-sector allocations and
serves as a proxy for survey data, which will subsequently be used to compute mobility

statistics.

10



5.4 Initiating the simulation

In the initial period, t = 1, workers are evenly distributed between the two sectors, 0 and 1.
The workers then evaluate their draws from the U matrix for time t = 1 with the value of
Aj1 and move or stay according to the reallocation rule. This reassignment takes place at

the precise moment between the end of period t = 1 and the beginning of period t = 2.

6 Data and calibration

This section presents the key empirical facts, describes the data sources and references, and

outlines the calibration procedure, targets, and results.

6.1 Empirical data

The benchmark mobility rate used to generate the simulated data, 6.78%, is taken from
Auray et al. (2024). They compute this rate using two data sources. The first combines the
PSID annual waves (1968-1997) with the Retrospective Occupation-Industry Supplemental
Data Files (covering 1968-1980). The second consists of sectoral and aggregate employment

and productivity series from Bureau of Labor Statistics (2020a, 2020b).

6.2 Calibration targets

The calibration procedure targets three empirical moments. The first is the gross mobil-
ity rate, set at 6.78%. The second and third are the wvolatility and persistence of sectoral
employment, which receive equal weight in the calibration. These two moments, also from
Auray et al. (2024), have values of 0.0129 (volatility) and 0.6193 (persistence). The targeted

moments are summarized in Table 2.

6.3 Calibration procedure

The gross mobility rate is calculated as the mean gross mobility rate over all time periods
t =1,...,T. To measure volatility and persistence, I apply the Hodrick—Prescott filter
with a smoothing parameter of 100, which attenuates short-term fluctuations and yields
more representative estimates of these moments. Using the filtered data, persistence is
measured as the first-order serial autocorrelation, and volatility as the standard deviation.
Finally, to calibrate these three moments, I adjust the parameters of the Rouwenhorst (1995)

discretization method. The calibrated parameters are presented in Table 3.

11



7 Quantitative analysis

In this section, I simulate the benchmark model, with time-invariant transition rates, where

Ajt = Ajiy1 = Aj for all ¢, such that A; remains constant over the entire time horizon.

7.1 Benchmark model: Constant );

I conduct simulation experiments using the benchmark model, setting 7" = 2,500 and evalu-
ating four sample sizes: L; = {10%,103, 10, 10°}. For each specification, I compute gross and
net mobility rates, along with their expected values over time and corresponding standard
deviations. Table 4 reports the expected values and standard deviations (SD), all scaled
by 10%, for the gross mobility rate g;, the sectoral net mobility rates ng; and n;,, and the
total net mobility rate n;, across sample sizes L, € {100, 1,000, 10,000, 100,000}. Table 5
presents the corresponding percentage changes in standard deviations, capturing the preci-
sion gains associated with increasing sample size. Figure 2 visualizes the expected values of
the mobility rates, while Figure 3 depicts the corresponding standard deviations.

For the gross mobility rate, the expected values E;(g;) x 10% are 6.74, 6.80, 6.79, and 6.78
for L; = 102, 103, 10*, and 10, respectively, with corresponding standard deviations SD(g;) x
102 of 2.41, 0.73, 0.23, and 0.073. The standard deviation decreases by approximately 69.73%
from L; = 10? to 103, followed by a 67.95% reduction from 103 to 10*, and a further 68.87%
from 10* to 10°. This pattern reflects diminishing marginal gains in estimation precision as
sample size increases.

For the sectoral net mobility rates ng, and n;,, the expected values E;(n;,) x 10% are
approximately zero across all sample sizes, consistent with the symmetric structure of sectoral
flows. The corresponding standard deviations SD(n;,) x 102 are 2.49, 0.80, 0.25, and 0.081 for
L, = 102, 103, 10*, and 10°, respectively. This corresponds to a 67.77% reduction in standard
deviation from 102 to 103, followed by a 68.54% drop from 10% to 10*, and a 67.89% reduction
from 10* to 10°.

For the total net mobility rate n;, the expected values E;(n;) x 10% are 2.01, 0.67, 0.211,
and 0.068 for the four respective sample sizes. The corresponding standard deviations
SD(n;) x 10% are 1.52, 0.47, 0.148, and 0.047. These values imply a 69.35% reduction in
standard deviation from 102 to 103, a 68.24% reduction from 103 to 10%, and a 68.33% drop
from 10* to 10°. Figure 2 shows that E;(n;) declines steadily with increasing sample size and
eventually converges to a value near zero. This convergence is made possible by the equality
and constancy of the transition rates \;, which ensure that worker flows between the two
sectors are symmetric and reciprocal. As a result, the overestimation problem introduced by

the absolute value operator in equation (6) is substantially mitigated.

