
The Middlemen of Development?

Evidence from Labor Recruitment Agencies in China

Linchuan Xu ∗

January 16, 2026

[latest version]

Abstract

Can the market correct misallocations and promote development through endogenous in-

stitutional change? This paper studies the role of recruitment agencies in mitigating spatial

labor misallocations in China. Using a newly constructed dataset, I find that such profit-

driven labor intermediaries established branches to arbitrage away pre-existing inter-regional

wage disparities. Exploiting the staggered rollout of agencies in difference-in-differences and

IV designs, the analysis shows that the expansion of agency networks facilitated temporary

mobility of low-skilled workers and reduced regional wage dispersion by 10%. This translates

into 3% aggregate output gains by 2010, of which agencies appropriated 40% as profits. I

develop a neoclassical growth model with endogenous agency dynamics, where initial misal-

locations create pecuniary incentives for agencies who in turn speed up regional convergence.

Promoting agency workers’ transition into the permanent labor force in receiving regions

can generate large efficiency gains while also ensuring these gains are more widely shared.
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1 Introduction

A central question in the misallocation literature, to extend Lucas (1990)’s famous question

about international capital flow, is why all factors of production do not automatically flow

to their most productive uses. Recent work following Hsieh and Klenow (2009) have shown

that promoting factor reallocation can, at least potentially, generate substantial productivity

and output gains in many empirical contexts. But a natural Schumpeterian question follows1:

if the potential gains are so large, wouldn’t one expect profit driven economic agents, i.e.,

entrepreneurs or market intermediaries, to arise endogenously and deliver them?

This paper explores this question by studying the expansion of labor recruitment agencies in

a context well-known for its spatial misallocations of labor due to informational or search related

frictions. Empirically, while many developing economies, such as those in Sub-Saharan Africa,

have experienced widening wage disparities along their development paths, wage dispersion

across firms in China reduced by 46% in the manufacturing sector over 1999-2015. At the same

time, while China’s reforms on land market, privatization, trade openness have been extensively

studied (for example, Lin, 1992; Lau et al., 2000; Young, 2000), the role of labor recruitment

agencies, who are perceived to employ a large fraction of the workforce, remains largely absent

from the economics literature. In this paper, I construct a comprehensive dataset that covers

the near-universe of labor recruitment agencies in China2. Using this novel dataset, this paper

quantifies how the spatial expansion of these agencies contributed to wage convergence through

labor reallocation across regions, generating aggregate efficiency gains while capturing part of

the resulting surplus as profits.

Looking at the context of labor recruitment agencies in China, this paper documents how

initial misallocations of labor and the associated regional wage disparities can create arbitrage

opportunities that provide pecuniary incentives for intermediaries to expand, which can in turn

promote aggregate efficiency gains. In other words, misallocations may be at least partially

corrected, not directly by policy interventions, which are the current focus of the literature

(for example, Sraer and Thesmar, 2023; Bau and Matray, 2023), but by market incentives.

Although it may seem obvious that market middlemen like recruitment agencies may arise

to address search related frictions, whether they are powerful enough to generate aggregate

gains and shape the development process, as well as what shapes the distribution of such gains

remain largely under-explored (Gong et al., 2025). I show how these labor market intermediaries

can capture part of such gains, and that greater competition among them may amplify the

efficiency gains both directly, by strengthening incentives for labor reallocation, and indirectly,

by accelerating regional capital accumulation as a greater share of the surplus shifts to producers.

Empirically, I exploit the staggered rollout of agencies to quantify how the regional reallocation

of primarily low-skilled workers contributes to the labor-intensive growth trajectories observed

1By definition in Schumpeter (1934), entrepreneurs “have not accumulated any kinds of goods, they have
created no original means of production, but have employed existing means of production differently, more
appropriately, more advantageously. They have ’carried out new combinations.’ ” He also argued that the
surplus that is generated should fall onto the entrepreneurs as profits since they are the one “whose achievement
is to introduce the looms” (page 132).

2They are formally known as Labor Dispatch Agencies (LDA). See Yan (2023) for a related paper that
documents the rise of LDA in China.

1



in many developing countries3.

I begin with a simple conceptual framework to show this argument. Mobility frictions

due to informational4 or search related transaction costs5 generate regional gaps in wages and

marginal product of labor, and the equilibrium labor allocations deviate from the full efficiency

benchmark. However, higher wage disparity provides stronger incentives for labor agencies to

bring workers from low to high wage region and thereby obtain higher profits via arbitrage.

Empirically, through various local branches, agencies can channel surplus labor from across

the country into auxiliary positions in different workplaces. This may have helped met the

growing demand for low-skilled workers in e.g., coastal cities, a task that became increasingly

pertinent as China entered the labor-intensive and export-led growth episode in the early 2000s

(e.g., State Council, 2006). This in turn reduces the wage gap and partially mitigate the initial

misallocations.

Motivated by the conceptual framework, I first show empirically that the location choice of

privately owned labor recruitment agencies exhibits a U-shaped relationship with pre-existing

average local wage, whereas no such pattern is observed for state-owned agencies. In other

words, they establish branches to connect cities at the two extremes of the pre-existing regional

wage distribution, reallocating labor from the least developed areas to high wage cities where

they are needed the most. Furthermore, drawing on a sub-sample of labor agencies from the

administrative tax survey dataset (2007-2016), I find a strong positive correlation between

pre-existing wage disparity and their annual profits, and the number of competing agency

networks reduces profits. Consistent with the theoretical framework, among cities where labor

misallocations are the greatest, there are also greater (pecuniary) incentives for intermediaries

to establish branches there to exploit the arbitrage opportunities.

This paper then provides empirical evidence on how the expansion of agencies networks af-

fects factor reallocation and regional convergence. Using population census data in 2000, 2005

and 2010 and exploiting the staggered rollout of agencies, I find that when agencies established

branches between cities, the temporary flow of workers (i.e., those that did not change their

hukou status) also increased. In particular, labor flows increase more when origin and desti-

nation cities have larger pre-existing wage gaps, implying that agency networks move workers

from low to high wage cities. Furthermore, the expanding agency networks have a stronger

effect on temporary flow of below college, low-skilled workers than for workers with at least a

3See, for example, a recent paper by Becker and Hornung (2025) on how the coal-driven industrialization in
Prussia raised wages for unskilled labor and lowered skill premium.

4For example, Baseler (2023) showed that urban earning are underestimated in Kenya and providing better
information can increase migration to the capital city. In this paper, labor agencies can provide information
on specific job opportunities to workers and facilitate their travels and accommodation (see the case studies by
China Labor Watch (2016)).

5There are many sources of labor misallocations in China, most notably the Hukou registration system which
requires migrants to seek approval from local government to change their officially registered location (Ngai
et al., 2019; Gai et al., 2025). Furthermore, there used to be official requirements for migrants to work across
regions, but these have been largely relaxed (Ebenstein and Zhao, 2015): for example, the process of obtaining
a temporary residence permit has been streamlined in 2003. The major obstacle for workers to live in a city
without hukou is associated with access to public services, healthcare, and educational resources (Meng, 2012;
Tombe and Zhu, 2019). But agencies are less likely to help workers to overcome the hukou barrier: labor agencies
might send workers to multiple places without changing their Hukou status. Second, agency workers are mostly
less educated and low-skilled, and Hukou relaxation for this segment of the workforce is rare. In general it is rare
for temporary low-skilled migrants to obtain hukou in richer cities (Meng, 2012).
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college degree, which is consistent with the role of labor agencies in organizing predominantly

low-skilled workers. These patterns of labor reallocation, in turn, contribute to regional con-

vergence in wages and output per worker, consistent with the theoretical prediction. With a

sample of manufacturing firms in the tax survey dataset, I calculate average wage for each city

and wage gaps for all pairs of cities. A 1% larger initial wage disparity is associated with 0.28%

additional subsequent reduction of the wage gap once cities are connected by agency branches.

Moreover, the extensive margin of agency connection among cities matters quantitatively more

for reducing wage and output per worker gaps than the intensive margins, i.e., the number of

agency groups that connect the same pairs of cities. I interpret this as evidence that while

competition among agency networks may bring down their profits, it may be less important for

the arbitrage forces to make the law of one price to hold. Besides, using event study estimators

proposed by Callaway and Sant’Anna (2021), de Chaisemartin and D’Haultfoeuille (2024) as

well as Arkhangelsky et al. (2021), I find larger effect of wage gap reduction in later years after

agencies build up their linkages across cities, suggesting that these cities embark on the dynamic

path of wage convergence.

A few additional pieces of evidence support the labor flow and wage convergence results.

Firstly, to complement the standard difference-in-differences framework, I leverage exogenous

variation generated by the 2013 Amendment to the Labor Contract Law, using city pairs’ pre-

reform exposure to the policy shock as an instrument for agencies expansion across cities. The

IV estimates reveal increased temporary labor flows and a narrowing of regional wage gaps,

broadly consistent with the baseline DiD results. I further control for road connectivity across

city pairs to mitigate concerns that improvements in transportation infrastructure may bias the

estimates. Secondly, the expansion of labor agencies leads to similar results on wage convergence

in sectors such as construction, hospitality, and logistics, which are similarly likely to employ

agency workers. Thirdly, using China Labor Dynamics Survey (2012-2018), I calculate average

city wages separately for workers with and without a college degree. I find a stronger effect on

regional wage convergence among less-skilled workers, which resonates with our earlier finding

that agency connections promote larger temporary flows for this segment of the workforce.

I then use back-of-the-envelope calculations to quantify the aggregate efficiency gains from

inter-regional labor intermediation via recruitment agencies. The expansion of agencies can ac-

count for over 10% reduction in the aggregate dispersion in regional wages by 2016. Furthermore,

the labor reallocation results from population census data allow me to calculate predicted labor

flows across the entire city system in China with and without agencies. I find that the inter-city

networks of agencies reallocate around 27 million workers across space, and this translates into

a 3.15% gain in aggregate output attributable to agency expansion by 20106. Moreover, with

the reduced form results on agency profits, I calculate how such aggregate gains from reducing

misallocations are distributed between intermediaries and the rest of the economy (i.e., firms

and workers). Strikingly, the estimates suggest that 40% of the output gains are captured by

agencies as profits. This likely reflects the limited competition among different agency groups,

since for many of the city pairs, there is usually only one agency group that connects them.

Lastly, from a long-run perspective, this paper explores how labor market intermediaries may

endogenously emerge as the economy transitions from a highly misallocated stage towards the

6With some linear projection exercises, I also find there are likely larger output gains in later years.
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steady state of regional convergence. I write down a simple neoclassical model of regional growth

which features mobility barriers as in Gennaioli et al. (2014). The steady state is efficient in this

set up, suggesting that market frictions alone may not be a handicap to long-run efficiency, but

the speed of convergence may be affected by access to markets or intermediaries. This resonates

well with and contributes to a classic theme in the literature of growth and development, e.g.,

Barro et al. (1995) and Banerjee and Moll (2010). It also allows me to concentrate on how

endogenous agency dynamics shape the convergence path. The core question I then explore is

how the efficiency gains from labor reallocation via agencies can be amplified by regional capital

accumulation during economic transition.