12



8 Further analysis

This section provides a quantitative analysis of the sectoral shock model, which incorporates
stochastic transition rates and accounts for time-dependent fluctuations in workers’ mobility

behavior.

8.1 Sectoral shock model: Time-dependent )\,

I conduct simulation experiments using the sectoral shock model, setting T" = 2,500 and
evaluating four sample sizes: L, = {10% 10%,10%,105}. For each specification, I compute
gross and net mobility rates, along with their expected values over time and corresponding
standard deviations. The resulting gross and net mobility rates, along with their expected
values and standard deviations, are reported in Table 6, while Figure 4 provides a graphical
depiction of the expected values of the mobility rates. Table 7 complements this by reporting
the percentage reductions in standard deviations, thereby quantifying the precision gains
attributable to increasing the sample size.

The expected gross mobility rate, E;(g;) x 102, is 6.74 for L; = 102, 6.81 for L; = 103, 6.79
for Ly = 10%, and 6.78 for L; = 10°. The corresponding standard deviation, SD(g;) x 102,
declines from 2.41 at L, = 10% to 0.73 at L, = 103, 0.24 at L, = 10*, and 0.08 at L; = 10°.
The standard deviation thus decreases by approximately 69.7% when increasing the sample
size from 102 to 103, by an additional 67.71% from 103 to 10%, and by 68.2% from 10* to 10°.
This pattern illustrates diminishing marginal reductions in standard errors as the sample
size grows.

For sector 0, the expected net mobility rate, E;(ng;) x 102, is 0.0080 for L, = 102
0.0000 for L; = 103, —0.0003 for L, = 10* and —0.0007 for L, = 10°. The corresponding
standard deviation, SD(ng;) x 10%, exhibits a clear downward trend with increasing sample
size, declining from 2.49 at L; = 10% to 0.95 at 10, 0.61 at 10*, and 0.57 at 10°. These
reductions represent a 62.01% decline in standard deviation from 10% to 103, followed by a
further 35.94% decrease from 103 to 10*. From 10* to 10°, the standard deviation decreases
marginally by 6.04%, indicating that the gains in precision taper off at larger sample sizes.

The expected net mobility rate for sector 1, E;(ny,) x 10%, closely mirrors that of sector
0, but with opposite signs, reflecting the symmetric structure of worker flows between the
two sectors. Likewise, the standard deviations SD(ny,) x 10? are identical to those of sector
0 across all sample sizes, further reinforcing the model’s structural symmetry.

For the total net mobility rate, E;(n;) x 102 is 2.04 for L; = 102, 0.81 for L; = 103, 0.58 for
L; = 10% and 0.58 for L; = 10°. The corresponding standard deviation, SD(n;)x 10?, declines
from 1.51 at L, = 10% to 0.56 at L, = 103, 0.28 at L, = 10%, and 0.19 at L, = 10°. These

13



figures imply a 63.23% reduction in standard deviation from 102 to 103, a 48.89% decline
from 103 to 10*, and a further 32.51% decrease from 10* to 10°, indicating consistent—though
diminishing—gains in statistical precision as sample size increases.

These results align with theoretical expectations, demonstrating that larger sample sizes
reduce standard errors significantly at lower sample levels, but with diminishing returns as
the sample size continues to grow. The marginal gains in precision become less pronounced
beyond L; = 10%, suggesting that further increasing the sample size may yield limited benefits
in a setting that includes sectoral shocks. This pattern is further illustrated in Figure 5,
which plots the standard deviations of the estimated variables against sample sizes L; =
{10%,10%,10%,10°}. The downward slope of the standard deviation curves becomes noticeably
flatter between L, = 10* and L, = 10, reinforcing the idea of diminishing returns to precision
as sample size increases beyond this threshold.

Figure 4 shows that E;(n;) declines as sample size increases but does not converge to zero.
This persistence is due to the stochastic shocks and their effect on the overestimation problem
introduced by the absolute value operator in equation (6). Negative sectoral mobility in one
period cannot offset positive mobility in another, as both are transformed into positive values.
Consequently, total net mobility remains strictly positive even in the absence of persistent

structural shifts.

9 Discussion and closing remarks

This paper quantifies the sampling error in gross and net mobility statistics using a simulated
two-sector stochastic stock-and-flow model.