Calibrating the model to regional factor stock and productivities in China, this paper finds

that agencies will be active in the initial periods where regional wage disparities are the highest

and hence there are larger opportunities to arbitrage. While agencies bring low-skilled workers

from poor to rich regions, there are also higher incentives for capital accumulation in rich regions,

and lower incentives for low-skilled worker to permanently migrate on their own. Reallocation of

low-skilled workers by agencies generates substantial surplus gains compared to the no agencies

counterfactual. The largest gain is observed at the initial periods, but agencies then exit as

wage gap quickly shrinks. The surplus gains however remain persistent. The main idea is labor

reallocations by agencies, in spite of its temporary nature, can speed up capital accumulation.

Hence aggregate surplus is always on a higher path than the no agencies counterfactual until it

reaches the steady state.

The paper then examines how alternative scenarios of the agency sector shape the transition

dynamics toward the steady state. Reducing competition among agencies in both labor-sending

and labor-receiving regions, thereby increasing their monopsony power over workers and bar-

gaining power vis-à-vis firms, slows the transition, mirroring the effects of the 2013 Amendment

to the Labor Contract Law, which raised entry barriers for agencies. In other words, greater

agency competition in both regions generally enhances efficiency, although through distinct

channels. Increasing agencies competition in labor-sending regions weakens agencies’ labor mar-

ket power and directly strengthens incentives for worker reallocation. In labor-receiving regions,

higher agencies competition reduces their bargaining power with firms, allowing entrepreneurs

to capture a larger share of the surplus from intermediation. Higher firm profits then accelerate

capital accumulation, leading to faster convergence to the steady state. These results highlight

that the distributional consequences of market competition have important dynamic efficiency

implications. Moreover, workers tend to benefit more from agencies competition in the sending

regions. Finally, I show that facilitating the transition of temporary agency workers into the

permanent local labor force in high-wage regions can generate substantial efficiency gains and

promotes a more equitable distribution of aggregate surplus. As more agency workers enter

the advanced sector, the Lewisian process of labor reallocation accelerates: regional wage gaps

shrink, agencies’ rents decline, and agency workers earn higher wages. Taken together, these

results reveal how agencies dynamics interact with the transition path of regional convergence,

as well as how alternative structures of the agency sector determine who benefits more from

reducing misallocations.
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Related Literature This paper is related to the following strands of literature: first, following

the seminal contribution by Hsieh and Klenow (2009) and Restuccia and Rogerson (2008),

recent papers in the macro-development literature on misallocations start to (i) utilize natural

experiments to estimate misallocations (Sraer and Thesmar, 2023; Bau and Matray, 2023), and

(ii) look at their welfare and distributional effects (Baqaee and Farhi, 2019; Davila and Schaab,

2024; Atkin et al., 2024; Ghatak and Mookherjee, 2024). Brandt et al. (2025) show that the

reduction of firms’ entry barriers, driven by the shrinking SOE sector, can explain regional

convergence in China. On the labor market, a few papers look at how firm size distortions lead

to output loss (Garicano et al., 2016) and how spatial frictions shape labor misallocations across

firms within regions (Heise and Porzio, 2023). Also related is Banerjee and Moll (2010) and

Moll (2014) who argue that capital accumulation by entrepreneurs themselves may overcome

financial constraints over time. This paper contributes to this literature by demonstrating

the potential for profit-driven organizations to emerge endogenously and arbitrage away the

distortionary wedges. This also shapes the functional distribution of gains from reducing labor

misallocations.

Secondly, this paper is related to the ongoing discussion on the macroeconomics of labor

recruitment agencies. Among the current papers on labor recruitment or staffing agencies and

productivity, the most related paper is Bilal and Lhuillier (2025) who argue that labor outsourc-

ing in France leads to a 1.8% increase of aggregate output but 3.1% reduction in earnings and

welfare of the low skill service workers. In another related paper, Bertrand et al. (2024) show

that the increasing adoption of contract labor reduces the marginal cost of labor faced by large

plants because of greater unionization, therefore reduces misallocation and can account for 7.6%

of the manufacturing TFP growth in India. Estefan et al. (2024) find that domestic outsourcing

of core manufacturing workers leads to lower labor compensation in Mexico, and the recent ban

on such outsourcing practices increases labor income share, while reducing capital investment

and increasing small firm exits. Felix and Wong (2024) finds that the 1993 outsourcing legaliza-

tion in Brazil has lead to young workers replacing old workers in the security guards sector. Also

related is Munoz (2024) who shows that EU’s job posting policy increased temporary mobility

of manual workers from low to high wage countries, with notably 37% profit increase in posting

firms and 14% rise in wages following one posting event. This paper features the endogenous

expansion of agencies, as well as imperfect competition of the agency sector, and discusses what

this implies for regional wage convergence and aggregate gains via factor reallocations across

regions.

The fact that agencies promote inter-regional labor flow also relates to the literature on

internal migration in developing countries (see, for example, Young (2013), Munshi and Rosen-

zweig (2016), Bryan and Morten (2019), Lagakos et al. (2023)). I focus on temporary migration

across cities in China and, in contrast with the spatial sorting mechanism emphasized in this

literature, the migrant population in this paper is largely low-skilled. More importantly, I use

the staggered rollout of agencies as a natural experiment to identify their effects on labor mo-

bility and provide new evidence on its aggregate implications, an area still under-explored in

the migration literature (Lagakos (2020)).

Lastly, this paper also resonates with the earlier theories of economic development (Lewis,

1954; Banerjee and Newman, 1998), and growth theories of conditional convergence starting
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from Solow (1956). This paper contributes to it by showing how labor agencies serve as a

bridge between the modern and traditional sector and speed up regional convergence of wages;

and it highlights the role of competition among market intermediaries in shaping such dynamics.

The remainder of this paper is organized as follows: the next section provides a simple model

that clarifies the concept of labor misallocations due to mobility barriers, and how agencies may

emerge to mitigate them. Section 3 describes the institutional background of labor agencies in

China and presents a few additional descriptive facts constructed from different sources of

datasets. Section 4 shows the core empirical results on the expansion of labor agencies, and its

implications on factor reallocation and aggregate efficiency. In Section 5, I use a neoclassical

growth model to illustrate how endogenous agency dynamics interacts with the transition path

of regional convergence. Section 6 concludes.

2 Conceptual Framework

I begin this paper with a simple framework that defines labor misallocations due to spatial

mobility barriers, and discusses how labor recruitment agencies can mitigate such misallocations.

Consider two regions r ∈ {R,P} which differs in their productivity parameters Ar and

capital stock Kr. There are two types of economic agents: workers and entrepreneurs. The

total stock of workers is L. Each region has a Cobb-Douglas production technology:

yr = ArK
α
r L

1−α
r , (1)

where Kr is region r’s physical capital, and Lr is the labor input. In this simple model, we

assume Kr is constant but will endogenize this through capital accumulation in the dynamic

model in Section 5. We also assume that entrepreneurs can only hire labor locally, so there will

be region specific wage wr. Entrepreneur’s profit maximization problem is simply

πr(Kr) = max
Lr

ArK
α
r L

1−α
r − wrLr. (2)

This implies that region r’s labor demand is simply

Lr =

[
(1− α)Ar

wr

] 1
α

Kr. (3)

Mobility Frictions I now introduce mobility frictions between the two regions. Suppose there

are Lo of workers who are born in the origin region o ∈ {R,P}. In the frictionless world

where workers can freely move between the two regions, regional wages will be equalized, i.e.,

wR = wP , and we obtain the efficient labor allocation and output level where the marginal

product of labor of the two regions are also equalized. However, under mobility barriers, wage

gap will arise between the two regions. To see this, let us assume that in order to move from

region P to region R7, worker i is subject to the mobility barrier τi ∈ [0, 1] whose cumulative

density function is F (τ). Such mobility barrier captures the administrative and/or information

costs associated with settling down in region R and finding a job. Following Gennaioli et al.

7In this simple model, let us not allow workers from region R to migrate back to P , which is a plausible
assumption given the migration patterns in the developing world. This implies we will restrict our attention to
the parameter space where wP ≤ wR.
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(2013), I assume the migrant worker will lose τi of their income in region R so that worker will

move from P to R if and only if

(1− τi)wR ≥ wP . (4)

Therefore the total supply of worker in region R is

F

(
1− wP

wR

)
LP + LR, (5)

and the total supply of worker in region P is[
1− F

(
1− wP

wR

)]
LP . (6)

Wage Gap and Labor Reallocation via Agencies With the expressions for labor supply

and demand, we can characterize the equilibrium wage with labor market clearing conditions.

It is also nice to see that the regional wage gap, i.e., wP /wR, will be determined by the following

equation: (
AR
AP

) 1
α KR

KP

(
wP
wR

) 1
α

=
F
(

1− wP
wR

)
LP + LR[

1− F
(

1− wP
wR

)]
LP

. (7)

The left hand side is the ratio of labor demand in the two region, and the right hand side

is the ratio of regional labor supply. The left (right) hand side is increasing (decreasing) in

wP /wR, so the regional wage gap is uniquely determined. Intuitively, a higher gap of regional

productivities or capital stock (i.e., higher AR
AP

and/or KR
KP

) implies lower wP /wR, i.e., a larger

wage gap between regions R and P .

Agencies reduce regional misallocations through labor reallocation and general equilibrium

effects on wages. Suppose agencies hire La of workers from region P and send them to region

R. We can immediately see that equation (7) now becomes

(
AR
AP

) 1
α KR

KP

(
wP
wR

) 1
α

=
F
(

1− wP
wR

)
LP + LR + La[

1− F
(

1− wP
wR

)]
LP − La

. (8)

It is easy to see that wP /wR will be increasing in La, i.e., since agencies reallocate workers from

the low to high wage regions, wage gap between the two regions will reduce, and the equilibrium

labor allocation will be closer to the full efficiency benchmark. This will be the core empirical

result we will see in Section 4.

Agency Contracts We now close the model by characterizing the equilibrium La and the

associated agency contracts. To hire workers from region P , agencies offer them a wage wa ≥ wP
so that they will weakly prefer working as an agency worker to staying at region P . If we

consider the Lewis type of environment of abundant surplus labor in region P , then labor

market competition implies that wa = wP .

Agencies will bargain with entrepreneurs in region R to jointly determine the equilibrium

La and pa, where pa is the price that entrepreneurs pay to obtain workers from the agencies.
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We first write down the profit of labor agencies as

W (pa, La) = (pa − wP )La − φ(La)− F, (9)

where φ (La) is a convex cost function of training and transporting La workers from region P to

region R. This potentially captures the capacity constraints of agencies, and/or the diminishing

returns in recruitment/placement efforts as well as maintaining good reputation among firms

and workers. F is the fixed costs for agencies to operate. Agencies will be active if and only if

W (pa, La) ≥ 0.

We assume that agency and local workers in R are perfect substitutes. Entrepreneurs in

region R will now choose {LR, la} to maximize

ARK
α
R(la + LR)1−α − wRLR − pala, (10)

subject to la ≤ La. I provide a complete characterization of the optimal labor demand problem

in Appendix Section B.1. There is a nice link with the credit market intermediaries literature:

for example, in the credit rationing model as laid out in Banerjee and Duflo (2014), firms are

not getting the amount of credit they desire at a given interest rate. Here, entrepreneurs in the

rich region are labor rationed in the sense that entrepreneurs would want to hire more cheap

labor from the poor region, but they can only hire to the extent that it remains profitable

for the agencies. Furthermore, the price at which labor are rationed, as we will see below,

depends on the bargaining power of labor market intermediaries. We denote the optimal profit

of entrepreneurs in R as π̃R (KR, pa, La). Note that for entrepreneurs to employ all agency

workers, we need

pa ≤ wR. (11)

The firm and agency then bargain over a labor contract which specifies {pa, La}:

max
pa≤wR

W (pa, La)
χ [π̃R (KR, pa, La)− πR (KR)]1−χ , (12)

where χ represents the bargaining power of agencies relative to entrepreneurs, πR (KR) is the

entrepreneurial profits without agencies, and we set the outside option of agencies to be zero.

One can also find similar bargaining structure between firms and agencies in recent models of

labor outsourcing (for example, Felix and Wong (2024)). We can then solve the optimal {p∗a, L∗a}
and summarize the results as follows:

Proposition 1 The optimal amount of agency workers is characterized by

wR − wP = φ′(L∗a). (13)

The price that firm pay to agency is p∗a = min{wR, p̂}, where p̂ is characterized by

(1− χ)W (p̂, L∗a) = χ [π̃R (KR, p̂, L
∗
a)− πR (KR)] . (14)

Furthermore, p∗a is increasing in χ.

The proofs of all propositions are provided in the Appendix. Equation (13) suggests that the
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optimal amount of agency workers is entirely driven by the regional wage gap, which follows

from the fact that agency and local workers are perfect substitutes, so that the amount of agency

workers should always be chosen in a way such that the marginal product of labor is equal to

wR (if the firm is going to hire any local labor). With this result, the equilibrium wage gap is

now characterized by

(
AR
AP

) 1
α KR

KP

(
wP
wR

) 1
α

=
F
(

1− wP
wR

)
LP + LR + (φ′)−1(wR − wP )[

1− F
(

1− wP
wR

)]
LP − (φ′)−1(wR − wP )

. (15)

This equation shows the equilibrium labor misallocations between the two regions: mobility

frictions create regional wage gaps, but higher wage gap also creates stronger incentives for

agencies to operate and reallocate labor. However, the extent to which agencies are able to

correct misallocations depends on the cost function φ(L) and the profit maximization of agencies.

Here, the bargaining power of agencies doesn’t affect the intensive margins of labor reallo-

cation8. However it does affect how the price of agency workers that firms pay, and in turn

the distribution of surplus among agencies and firms. Nash bargaining in (14) implies that if

the rich region’s wage is high enough (p̂ ≤ wR) and hence the arbitrage opportunity is large

enough, the profits that agencies obtain will take up χ share of the total surplus generated from

labor market intermediation: π̃R (K, p∗a, L
∗
a) − πR (K) + W (p∗a, L

∗
a). However, if p̂ > wR, the

share of agency profits in total surplus will be generally below χ. Besides, it is easy to find from

equation (14) that p∗a is increasing in χ, i.e., higher bargain power of agencies implies that they

can charge a (weakly) higher price and obtain higher profits.

Let us consider the case where χ is high such that the constraint (11) is binding, i.e.,

pa = wR. This corresponds to the case where, as we will discuss below, there is only one agency

between the two regions and therefore have high market power. It immediately follows that

agency profits are entirely driven by the regional wage gap.

Ŵ = (wR − wP )
(
φ′
)−1

(wR − wP )− φ
((
φ′
)−1

(wR − wP )
)
− F, (16)

and by envelope theorem, Ŵ will be increasing in wR − wP . Higher regional wage gap implies

larger arbitrage opportunities for agencies to exploit via labor reallocation, which then translates

into higher agency profits. This will be another core empirical result we will see in Section 4.

With these theoretical predictions in mind, we now turn to the institutional background of

labor recruitment agencies in China.

3 Background, Data, and Facts

The classic path of development as described in Lewis (1954) often entails rising wages, as

the modern sector accumulate capital and absorb surplus labor from the traditional sector, a

trajectory also observed in China. Figure 1 illustrates this process. Average manufacturing

wages increased fivefold between 1998 and 2016, from under 10k to around 50k RMB. At the

8This follows from the assumption that agency workers and local workers are perfect substitutes. If they are
not perfect substitutes, we can expect that χ will affect the bargaining choice of agency workers as well.
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Figure 1: Manufacturing Wages in China: 1998–2016
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(c) Contribution of Between-City Variation

Notes: This figure shows average wages and the dispersion of wages in manufacturing sector in China over 1998–2016, based
on the Annual Survey of Industrial Enterprises and Administrative Tax Survey. The top panel shows the annual average
wage of manufacturing firms and the middle panel shows the coefficient of variation of firm wages. The bottom panel
shows the share of between-city variation of firm wages in the national total variance, following the variance decomposition
exercise:

var(wic) = 1
N

∑
c

Nc
(
wc − w

)2
︸ ︷︷ ︸
between-city variance

+ 1
N

∑
c

∑
i∈c

(
wic − wc

)2
︸ ︷︷ ︸

within-city variance

.

where wic is the average wage of firm i in city c, N is the total number of firms, Nc is the total number of firms in city c,
wc is the average wage in city c, and w is the national average wage.
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same time, the dispersions of wages across firms narrowed9: the coefficient of variation fell

from 0.75 to 0.4, indicating wage convergence across producers. Interestingly, the sharp decline

of wage dispersion alongside rising average wage in China’s growth experiences contrasts with

those of other developing economies such as Sub-Saharan Africa (Appendix Figure A.1), where

wage growth is typically accompanied by greater inequalities. In this paper, we will discuss

how a specific labor market institution, namely, labor recruitment agencies, can contribute to

China’s experiences in declining wage dispersion.

A further decomposition of China’s national variance of firm wages shows that the spatial

wage disparities are persistent. Roughly 20% of the overall dispersion can be explained by

between-city variations, and such share has remained stable. These patterns, i.e., rising wage

levels, gradual wage convergence across firms yet persistent spatial wage disparities, consist of

the empirical background from which labor recruitment agencies have emerged.

3.1 The Rise of Labor Agencies in China

Labor dispatch and outsourcing, where firms hire workers through recruitment and staffing

agencies, has two distinct origins in China. In the late 1970s, foreign companies entering the

Chinese market were required to hire workers through government-established agency platforms

(Wang, 2019). Secondly, the large scale reform of state-owned enterprises (SOEs) in the late

1990s laid off millions of workers. Many of the SOEs therefore established labor agencies to

facilitate the transition of these workers into new jobs. Later on, with the rising labor costs

after 2000 (as shown above), domestic enterprises, both private and state-owned, began to adopt

agency workers because of the flexibility and reduced costs in hiring and firing10. However, labor

outsourcing practices were not legally recognized until the implementation of Labor Contract

Law in 200811, which formalized the registrations of Labor Dispatch Agencies (LDA) in China.

According to the 2008 Labor Contract Law, agencies were required to have registered capi-

tal of at least 0.5 million RMB, and sign fixed term contracts with their workers, and provide

monthly wages. In principle, they were allowed to send their workers to temporary, auxiliary,

or substitutable positions. In practice, firms and agencies often exploited the ambiguity of

these classifications, resulting in a much broader use of agency workers than the law originally

intended12(Liu, 2014). Firms sign contracts with agencies to obtain workers for auxiliary posi-

tions, which typically specify the number of workers and the total payment conditional on task

completion (and we will explicitly model this in Section 5). This arrangement substantially

9Similar patterns of regional convergence in the manufacturing sector are also documented in Brandt et al.
(2025).

10This is especially true for state-owned enterprises which are often subject to mandated quota for its formal
employment. The use of agency workers enables them to bypass these restrictions.

11Therefore if a dispatched worker made a lawsuit case before 2008 of the company it worked for because of
e.g, violation of contracts and delay of compensation payment, such cases might be identified as workers de facto
directly working for the company as labor dispatch was not legally recognized by that time. In some ways, the
introduction of Labor Contract Law helped to shield companies from such legal claims from the (dispatched)
workers (Huang (2017)).

12The subsequent Labor Contract Law Amendment in 2013 and the No.22 Order of the Ministry of Human
Resources and Social Security (MOHRSS) in China clarified these categories: “ temporary positions refer to the
positions that exist for not more than six months; auxiliary positions are non-main business that provide services
for the positions of main businesses; and substitutable positions are those that can be held by substitute workers
during a certain period of time when the employees of the employers who originally hold such positions are unable
to work because they are undergoing full-time study, or on leave or for any other reason.”
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lowers firing costs, since firms can simply return workers when necessary and request replace-

ments from the agencies, an aspect commonly emphasized in the labor economics literature on

staffing agencies (e.g. Autor (2003)). However, one important feature of China’s labor out-

sourcing system is that agencies often send workers across cities, especially from surplus labor

regions to more developed areas with higher demand13. Such inter-regional mobility constitutes

the primary channel through which agency networks can reduce spatial labor misallocations, a

mechanism that I emphasize in this paper. Notably, such temporary labor mobility for work

purposes are not restricted by the hukou system, particularly for the recent decades that I study

here.

The top panel of Appendix Figure A.2 plot the time series of monthly registrations of

LDAs, based on the agencies dataset described below. The formalization of labor agencies in

2008 triggered a surge in registrations nationwide, with monthly entries peaking at around 750

in early 2013. It is also interesting to note that most of the post-2008 entrants are privately

owned, which is the core distinction from the agencies established by the government of SOEs

before 2008. Agencies are also perceived to employ a large fraction of the workforce: according

to All-China Federation of Trade Unions (ACFTU), there are 37 million agency workers in 2011,

which takes up 13.1% of the total workforce in enterprises in China.

The rapid rise of agencies also brought numerous labor disputes that expose firms’ abusive

use of agency workers, which include unequal pay for equal work, overtime work, limited career

advancement channels and social insurance coverage14 (Wang, 2019). These ultimately led to an

amendment of the Labor Contract Law, which took effect on July 1, 2013. Focusing specially on

labor agencies, it imposed several important restrictions: for examples, agencies were required to

obtain an additional certificate from the Human Resources Department of the local government,

and the minimum registered capital was raised to 2 million RMB. In addition, agencies were

required to apply for separate certificates if they sought to establish new subsidiaries in different

cities. The amendment also clarified the boundaries of “temporary, auxiliary, or substitutable”

positions, narrowing the scope for ambiguity. Later in 2014, the MOHRSS imposed a further

regulation that capped the share of agency workers at 10% of total employees for all firms.