In the benchmark model, with constant A;, the results are in line with theoretical expec-
tations. Specifically, sampling error decreases as sample size increases. This is evident in
the results: the gains in precision from increasing the sample size increase with no sign of
diminishing returns even at L, = 10* and L, = 10, which is consistent with the behavior of a
highly stylized model characterized by minimal to non-existent stochasticity and analytically
tractable outcomes. With that in mind, the results arising from the benchmark model are
not suprising and are consistent with standard econometric theory.

The sectoral shock model results also demonstrate that sampling variability in mobility
statistics declines substantially as sample size increases, however, the rate of improvement
diminishes beyond a certain point. I identify L, = 10* as a critical point beyond which
the marginal reduction in standard error becomes negligible under the specifications of the
sectoral shock model with stochastic transition rates. These results do not contradict the
findings of Dahl (2002), who found that his two-sector simulated model with 10,000 obser-
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vations outperformed the one with only 1,000 observations in terms of precision.

My results show that researchers working with small sample data sets in two-sector
stochastic stock-and-flow models will indeed encounter measurement errors in measuring
mobility statistics and that the possible gains in precision they might accrue from using larger
sample sizes can be determined using the results in Table 7. These results are particularly
interesting for measures of the total net mobility rate, n;, where the %ASD(n;) for moving
from one sample size to the other are: —63.23%, —48.89%, and —32.51% for increases in
sample size from 10% to 103, 10 to 10*, and 10* to 10°, respectively.

I believe these results may also be applicable to other, related models, such as extensions
of the Roy (1951) framework or studies that model sectoral shocks following the approach
of Lucas and Prescott (1974). I discuss more possible extensions to this research in the next

section.

9.1 Further research

As discussed above, reproducing this analysis using variations of the Roy (1951) model
could be interesting and useful for researchers working with such models. It could also be
of interest to complicate this model by adding other shocks following the tradition of Lucas
and Prescott (1974). Possible extensions could include incorporating match quality and
introducing match-specific shocks. This would allow for the analysis of measurement errors
in mobility statistics beyond those examined in this paper such as excess mobility and the
share of excess mobility.

Other possible extensions of this work could involve introducing moving costs, accrued
human capital, unobserved ability, or sector-specific skill accumulation. These features would
make it possible to explore the measurement errors that may arise when mobility statistics

are estimated using models that account for such worker- and match-specific characteristics.

10 Use of generative AI and Al-assisted tools

During the preparation of my thesis, I used ChatGPT for help improving some of the
wording and sentence structure of this paper. After using this tool/service, I reviewed

and edited the content as needed and take full responsibility for the content of my thesis.
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A Tables

Table 1: Transition Probabilities
State at ¢t + 1
State at ¢ Sector 0 Sector 1
Sector 0 1— Aoy Yy
Sector 1 ALt 1— Ay

Notes: This table presents the transition probabilities between sectors. Specifically, Ag; denotes the prob-
ability of a worker transitioning from sector 0 to sector 1 at time ¢, while A; ; represents the probability of
moving from sector 1 to sector 0 at time ¢.

Table 2: Targeted and Simulated Moments

Moment Data
Gross mobility (%) 6.78
Volatility of net mobility (%) 1.29
Persistence of net mobility (x100) 61.93

Notes: This table reports the targeted mobility moments which serve as empirical benchmarks for model
calibration.

Table 3: Parameters used in the AR(1) Discretization Process

Parameter Value
Number of states in discretization (n,) 2
Autoregressive coefficient (p) 0.325
Standard deviation of innovation (o) 0.0060665

Notes: This table reports the parameters of the AR(1) process discretized using the method of Rouwenhorst
(1995), used in the calibration. The standard deviation refers to the innovation term ;.
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Table 4: Simulation Results - Benchmark Model (Scaled by 1072)
Simulated Variable L, =100 L;,=1,000 L;= 10,000 L;= 100,000

Eq(g;) x 102 6.74 6.80 6.79 6.78
SD(g;) x 102 2.41 0.73 0.23 0.07
Eq(no,) x 10? 0.00 0.00 0.00 0.00
SD(no,) x 10? 2.49 0.80 0.25 0.08
Eq(ny4) x 102 0.00 0.00 0.00 0.00
SD(ny,) x 10° 2.49 0.80 0.25 0.08
Eq(n;) x 102 2.01 0.67 0.21 0.07
SD(n;) x 102 1.52 0.47 0.15 0.05

Notes: This table presents the expected values (E;) and standard deviations (SD) of the gross mobility rate
(g:) and net mobility rates (ng ¢, n1,¢, and n;), scaled by 1072, for different sample sizes L;.