In practice, however, this has been hardly enforced: firms may circumvent the cap by signing

“outsourcing” contracts, which is still not legally well defined, instead of dispatch contracts,

even though workers are supplied by agencies in much the same way. Therefore it is hard

to distinguish between labor outsourcing, labor dispatch, and temporary employment in the

Chinese context. For this reason, my analysis focus on the broader spatial expansion of agencies

and its aggregate impact on wages and efficiency.

As in Appendix Figure A.2, the 2013 amendment resulted in a sharp drop of new LDA

registrations, which then recovered again especially in late 2017 due to e.g., the rising demand

for delivery workers from e-commerce platforms. Most of the post-amendment decline of new

registrations stem from local agencies that are not connected to other cities via branches or

13This practice has sometimes triggered legal disputes due to regional differences in social benefits and compen-
sation standards. In 2014, MOHRSS issued an additional regulation that agency workers’ social benefits should
be paid by either agency or firm according to local standards of the workplace.

14ACFTU issued a regulation in 2009 that required all LDAs to establish Trade Union and encourage agency
workers to join. However, labor unions in China remain largely symbolic institutions, as they are largely politically
controlled and often align with the employers in labor disputes (Tu (2017)).
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Figure 2: Agency Network

(a) 2005

(b) 2015

Notes: This figure shows expansion of agencies network from 2005 to 2015, based on my labor agencies dataset. The
blue dots represent the headquarter cities for different agency groups, and the red lines connect headquarters with local
branches.
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headquarters; the inter-regional agency groups are largely unaffected. I plot the monthly reg-

istrations of such agencies (with branches or headquarters in other cities) in the middle panel

of Appendix Figure A.2, which reaches around 200 in late 2018. Figure 2 illustrates the ex-

pansion of agency networks from 2005 to 2015: they began in relatively developed regions such

as Beijing, Shanghai, and Guangdong before spreading to many other cities. Throughout the

paper, I define a pair of cities being connected if any of the agency groups have active branches

in both cities at the same time. Then in the bottom panel of Appendix Figure A.2, I plot the

share of city pairs that are connected by agency groups, which rises from around 1% in 2007 to

17.5% in 2018, again suggesting the rapid expansion of agency networks across space. For the

remainder of this paper, I will focus on the inter-regional agency groups that establish branches

or subsidiaries (and promote labor reallocation) across multiple cities.

3.2 Data

In this paper, I construct a novel comprehensive dataset that covers the near universe of LDAs

in China that registered between 2000 and 2019. I obtain the agencies information on entry

and exit, location, ownership information, registered capital as well as business scope from one

of the core business information platforms in China, aiqicha. Then I identify an enterprise as

a LDA if its main business scope contains labor dispatch and or labor outsourcing, and their

relevant characteristics of e.g., registered capital are consistent with the legal requirements

mentioned above. Furthermore, I construct the spatial network of labor agency groups where

the headquarter is identified as the LDA at the top of the ownership chain where the rests are

local branches. I then manually classify the specializations of agencies by reading through their

business scope descriptions.

Next, I combine the administrative tax survey dataset of firms, population census, as well

as labor survey to study the impacts of agencies’ spatial expansion. Following the current

literature on worker migration in China (for example, Tombe and Zhu (2019), Fang and Huang

(2022)), I use the 1% population mini -census in 2005 as well as the decennial census in 2010

to construct city level flow of workers (without changing initial Hukou registration location).

I focus on the spatial reallocation of such floating population, which according to Chen et al.

(2022), takes up 70% of all migration in 2000. The administrative tax survey of firms from

2007 to 2016 by the State Taxation Administration contains a repeated cross section of firms,

covering various sectors15. I use this to calculate average wages and manufacturing marginal

product of labor16 for all cities. I also identify a sub-sample of labor agencies in the tax survey

dataset which provides richer information on profits and employment. Lastly, I use China Labor

Dynamics Survey (CLDS) in 2012, 2014, 2016, and 2018 to study how agencies expansion affect

wages by educational background. The China City Statistical Yearbook provide information

on average wages, fixed assets of the industrial sector, share of national GDP for each city, as

well as total hukou population for my calibration and counterfactual analysis. It also contains

data on number of high schools and their student-teacher ratios for each city, which are used

to control for the local availability of educational resources. Lastly, I use road network data in

15I also checked the consistency of the tax survey dataset with the more frequently used dataset of Annual
Survey of Industrial Enterprises (ASIE) and the correlation of core variables (such as output and wages) between
the two datasets is around 0.8-0.9, suggesting that the former dataset is reasonably reliable.

16I use the Cobb-Douglas production function as in Hsieh and Klenow (2009).
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2000, 2010, 2014-2018 to calculate travel distance for each given city pair in China to capture

the extent of transportation infrastructure development over the years17. This will be used

as control variable in my difference-in-difference design on the consequences of labor agencies

expansion. In Appendix Table A.1, I provide the summary statistics for the main variables I

use for this paper.

3.3 Descriptive Facts

Even though they are perceived to employ a large fraction of the workforce, our knowledge of

labor agencies in China remains scarce. Drawing on the above mentioned dataset, I am able

to construct a few stylized facts consistent with the existing findings from similar contexts: for

example, labor agencies in China pay on average lower wages than comparable business service

firms, which is consistent with the general notion that agency jobs are often seen as “bad” jobs

(Kalleberg (2011), Hatton (2011)). The dispersion of average wage among agencies is substan-

tially higher than that in the manufacturing sector, with the left tail of the agency workers

often identifying themselves as “second-class” workers. Apart from these, I now highlight the

following facts that contribute new insights into how the agencies sector operates and motivate

our further empirical investigation.

Fact 1: Agencies mainly covers business management, security, property management (in-

cluding cleaning and security), as well as construction. Agency workers are less likely to

have a college degree.

The bottom panel of Appendix Figure A.3 classifies agencies by task specialization. Around

75% of the labor agencies operate as general purpose human resources firms, and 10% are busi-

ness management firms, which may encompass a wide range of services, ranging from (seasonal)

assembly line labor in manufacturing firms, to cleaning, security, accounting, and translation.

Besides, I also find more specialized labor agencies: 6.5% of the labor agencies focus exclusively

on security services, and 3.9% of them are providing property management services (which in-

clude security and cleaning). These patterns suggest that agency workers are more likely to

be concentrated in relatively low-skill occupations. I use the CLDS dataset to compare the

characteristics of agency workers with those of directly hired workers, although the sample size

of the former is fairly small due to missing observations in worker contract information. Never-

theless, only 13.2% of the surveyed agency workers obtained a college or above degree, which is

significantly lower than the 21.3% of college graduates among direct hires. The fact that most

of the agency workers are below college and working in low skill occupations foreshadows my

later findings that the effect of agencies expansion on factor reallocation and wage convergence

is stronger for below-college workers.

Fact 2: The agencies sector is characterized by a few large agency groups alongside many

small ones. The largest agency group has over 80 branches across multiple cities in China,

but the majority of agency groups maintain only two branches. Many of city pairs are

connected via only one agency group’s spatial network.

17For years where the road network data is missing, I use linear interpolation to calculate travel distance for
city pairs.
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Figure 3: Distribution of Agency Groups
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Notes: The top panel shows the distribution of size of agency groups (i.e., the number of branches within an agency group).
The bottom panel shows the frequency of city pairs that are connected (i.e., agency group have branches in both cities) by
the corresponding number of agency groups in 2005 (left) and 2015 (right).

In the top panel of Figure 3, I plot the distribution of number of branches among agency

groups: the majority of agency groups only have two branches, and the largest agency group

has over 80 branches spanning a number of cities in China. Then in the bottom panel, I plot

the frequencies of city pairs that are connected (i.e., agency group have branches in both cities)

by each given number of agency groups in respectively 2005 and 2015. In 2005, only 234 pairs

of cities are connected by agency groups; and by 2015, around 10% of all pairs of cities (around

50k) are connected by the spatial branch network of labor agencies. However, around 65% of

those connected city pairs are connected by only one agency group, while there are 6 pairs of

cities being connected by over 50 agency groups. This implies there is potential specialization

among agencies in connecting different pairs of cities, and the substantial bargaining power

these specialized agencies have when they bring workers across the cities. Furthermore, in the

bottom panel of Appendix Figure A.3, I use the sub-sample of agencies in the tax survey dataset

to show the size (i.e., employment by headquarter of agency groups) distribution of agencies.

This is again characterized by many small agencies that employ 10-100 workers and a few big

agencies with more than 10000 workers. These are all important fact for interpreting my later

results on the extent to which agencies can capture profits from reallocating workers across

cities by arbitraging the wage differences.

Now I present my core empirical results on the expansion of labor agencies and its implica-
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tions on labor misallocations in China.

4 Empirical Evidence

This section will present empirical evidence on (i) where labor agencies expand into given the

pre-existing regional wage disparities, and (ii) how the spatial expansion of labor agencies affects

inter-regional wage convergence and labor misallocations. Then we will use back-of-the-envelope

calculations to translate the labor reallocation results into estimates of aggregate output gains.

4.1 The Expansion of Labor Agencies

Our first task is to explore where agencies choose to establish branches to recruit (or place)

workers, following the 2008 Labor Contract Law which formally recognized their legal status.

As discussed in Section 2, agency groups should start by exploiting the largest arbitrage oppor-

tunities by connecting cities that exhibit larger ex-ante wage disparities, i.e., those at opposite

ends of the ex ante regional wage distribution. In this way they can promote labor reallocation

from low wage cities with abundant surplus labor to high wage cities with strong demand for

low-skilled or auxiliary workers. Throughout the paper, I use ex ante to denote time periods

before the 2008 Labor Contract Law which formally recognized labor agencies18.

To explore the relationship between ex ante wage disparities and the expansion decision of

agency networks, I estimate the following specification at the city pair level:

connectedmn = β1 |∆Wagepremn|+ β2distancemn + εmn, (17)

where connectedmn is a binary variable which equals 1 if there exists an agency group that has

active branches in both cities m and n during 2008 - 2018, and |∆Wagepremn| is the absolute value

of the ex ante difference of (log) average wage between the two cities in 2007. Moreover, I will

also replace the outcome variable connectedmn by connectionmn which captures the number of

agency groups that has active branches in the city pair mn, which captures the intensive margin

of agency presence. distancemn is the (log) distance between cities m and n. We expect β1 > 0

because larger wage disparities across cities should incentivize agencies to establish branches to

connect these cities.

Column 1 in Table 1 confirms this idea, which says 1% increase in ex ante wage disparity

is associated with around 0.2 percentage point increase in the likelihood that the two cities are

connected via any agency network in this linear probability model. It also says that a longer

distance between the two cities discourage agency network to cover them. In column 2 - 3, I

report the estimates of β1 and β2 respectively using logit and probit models. These also provide

similar results that a higher ex ante wage disparity is associated with higher chance of the two

cities being connected by an agency group. We can in principle specify connectedmn by agency

groups, and include group fixed effects into the specification: I have also studied the top 50

agency groups’ expansion decision and find consistent results19.

18This means 2007 in most cases, except that for the results on labor flow in Section 4.2.1, I will use city
average wage in 2000 as ex ante wage because the census data covers 2000, 2005, and 2010. In fact, we can get
similar estimation results if we use only the 2005 and 2010 census data and include the city average wage in 2005
as our measure of ex ante wage.

19This is because we have identified altogether around 4000 agency groups, many of these groups only establish
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Table 1: ex ante Wage Disparity and Agency Network

Connected Connection
(1) (2) (3) (4) (5)

|∆Wagepre| 0.201∗∗∗ 1.535∗∗∗ 0.830∗∗∗ 0.526∗∗∗ 1.487∗∗∗

(0.00911) (0.0627) (0.0350) (0.0324) (0.0721)

Distance -0.0872∗∗∗ -0.662∗∗∗ -0.364∗∗∗ -0.310∗∗∗ -0.801∗∗∗

(0.00289) (0.0202) (0.0113) (0.0152) (0.0269)

Observations 39930 39930 39930 39930 39930
Methods OLS Logit Probit OLS Poisson

Notes: This table shows the regression results for the relationship between ex ante wage disparity between cities
and expansion decision of agency network, where |∆Wagepre| is the absolute value of ex ante (i.e., 2007) logged
average wage from the Chinese City Statistical Yearbook for each pair of cities. This is based on the sample
of city pairs mn that were not connected by any agency groups before 2007. Connected is a binary variable
which equals 1 if both cities have ever been branched by any agency group during 2008–2018. Connections
measures the number of agency groups between city pairs. Columns (1)–(3) use linear probability, logit, and
probit models, respectively. Columns (4)–(5) estimate intensive-margin effects using OLS and Poisson models.
Robust standard errors in parentheses: *p < 0.10, **p < 0.05, ***p < 0.01.

I find higher ex-ante regional wage gap also incentivizes more agency groups to enter. In

column 4 and 5, I respectively use OLS and Poisson models to estimate the relationship between

|∆Wagepre| and connectionmn. Here, according to the later model, A 1% increase in the ex

ante wage gap is associated with a 1.49% increase in the number of agency groups connecting

the city pair. Taken together these results suggest that labor agencies establish their networks

to connect cities at the both extremes of the ex ante wage distribution, and arbitrage the wage

disparities caused by spatial barriers across local labor markets.

Another way to explore agency groups’ location choices is to study the potential U-shaped

relationship between branch location and ex ante city wages, i.e., agencies should be more likely

to enter cities with the lowest and highest wages, but less so for those cities in the middle of

the ex ante wage distribution. I therefore run the following specification for branchedrg on a

set of dummy variables of the decile group that city r belongs to in the ex ante (i.e., 2007)

distribution of city average wage from the Chinese City Statistical Yearbook:

branchedrg =
i=10∑
i=1

βi1{r in decile i}+ distancerg + δg + Xr + εrg, (18)

where branchedrg is a binary variable which equals 1 if an agency group g has ever established

a branch in city r during the ten years (i.e., 2008 - 2018) following the formalization of labor

agencies. δg is the agency group fixed effects. distancerg is the (log) distance between the

headquarter of group g and city r. Xr is a set of ex ante city characteristics such as number

of high schools, and student-teacher ratio in high school, as well as the unemployed popula-

tion. These are included to deal with potential concerns that agencies might simply expand to

places due to non-wage reasons such as limited quality and/or quality of educational resources,

large unemployed workforce, etc. We will see that city labor wages remain an important de-

terminant of agencies’ branch location decisions, even after accounting for these non-wage city

branches in two or three cities, reflecting the limited informational or organizational capacity for these agencies
to expand. Also including all agency groups will explode the size of the dataset.
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Figure 4: ex ante Wage Decile and Agency Expansion
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(c) Branched by Private Agency
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Notes: Panels (a)–(c) report estimates from linear probability models of whether an agency group establishes a branch in a city, using decile groups
of ex ante (i.e., 2007) city average wage (from the Chinese City Statistical Yearbook). All specifications control for distance between the city and
the agency headquarters, the ex ante number of high schools in the city, and the ex ante student–teacher ratio in high school. Panel (b) reports
estimates separately for 2008–2013 and 2014–2018. Panels (c) and (d) restrict the sample to privately owned agency groups and state-owned agency
groups, respectively.
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characteristics.

I report the coefficients estimates βi for all decile groups of equation (18) in Figure 4a, which

uses the linear probability model where I treat the fifth decile group as the baseline group20.

This result visualizes the U-shaped relationship between ex ante wage and agency expansion

decision, with the first and the tenth decile group again having higher probability of being

branched by agencies than the rest of the decile groups. To illustrate the gradual expansion

of agencies across space over time, in Figure 4b, I separately plot the predicted probability of

agencies establishing branches for cities at different ex ante decile group during years 2008-2013

and 2014-201821. Here we find that in the first few years (i.e., 2008-2013) immediately following

agencies being legally recognized, they started establishing branches in cities at the bottom two

decile groups and the top decile group. Then they expanded across the country over 2014-2018,

but again, cities at the bottom decile group and the top three decile groups see the largest

increase in the predicted probabilities of agencies entries.

I contrast the branching choice of privately owned agencies and state-owned agencies (which

takes up less than 5% of my agency sample) in Figures 4c and 4d, and an interesting pattern

emerges here. As before, I find a U-shaped relationship between ex ante city wages and branch-

ing decisions for privately owned agencies; however, this pattern does not hold for state-owned

agencies. Relative to cities in the fifth wage decile, these agencies exhibit a higher probability

of entering the highest-wage cities, but no greater tendency to expand into lower-wage cities.

These results corroborate the view that privately owned agencies are more likely than their

state-owned counterparts to be driven by pecuniary motives in arbitraging inter-regional wage

disparities.

In Appendix Table A.2, I report the coefficient estimates from a similar specification as

equation (18) but only keeping dummy variables for the top and bottom 10% groups22. Column

1 is conditional whether the agency group had a branch in the city before 2008 (by including the

variable Branched Before 2007). Cities in these two extreme decile groups of ex ante wage have

a higher chance of being branched by an agency group. On the other hand, a larger geographical

distance from agency headquarter city is associated with lower probability of being branched.

Column 2 and 3 reports the coefficient estimates on the subsample such that no branch by the

given agency group was established in the city before 2008, where I use a conditional logit model

in column 3. Both columns report consistent results as in column 1 that agency groups are more

likely to establish branches in cities at the two extremes of the ex ante wage distribution.

Our last task in this section is to demonstrate that such ex ante wage disparities can be

translated into pecuniary benefits for agencies to capture. To explore this, I use the subsample

20This is based on the sample of cities that had never been branched by any of the agency groups before 2007;
therefore the results only reflect the new openings of agency branches after the 2008 Labor Contract Law.

21Specifically, I run

branchedrgt =

i=10∑
i=1

β0i1{r in decile i}+
i=10∑
i=1

β1i1{r in decile i}×1{t in 2014−2018}+distancerg+δg+Xr+εrgt,

where t is either 2008-2013 or 2014-2018. I plot the predicted probability for cities at different decile group being
branched by agency groups separately for 2008-2013 and 2014-2018, namely, β̂0i for the former and β̂0i + β̂1i for
the latter. Here I again treat the fifth decile group in 2008-2013 as the baseline group.

22Therefore the coefficients for these two decile groups capture the probability of a city being branched by
agency groups relative to cities with ex ante wages between the 10th and the 90th percentiles.
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Table 2: ex ante Wage Disparity and Agency Profits

(1) (2) (3) (4)
Profits Profits Profits Profits

|max ∆Wagepre| 1.356∗∗∗ 0.751∗∗ 0.696∗∗ 0.963∗∗∗

(0.367) (0.312) (0.334) (0.354)

Size 0.513∗∗∗ 0.504∗∗∗ 0.495∗∗∗

(0.0477) (0.0476) (0.0475)

Agency Groups -0.0190∗∗∗ 0.00569
(0.00608) (0.0139)

Distance -0.0236 -0.0176
(0.101) (0.101)

Agency Groups×
|max ∆Wagepre| -0.0501∗∗

(0.0229)

Observations 236 236 236 236
Notes: This table shows the regression results for the relationship between ex ante wage disparity of agency
network and agency profits. Profits is the (log) average annual profits of headquarter of agency group over 2008-
2016, based on the administrative tax survey dataset. |max ∆Wagepre| is the maximum ex ante (i.e., 2007)
wage gap among cities that the agency group later expanded into during 2008-2018, where the city average
wage is from the Chinese City Statistical Yearbook. Size is the (log) average total employment of headquarter
of agency group over 2008-2016. Agency Groups is the number of agency groups that had established branches
in the same cities that exhibit such maximum wage gap. Earliest is a binary variable which equals to 1 if the
agency group is the earliest group that connect the two cities with |max ∆Wagepre|. Robust standard errors
reported in parentheses: *p < 0.10, **p < 0.05, ***p < 0.01.

of labor agencies from the administrative tax survey dataset and run average profits of agency

headquarters on the maximum ex ante wage disparity among the cities that the agency group

later expand into, and report the results in Table 2. In column 1, we find that on average

1% increase of the ex ante wage disparity is associated with 1.36% increase in agency profits.

Column 2 includes the average size of the agency headquarters over 2008-2016 (when it is

not missing from the tax survey dataset), which brings down the coefficient between ex ante

wage disparity and agency profits to 0.75%. Interestingly, in column 3, I further include the

number of agency groups that have expanded into the same city pairs with the maximum ex

ante wage disparity, which is then negatively correlated with agency profits. This is consistent

with the potential competition effect among agency groups in bringing down profits. Now 1%

increase in ex ante wage disparity is correlated with 0.70% increase in agency profits. Also, a

larger geographical distance between the cities tend to reduce agency profits. Column 4 further

includes an interaction term between the number of (competing) agency groups and the ex ante

wage gap. It shows that the competition effects are predominantly among city pairs with higher

ex ante wage disparities, i.e., the marginal effect of number of competing groups on profits will

reduce by 0.05% if there is 1% increase in the ex ante wage gap. In other words, the higher

pre-existing wage disparities, the more (monetary) incentives for agency groups to expand and

arbitrage; therefore there will be stronger competition among agency groups, which, as we will

show below, will determine the distribution of efficiency gains from reducing misallocations.
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4.2 The Impact of Agencies Expansion

The spatial expansion patterns reflect how ex ante wage disparities create pecuniary incentives

for agencies. Building on this, we now examine how agencies expansion affects factor realloca-

tion and wage convergence, and therefore contributes to efficiency improvement. We begin by

presenting the core results on temporary labor flows across cities.