Table 5: % change in Standard Deviations - Benchmark Model
Simulated Variable L;= 100 — 1,000 L, = 1,000 — 10,000 L; = 10,000 — 100,000

%ASD(g;) —69.73% —67.95% —68.87%
%ASD(ng ;) —67.77% —68.54% —67.89%
%ASD(n, ;) —67.77% —68.54% —67.89%
%ASD(n;) —69.35% —68.24% —68.33%

Notes: This table presents the percentage changes in standard deviations (SD) for the gross mobility rate
(g¢) and net mobility rates (ng., n1 ¢, and n,) as sample sizes increase from L; = 100 to L, = 100,000.
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Table 6: Simulation Results - Sectoral Shock Model (Scaled by 1072)
Simulated Variable L, =100 L;,=1,000 L;= 10,000 L;= 100,000

Eq(g;) x 102 6.74 6.81 6.79 6.78
SD(g;) x 102 2.41 0.73 0.24 0.07
Eq(no,) x 10? 0.00 0.00 0.00 0.00
SD(ng,) x 102 2.49 0.95 0.61 0.57
Eq(ny,) x 10 0.00 0.00 0.00 0.00
SD(ny,) x 102 2.49 0.95 0.61 0.57
Eq(n:) x 102 2.04 0.81 0.58 0.58
SD(n;) x 102 1.51 0.56 0.28 0.19

Notes: This table presents the expected values (E;) and standard deviations (SD) of the gross mobility rate
(g¢) and net mobility rates (ng ¢, n1,¢, and nt), scaled by 1072, for different sample sizes L;.

Table 7: % change in Standard Deviation - Sectoral Shock Model
Simulated Variable L;= 100 — 1,000 L, = 1,000 — 10,000 L; = 10,000 — 100,000

%ASD(g;) —69.7% —67.711% —68.2%
%ASD(nq,,) —62.01% —35.94% —6.04%
%ASD(ny,,) —62.01% —35.94% —6.04%
%ASD (ny) —63.23% —48.89% —32.51%

Notes: This table presents the percentage changes in standard deviations (SD) for the gross mobility rate
(g¢) and net mobility rates (ng,, n1¢, and n;) as sample sizes increase from L; = 100 to L, = 100,000.
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B Figures

Figure 1: Stocks and Flows

transition rate: g

sector 0

size: Ly

transition rate: A;

Notes: This figure illustrates a two-sector stock-and-flow model, where arrows represent worker flows between
sectors. In this framework, \;, where j € {0,1} and 0 < X\g, A1 < 1, denote the outflow rates, indicating the
proportion of workers transitioning from sector j to sector 1 — j in each period.

Figure 2: Expected Values - Benchmark Model
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Notes: This figure presents the mean values of the gross mobility rate (g;) and net mobility rates (no.,
n1., and n;), scaled by 1072, across different sample sizes L;. In this figure, E,(n;) declines steadily with
increasing sample size and eventually converges to a value near zero. This convergence is made possible
by the equality and constancy of the transition rates A;, which ensure that worker flows between the two
sectors are symmetric and reciprocal. As a result, the overestimation problem introduced by the absolute
value operator in the net mobility formula is substantially reduced.
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Figure 3: Standard Deviations - Benchmark Model
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Notes: This figure displays the standard deviations of gross and net mobility rates across varying sample
sizes L;, with all values scaled by 1072. The results align closely with theoretical predictions, consistent
with the model’s highly stylized structure and minimal stochastic variation.
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Figure 4: Expected Values - Sectoral Shock Model
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Notes: This figure presents the mean values of the gross mobility rate (g;) and net mobility rates (ng ¢, n1,,
and ny), scaled by 102, for different sample sizes L;. The figure shows that E;(n;) declines as sample size
increases but does not converge to zero. This persistence is due to the stochastic shocks and their effect
on the overestimation problem introduced by the absolute value operator in equation (6). Negative sectoral
mobility in one period cannot offset positive mobility in another, as both are transformed into positive values.
Consequently, total net mobility remains strictly positive even in the absence of persistent structural shifts.

Figure 5: Standard Deviations - Sectoral Shock Model
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Notes: This figure illustrates the standard deviations of gross and net mobility rates at different sample sizes
L. Values are scaled by 1072.
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