4.2.1 Labor Reallocation

Utilizing the population census data in 2000, 2005 and 2010, I calculate flowmnt, i.e., total

headcount of individuals (in thousands) who had left their hukou registration location m and

stayed in city n for more than one year (i.e., the “floating migrants” as discussed in the migration

literature). I also calculate such total flow of by their education background (below or above

college). Then combined with the agency network dataset, we can explore how agency expansion

facilitated worker reallocation across regions (without changing their hukou registration) using

the following specification:

Flowmnt = β1Connectedmnt+β2Connectedmnt×∆Wageprenm+λmn+γt+travelmnt+εmnt, (19)

where ∆Wageprenm is the ex ante (i.e., 2000) log wage difference between city n and city m,

i.e., ∆Wageprenm = Wagepren −Wageprem . Connectedmnt is a binary variable which equals 1 if

there exists an agency group that has active branches in both cities m and n in year t. As

an extension, I will also include Connectionmnt, which is the number of such agency groups,

as well as its interaction term with ex ante wage gap into the regression specification. This

captures the intensive margins of agencies linkages across cities. We obtain the city average

wage from the Chinese City Statistical Yearbook data. λmn is the directional city pair fixed

effects, which allows us to control for time in-variant factors specific to the directions of labor

flow, and γt is year fixed effects. I further include travelmnt, i.e., road travel distance for the

city pair calculated from road network data, to measure China’s infrastructure development

over the years and address potential concerns that this might be correlated with Connectedmnt

and also correlated with Flowmnt. The estimate of β1 therefore captures the non-wage reasons

associated with labor flow, i.e., the network of agencies might also promote workers to work in

different positions in Beijing or Shanghai with similar ex ante wages. We expect β2 > 0 such

that the expansion of agencies promote temporary labor flow from ex ante low wage to high

wage cities.

Table 3 reports the regression results. The dependent variable is total gross flow for first three

columns, and gross flow for college (below college) labor for the fourth (fifth) column. In column

1, I find that two cities being connected by an agency group is on average associated with around

8.4 thousands increase in the gross labor flow. Then in column 2, we see that such effect of labor

flow increase will be stronger if there is a larger ex ante wage gap between the destination and

origin city. Specifically, I find that one percent increase in the ex ante wage gap between cities

n and m is associated with around 290 additional increase in the headcount of labor flow from

m to n due to agency connection. I then include the intensive margins of agency connections in

column 3, and now one percent increase in the ex ante wage gap is associated with around 210
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additional increase in gross labor flow when cities are being connected by the agency groups.

If such ex ante wage gap is zero, agency connection can also leads to on average five thousands

increase in such labor flow, indicating that agencies might also facilitate temporary migration

due to non-economic reasons. Furthermore, the intensive margins of agency connections, i.e.,

the number of agency groups connecting both cities, also contribute to increased labor flow,

although with a smaller magnitude than the extensive margins. For example, conditional on

the city pairs being connected, 1 percent increase in the ex ante wage gap is associated with 50

additional increase in gross labor flow following one additional agency groups connecting the

city pairs.

Columns 4 and 5 report the estimation results separately for above and below college labor

flow. We see that in general, there is a stronger reallocation effect among labor without a college

degree: the higher is ex ante wage difference ∆Wageprenm, the expansion of agency network is

found to generate a larger impact on the less-educated worker flows from city m to city n. For

example, 1% increase in the ex ante wage gap contributes to around 160 additional increase in

below college worker flows from low wage to high wage city, contrasting with the 40 additional

increase for above college labor. Correspondingly, we find again that the intensive margins of

agency connections has a smaller impact on labor reallocation than the extensive margins, and

such impact is also stronger among below college labor mobility. This confirms the primary role

of labor agencies in organizing low-skilled surplus labor from ex ante low to high wage cities.

To summarize, these results provide a strong indication that the expansion of agency network

has facilitated labor mobility, especially among those less-educated workers, from ex ante low

wage cities to ex ante high wage cities. The next step is to show how the reallocations of factors

can translate into changes in wage gaps.

4.2.2 Wage Convergence

As shown in Section 2, if agencies reallocate labor from low wage to high wage cities, this will

leads to wage convergence between the cities. To find empirical evidence for this, I first use the

firm level tax survey dataset to calculate city average wage among manufacturing firms, and

demonstrate if cities being connected by agency groups can see their average wage gaps reduced.

In fact, one should also expect that such wage disparity reduction effects are more pronounced

among city pairs that exhibit larger ex ante wage gap. In other words, since agencies have

stronger incentives to reallocate workers among city pairs with larger wage gaps, there will be

stronger effect of agency connections on narrowing wage disparities.

Manufacturing Wages The following two-way fixed effects specification allows us to explore

this:

|∆Wagemnt| = β1Connectedmnt+β2Connectedmnt×|∆Wagepremn|+λmn+γt++travelmnt+εmnt,

(20)

where |∆Wagemnt| is the absolute value of the difference of (log) manufacturing average wages

between city m and city n at year t. Connectedmnt is defined as before, and λmn and γt are

respectively city pair and year fixed effects. For wage convergence, we should expect β2 < 0

such that the wage gap reduction effects are stronger among city pairs that exhibit larger wage

24



Table 4: Agency Network and Manufacturing Wage Gap: 2008 - 2016

(1) (2) (3)
|∆Wage| |∆Wage| |∆Wage|

Connected -0.00900∗∗∗ 0.0503∗∗∗ 0.0418∗∗∗

(0.00137) (0.00173) (0.00234)

Connected×|∆Wagepre| -0.274∗∗∗ -0.233∗∗∗

(0.00665) (0.0126)

Connections 0.00590∗∗∗

(0.00107)

Connections×|∆Wagepre| -0.0291∗∗∗

(0.00765)

Travel 0.129∗∗∗ 0.122∗∗∗ 0.122∗∗∗

(0.00847) (0.00811) (0.00798)

Observations 171250 171250 171250
Fixed Effects
City Pair Yes Yes Yes
Year Yes Yes Yes

Notes: This table reports the OLS estimates of the effect of LDA expansion on (manufacturing) wage disparities across
cities during 2008-2016. The results are obtained based on the administrative dataset of tax survey of firms. |∆Wage| is
the absolute value of difference of (log) average wage between two cities. Connected is a binary variable which equals to 1
if there exist one agency group that has active branches in both cities. Connection is the number of such agency groups.
|∆Wagepre| is the absolute value of ex ante (i.e., 2007) log average wage difference. travelmnt is road travel distance for
the city pair calculated from road network data. Standard errors reported in parentheses are clustered at city pair level: *
p < 0.10, **p < 0.05, ***p < 0.01.

gap before the formalization of labor agencies in 2008. I report the results in Table 4. Note

that I use the ex ante manufacturing average wage here and the dataset does not allow me

to distinguish wages by agency and permanent workers. However, according to the Chinese

accounting standards, agency workers and their compensations will also be included in their

employer’s accounting statement. Therefore the average wage among firms within the same city

can be a reasonable representation of the workforce’s average compensation.

Column 1 includes Connectedmnt only and find that cities being connected by an agency

group is associated with on average 0.94% reduction of their wage gap. I then include the

interaction term in column 2, which supports the notion that the wage disparity reduction

effects are stronger if the ex ante wage gap is larger: one percent increase in |∆Wagepremn|
is associated with 0.28% additional reduction of wage disparity when there exists an agency

group which include both cities into its spatial network23. In column 3, I further include the

number of agency groups that have branches in both cities, i.e., Connectionmnt, as well as its

interaction with pre-existing wage gap, and find such intensive margin of agency connections are

23The coefficient β1 in specification (20) captures the (hypothetical) effect of agency groups connecting the city
pair on its wage gap for those with the same ex ante wages. In data, the median of ex ante wage gaps is around
0.18, which then translates into an overall zero effect of agency expansion for such city pairs. Furthermore, I
restrict the sample to city pairs with below median ex ante wage gap, and I find that the expansion of agencies
has minimal impact over them. On average city pairs being connected by agencies is associated with 0.27%
subsequent reduction of their wage gaps.

25



quantitatively less important than the extensive margin of Connectedmnt in facilitating wage

convergence. Here, after being connected by agency groups, 1% increase in the ex ante wage

gap is only associated with around 0.03% marginal reduction of the regional wage disparity

when an additional agency group comes in and connects the city pairs. This is intuitive because

arbitraging the wage differences requires only one agency linkage, and additional agency linkages

are less important for the law of one price to hold. Where such intensive margin of agency

connection does matter, as we mentioned earlier, is the profits that agencies can appropriate

when arbitraging such wage disparities.

Event Study Specification In parallel with the previous two-way fixed effects regressions, I

now estimate the event study specification:

|∆Wagemnt| =
T∑

h=−τ
βh1 [Dmnt = h] + λmn + γt + travelmnt + εmnt, (21)

where 1 [Dmnt = h] is the lead/lad indicator for the h-th year before/after there exists an agency

network that connect the pair of cities m and n, where Dmnt = t−Amn (Amn is the time period

when the city pair mn was first connected). Furthermore, to explore the regional convergence

effects, I run this specification separately for city pairs that have ex ante high and low wage

disparities24, and we expect that the wage gap reduction effects should be more pronounced

among city pairs with the former group. Furthermore, given our setting of staggered adoption

and potential heterogeneity in treatment effects (and the potential negative weights problem),

I estimate the above specification using the estimator proposed by Callaway and Sant’Anna

(2021), and I will consider alternative staggered DiD estimators in Section 4.2.5.

Besides, we have seen before that agencies selectively choose cities to establish branches and

form their spatial networks. Estimating the above specification separately for city pairs with

similar ex ante wage gap allows us to be more explicit on the causal interpretation of the wage

convergence results. Namely, this implies a conditional parallel trend assumption such that for

treated and control city pairs that exhibit similar ex ante wage disparity, they should evolve

similarly over time.

I report the estimates of βh in Figure 5, which shows that the wage disparities among pairs

of cities with ex ante high wage disparity start to decline when cities are connected via agency

network, and there are minimal changes for the low wage disparity counterparts. I find an

around 3% reduction after the sixth year when agency connection is established between the

cities with ex ante large wage disparities. One can also see that the wage gap reduction effects

become stronger in later years. Intuitively, agencies continue to promote inter-regional labor

mobility over time, wage gaps keep narrowing and the connected cities get on the path of wage

convergence, a core issue that I will return to in the model section. In contrast, among the

city pairs with ex ante low wage disparity, there is no significant reduction of wage disparities.

Furthermore, the pre-trend coefficients are close to zero and are all statistically insignificant,

which increases our confidence that the conditional parallel trend assumption is likely to hold

24Here I show the results for city pairs with ex ante wage gaps that are respectively above and below the 75th
percentile of the wage gap distribution. One can obtain similar results by looking at the above and below median
ex ante wage gap.
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Figure 5: Event Study: Agency Network and Regional Wage Gap
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Notes: The figure shows estimates from the event study specification of difference of (log) average (manufacturing) wage
for city pairs on Connected (i.e., if there exist an agency group that has active branches in both cities), respectively for city
pairs with above and below 75th percentile ex ante wage disparity, based on the methodology of Callaway and Sant’Anna
(2021). I include road distance for each city pair as control. I also show the 95% confidence interval calculated using
standard error clustered at city pair level.

among city pairs that exhibit similar ex ante wage disparities.

Comparable Sectors Apart from the manufacturing sector, there are similar patterns of wage

convergence in other comparable sectors as well. Appendix Table A.3 reports the estimates of

specification (20) but the outcome variables are now the average wage disparities for comparable

sectors that are also likely to heavily rely on agency workers, namely construction, hospitality,

and logistics/warehousing. This is still based on the administrative tax survey dataset.

We can see that the expansion of agency networks also bring regional wage convergence for

these sectors as well: for example, 1% increase in the ex ante wage difference is associated with

respectively 0.08%, 0.11%, and 0.11% additional reduction in the sector specific wage gaps when

agency networks connect the pairs of cities together. Furthermore, consistent with our previous

results on the manufacturing sector, the intensive margins of agency connections also play a

quantitatively less important role in bring down the wage disparities. Taken together these

results underscore the generality of the wage convergence patterns brought by the expansion of

agency networks.

Wage by Education Background So far I have shown that the expansion of agency network

has facilitated regional convergence of average wage by sectors. But this may obscure important

heterogeneities, and the most relevant to our analysis is how such convergence patterns differ

by workers’ human capital and/or skill levels. I utilize the CLDS dataset in 2012, 2014, 2016,

and 2018 to calculate average annual wage for workers with or without a college degree for

each city, as well as the corresponding wage gaps for city pairs. This allows me to run similar

specifications as in (20) but now for skill specific wage25.

25Note that the earliest CLDS survey data one could obtain is 2012, i.e., I cannot compute the ex ante wage
gap |∆Wagepree | separately for college and below college workers. Instead, I calculate the average wage gap of
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Table 5: Agency Network and Regional Wage Gap (by Education)

(1) (2) (3) (4)
|∆Wage0| |∆Wage0| |∆Wage1| |∆Wage1|

Connected 0.0203 0.0189 -0.00540 0.00106
(0.0172) (0.0175) (0.0320) (0.0324)

Connected×|∆Wagepre| -0.222∗∗∗ -0.210∗∗∗ -0.158∗∗ -0.167∗∗

(0.0406) (0.0428) (0.0741) (0.0760)

Connections 0.00000186 0.00367
(0.00251) (0.00256)

Connections×|∆Wagepre| -0.00924 0.0117
(0.00936) (0.0124)

Observations 20119 20119 3895 3895
Fixed Effects
City Pair Yes Yes Yes Yes
Year Yes Yes Yes Yes

Notes: This table reports the OLS estimates of the effect of agency network expansion on wage (by education) disparities
across cities in 2011, 2013, 2015, and 2017. The results are obtained based on the CLDS dataset (2012, 2014, 2016 and
2018). |∆Wagee| is the absolute value of difference of log average annual wage specific to educational background e ∈ {0, 1}
between two cities, where e = 0 stands for below college degree, and e = 1 is college degree. Connected is a binary variable
which equals to 1 if there exist one agency group that has active branches in both cities. Connection is the number of
such agency groups. |∆Wagepre| is the absolute value of ex ante (i.e., 2007) log average wage difference from the Chinese
City Statistical Yearbook. Standard errors reported in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***
p < 0.01.

The results are summarized in Table 5. Similar to the findings before, we can find strong

wage convergence results for workers without a college degree: one percentage increase in ex

ante wage gap is associated with 0.22% additional reduction upon up agency connection. In

contrast, there are no statistically significant changes to the below college wage gap for city

pairs that have the same ex ante average wage. The magnitudes of the effects here are similar

to what we found before in Table 4, despite that Table 4 is based on different datasets and

the manufacturing sector only. Furthermore, the intensive margins of agency connections have

a quantitatively less important (in terms of magnitude) and statistically insignificant role in

promoting regional convergence in low-skilled wages, again consistent with the previous results.

However, when we move to column 3 and 4, I find smaller effects on wage convergence for the

more educated workers with at least a college degree26: 1% increase in the ex ante wage gap

is associated with around 0.16% additional reduction of the above college wage gap. These

results suggest that wage convergence, as facilitated by the expanding labor agencies who were

primarily organizing the low-skilled workers, might be partial, in the sense that labor wages at

the lower spectrum of the skill distribution are converging, but less so for the more educated

workers.

city pairs from Chinese City Statistical Yearbook and use it as a proxy measure.
26The drop in the number of observations is due to the lack of above college observations in the CLDS dataset.

We obtain similar results if we restrict the sample to city pairs where both below and above college wage gap is
none-missing.
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4.2.3 Factor Inputs

I have demonstrated that the expansion of agency networks leads to factor reallocation across

regions, which in turn translates into convergence in factor prices (i.e., labor wages). The next

results find similar convergence patterns for output per worker and capital-labor ratio among

manufacturing firms across regions.

Output per Worker By calculating average output per worker (APL) across manufacturing

firms for each city as well as the gaps of such average output per worker |∆APL| between cities,

I run the same specification as in (20) and the results are summarized in Appendix Table A.4.

As before, we find that the expansion of agency network leads to stronger effects of output per

worker convergence among those city pairs that have larger ex ante APL gaps. 1% increase in

the ex ante APL gap is associated with 0.16% additional reduction of APL gap across cities

when they are connected by the agency groups. Furthermore, including the intensive margins

of agency connections in column 3 again implies that this is quantitatively less important than

the extensive margins to promote regional convergence of output per worker. Here, conditional

on city pairs being connected, 1% increase in the ex ante APL gap is associated with only 0.02%

additional reduction of the APL gap if one additional agency group connects the city pairs.

Capital-Labor Ratio We now examine how agency connections across cities affect regional

gaps in manufacturing capital-labor ratio. Intuitively, consider the pair of an advanced (in

Lewisian terms) city with high capital stock, low labor stock and high wage, as well as a

backward city (i.e., the backward sector) with low capital stock, high labor stock and low wage.

When agencies connect these cities, they bring labor from the latter to the former, which will

automatically bring down the capital-labor ratio gap. However, this effect will be at least

partially offset if the rich city further increase capital input as a response. Appendix Table

A.5 presents the result. Here, we find one percent increase in the ex ante capital-labor ratio

gap is associated with around 0.07% additional reduction of the regional capital-labor ratio gap

when agency groups establish branches across cities. The magnitude is slightly lower than the

convergence results for wages and APL. We do not find evidence that the intensive margin of

agency connections contribute to further reduction of the capital-labor ratio gap.

4.2.4 IV Estimation

I can also instrument Connectedmnt using the policy shock of the Amendment to Labor Contract

Law in 2013. As discussed in Section 3.1, it imposes the minimum registered capital requirement,

and requires such registered capital to be fully paid in. The administrative barriers for the

agency sector also increase because agencies also need to apply for separate certificates from local

government to open up new subsidiaries in different cities. This policy shock therefore provides

important variation for the operation of agency branches across cities, depending on whether

the branch is a local office or a subsidiary. By legal definition, local office is within the same

legal entity with the agency headquarter/owner, so it does not need to register with additional

registered capital. This is in contrast with subsidiary which now need to have fully paid-in

capital when they register and also apply for additional certificate after the 2013 Amendment.

Such regulatory differences between local offices and subsidiaries did not exist prior to 2013
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Table 6: First Stage: 2013 Amendment and Connectedness

Connectedmnt

Θmn × Post2013t -0.239∗∗∗

(0.00750)

Observations 604,406
F-statistic 1019.2
Fixed Effects
City Pair Yes
Year Yes

Notes: Θmn is the share of agency connections via subsidiaries for city pair mn. Post2013t is a binary variable
which equals to one if year t is after 2013. Standard errors reported in parentheses are clustered at city pair level:
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

and led to substantial exits and sharp declines in subsidiary registrations thereafter. Moreover,

the choice of subsidiaries versus local office prior to 2013 by agency groups is largely driven by

owners’ risk and organizational preferences instead of regional factors, e.g., since local offices

are within the same legal entity, their debts need to be repaid by the headquarters or agency

owners.

Therefore, city pairs connected by agency subsidiaries as opposed to local office before 2013

are less likely to remain connected thereafter. To capture how exposed each city pair was to

such negative policy shock, I calculate

Θmn =
#{agency groups connecting (m,n) through subsidiaries}

#{agency groups connecting (m,n) in 2012}
(22)

and I can therefore instrument Connectedmnt using Θmn×Post2013
t , where Post2013

t is a binary

variable which equals to one if year t is after 2013. I report the first stage result in Table 6,

which shows that the more city pairs are connected through subsidiaries, the less likely they are

to remain connected after 2013.

We now report the results of the consequences of agencies expansion on labor flow and

regional wage convergence in Table 7, where we instrument Connectedmnt by Θmn × Post2013
t .

Panel A documents the effect of agency expansion on gross labor flow using population census

data in 2000, 2005, 2010, and 2015. With the full sample in column 1, I find that city pairs

being connected by agencies is on average associated with around 4 thousand increase in the

gross labor flow from city m to city n. Columns 2-4 are respectively based on the sample of city

pairs where the destination city n has a higher (lower) ex ante wage than origin city m, i.e.,

columns 2 and 3 (columns 4 and 5), and the absolute value of ex ante wage gap |∆Wagepremn| is

above (below) the 75th percentile of the wage gap distribution, i.e. columns 2 and 5 (columns

3 and 4). A comparison across columns (2)–(4) indicates that agency expansion has a stronger

effect on labor flows from low-wage to high-wage cities, especially among city pairs with larger

ex ante wage differentials. For instance, for city pairs in the top quartile of the ex ante wage gap

distribution, agency presence in the city pair is associated with an average increase of roughly

10 thousand workers moving from low-wage to high-wage cities. By contrast, labor flows from

high-wage to low-wage cities decrease by approximately 0.8 thousand workers when the ex ante

wage gap is large. These IV estimates on labor flow effects are largely consistent with the OLS
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estimates presented before.

In Panel B of Table 7, I report the IV estimates of the impact of agencies expansion on

manufacturing wage gap. Here, again consistent with what we have seen before, city pairs being

connected by agencies is associated with on average 3.6% reduction of the manufacturing wage

gap for city pairs that exhibit above 75th percentile ex-ante wage disparity. Such magnitude is

similar to our results from the event study specification in Figure 5. In contrast, city pairs with

lower ex-ante wage gap witnessed minimal impact from agencies expansion.

4.2.5 Further Results and Robustness

We now consider a few extensions of the empirical results, which shows (i) there are no pre-

existing differential trends of worker flow for connected city pairs; (ii) how the empirical patterns

of wage convergence show up in alternative DiD estimators and when considering regional

spillovers; and (iii) how agency connection affects the temporary net flow of labor and changes

in Hukou population across cities.

Differential Trends in Worker Flow One potential concern with respect to the labor re-

allocation results is that there may be pre-existing differential trends of worker flow for the

connected city pairs (e.g., agencies may arrive simply because there are already larger worker

flow between city pairs), which may bias the Difference-in-Differences results.

To address this concern, I use the population census in 2000 and calculate the gross labor

flow across city pairs, which is then combined with the 2005 gross labor flow data. I then

estimate

Flowmnt = β1Treatmn + β21 [t = 2005] + β3Treatmn × 1 [t = 2005] + εmnt, (23)

where Treatmn is a binary variable which equals to one if city pair mn is connected in 2010,

and zero otherwise27. 1 [t = 2005] is an indicator variable which equals to one if year is 2005. It

then follows that β3 captures whether the treated city pairs have a differential trend (between

2000 and 2005) relative to the control city pairs.

I report the result in Appendix Table A.12. Here I could not find evidence that there

exists pre-existing differential trends among treated city pairs between 2000 and 2005. The first

column report the results for the entire sample of city pairs, and the next two columns are for

city pairs with ex ate high and low (i.e., above and below the 75th percentile) wage gap. Our

estimates of β3 are not statistically different from zero, which increases our confidence that the

labor reallocation results are not driven by pre-existing trends in labor flows before agencies

arrive.

Alternative Difference-in-Differences Estimators In Appendix Figure A.7, I show the

estimates of the event study specification of (21) but with the estimator proposed by de Chaise-

martin and D’Haultfoeuille (2024). Here, among city pairs with ex ante low wage disparity, I

find there is minimal impact on the subsequent wage gap when they are connected via agency

network. The reduction of regional wage disparities is more pronounced among city pairs with

above the 75th percentile ex ante wage gap, consistent with our existing results. Here, after

27I exclude the city pairs that are treated in 2000 and 2005 (around 400 observations)
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Figure 6: Agency Network and Regional Wage Gap: Synthetic DiD Estimates
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Notes: This figure shows estimates of the event study specification of difference of (log) average (manufacturing)
wage for city pairs on Connected (i.e., if there exist an agency group that has active branches in both cities), respec-
tively for city pairs with ex ante above and below 75% wage disparity, based on the methodology of Arkhangelsky
et al. (2021). I also show the 95% confidence interval calculated using bootstrapped standard error.

the seventh year of being connected by agencies, city pairs with high ex ante gap observe 3%

reduction of the wage disparity.

I also estimate the even study specification using the synthetic DiD estimator proposed by

Arkhangelsky et al. (2021). The core idea of this method is to calculate unit and time specific

weights and then estimate the difference-in-differences specification with weighted units and

time periods such that the average pre-treatment outcomes of the treatment and control groups

are approximately parallel (hence the confidence intervals of the pre-trend coefficients will be

small by construction). Figure 6 summarizes the result, where the top (bottom) panel is for

city pairs with high (low) ex ante wage gap.

Here, for city pairs with ex ante wage gap above the 75th percentile28, we observe subsequent

reduction of regional wage disparities after they are connected by agency branches, and such

effect is stronger in later years: in the sixth or the seventh year after agency groups established

the linkages, I find around 3% reduction of the wage disparity, and the magnitude is similar to

our previous staggered DiD estimates 29. On the contrary, for city pairs with ex ante low wage

gap, I could not find evidence for further reduction of their wage disparities. This result, based

on weighted treatment and control city pairs having parallel pre-treatment outcomes, further

consolidates the findings that the expansion of agencies across the country leads to reductions

28Again, I can find similar results for different cutoffs such as the median in the distribution of ex ante wage
gap.

29Note that however the synthetic DiD methodology requires the panel data to be perfectly balanced, but this is
not required for the staggered DiD estimators proposed by Callaway and Sant’Anna (2021) and de Chaisemartin
and D’Haultfoeuille (2024)
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in regional wage disparities.

Spillovers We now discuss how potential sources of spillovers may affect our wage convergence

results. We first consider a type of geographical spillovers such that when agencies establish

branches in an ex ante high-wage city n and a low-wage city m, workers from nearby low-wage

city k close to m may see the opportunity and commute to m for a job that send them to n. This

implies that control city pair (k, n) may be affected by the treatment of (m,n), a violation of

the SUTVA assumption that leads to under-estimation of the treatment effect. To address this

concern, for each treatment city pairs (m,n), I find all the neighboring cities k of the low-wage

counterpart m, k ∈ Nm, and I define the potential spillover control group as

SGmnt =
{

(k, n) | k ∈ Nm,Wageprek < Wageprem , Connectedknt = 0
}
.

This includes all control city pairs (k, n) such that neighboring city k of m has a lower ex ante

wage than city m: it is more plausible or attractive for workers in k to commute to m to seek

an agency job.

Removing these potential spillover control groups, I re-estimate equation (20) and report

the results in Appendix Table A.6. Here, there is a slightly larger effect of wage gap reduction

compared to Table 4: one percent increase in the ex ante wage gap is now associated with

0.24-0.28 percent additional reduction in the regional wage disparities. I also run the event

study specification and report the results in Appendix Figure A.4, where again we find slightly

larger estimate of the wage gap reduction effects in the sixth year of agencies connecting the

city pairs.

Such geographical spillovers may also affect our labor flow results. In Appendix Table A.7,

I exclude the control city pairs specified in SGmnt (for each treatment city pair mn) and present

the estimation result for (19). Here we identify stronger effect of labor flow: for example, when

any of the agency groups connect the city pairs, this is associated with on average 7 thousands

worker flow (column 1). Then in the next two columns, 1 percent increase in the ex ante wage

gap is now associated with around 100-200 additional worker flow. Similar to our findings

before, the expansion of agencies networks has a stronger effect over below college flow than the

above college flow. To summarize, these results confirms the idea that the type of geographical

spillovers discussed above tend to bias downward the true treatment effect of agency expansion.

The second type of spillovers concerns equilibrium price effects. Namely, when agency con-

nection brings down wage gap of city pair (m,n) by raising the wage of m and reducing the wage

of n, then all city pairs (k,m) and (s, n) (where k, s 6= n,m) may (by definition) be affected.

Since it is hard to find enough pure control city pairs with no agency presence, I define the

following measures that account for how exposed/connected each city pair is to the expanding

agency networks in the rest of the city system – this allows us to check how sensitive the results

can be to the intensity of spillovers through price effects. For each city m (and city pair (m,n)),

I calculate a weighted sum of how many cities are connected to it:

Ψn
mt =

∑
k 6=m,n

wmk × Connectedmkt, (24)

where wk is the ratio of population of city k over the distance between k and m. Similar to
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measures of market access in the spatial economics literature (Donaldson and Hornbeck, 2016),

I assume there is likely to be larger spillover effect if m is connected via agencies to a larger

city k within shorter distance. I can then calculate how exposed each city pair is to the rest of

the city system by taking Ψ̂mnt = Ψn
mt + Ψm

nt.

Then in Appendix Table A.8, I re-estimate equation (20) and report the results by removing

the control city pairs that are highly exposed/connected to the rest of the city system (i.e., above

the 90th percentile in the distribution of Ψ̂mnt). Here we find that one percent increase in the

ex ante wage gap is now associated with around 0.29-0.33% additional reduction of the wage

disparities. In the similar vein, I show the even study estimates in Appendix Figure A.5 using

the rest of the sample after removing the highly exposed control city pairs. Again, there are

minimal changes to the city pairs with ex ante low wage gap; but for the ex ante high wage gap

city pairs, we now see slightly larger effects of wage disparity reduction than in Figure 5. For

example, in the sixth year following agency groups connect such city pairs, we observe a 4%

reduction of the wage disparities. This is again consistent with the idea that the equilibrium

price effects specified above are likely to lead to under-estimation of the true treatment effect,

especially for control city pairs with high ex ante wage disparity.

Average Wage from City Statistical Yearbook We can also use the city average wage data

from the Chinese City Statistical Yearbook to estimate specification (20). We find similar pat-

terns of wage convergence as before, which is summarized in Appendix Table A.9. Interestingly,

now the wage gap reduction effect is smaller in magnitude compared to the manufacturing wage

results, i.e., one percentage increase of the ex ante wage gap is now associated with 0.11-0.12%

additional reduction of the wage gap when agencies connect the city pairs. This is consistent

with the idea that agencies only reallocate a particular fraction of the labor force across space,

so one will observe smaller effect when looking at the overall average wage.

Net Flow In Appendix Table A.10, I estimate a similar specification for the effect of agency

connections on labor mobility, by by replacing the dependent variable with net flow among city

pairs. The city pair fixed effects now become non-directional. Since we calculate net flow simply

by taking Flowmnt − Flownmt, I show in Appendix C the econometric relationship of the OLS

estimates obtained from the gross and net flow data. The results confirm this. Among columns

1 - 3, all my coefficients on Connectedmnt and Connectionmnt are not statistically different from

zero, and the coefficients on the interaction terms are roughly twice as large as those obtained

using gross flow data.

Hukou Population Change The last result of this section concerns whether agency connec-

tion leads to changes in the distribution of Hukou population across cities. Although agency

jobs do not directly confer Hukou status and agency workers therefore have limited access to

local public resources, they may nevertheless obtain longer term residence in high-wage cities

(and the Hukou status) through changes in employment contract, job transition, or marriage,

etc. To explore this angle, I use the Hukou population data for each city in the Chinese City

Statistical Yearbook, and calculate Hukou population gap for each city pair. I report the city

pair level regression results in Table A.11, where one percent increase in the ex ante average

wage gap is associated with 0.06-0.08 percentage additional increase in the Hukou population
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gap following agencies connect the city pairs30. This is consistent with the notion that agen-

cies may promote temporary mobility of workers from low-wage to high-wage cities, and these

workers may later on consolidate their residence by obtaining Hukou status.

4.3 Aggregate Gains

In this section, we use the empirical results on labor reallocation and wage convergence across

cities and back-of-the-envelope calculations to quantify the aggregate efficiency gains from the

expansion of labor agencies.

4.3.1 Reduction in Manufacturing Wage Dispersion

We start by calculating how the expansion of agencies across the country contribute to reduc-

tion in overall dispersion in regional manufacturing wages, one of the core metric of aggregate

misallocations, as outlined in Section 2. Let wi,t denote the average (manufacturing) wage in

city i at year t. Then the national variance of wages can be expressed by the sum of squared

pairwise wage difference:

var (wit) =
1

N2

∑
i<j

(wit − wjt)2 . (25)

Then using the regression results on city average wage in the manufacturing sector31, I

calculate the predicted value of |∆Wagemnt| with agencies for each year from 2008 to 2016 by

plugging in the corresponding Connectedmnt and Connectionmnt, and that for the no agencies

counterfactual by setting Connectedmnt = 0 and Connectionmnt = 0. I can then calculate the

national variance of wages using (25) with and without agencies by summing up the squared

fitted value of |∆Wagemnt|.
Figure 7 presents the reduction of wage dispersion due to agencies relative to the no agencies

counterfactual. As agencies continue to expand across the country, by 2016, their connections

across cities account for over 10% of the aggregate dispersion in regional wages, rising from

around 2% in 2010.

4.3.2 Output Gains

We can also quantify the output gains brought by the expansion of agencies. I take the standard

constant returns to scale Cobb-Douglas function as the regional aggregate production function:

(i) Y = AKαL1−α where L is the total labor in the region, and I also allow for (ii) Y =

AKα(LU )β(LS)1−α−β where LU and LS are respectively low-skilled (below college) and skilled

(college) labor. We also assume that regional capital stock and productivity are fixed at least

30Note that this is a smaller magnitude compared to the temporary labor flow results based on the population
census data.

31Specifically, I run

|∆Wagemnt| = β1Connectedmnt + β2Connectedmnt × |∆Wageprenm|
+β3Connectionmnt + β4Connectionmnt × |∆Wageprenm|+ λmn + γt + εmnt.
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Figure 7: Reduction of Wage Dispersion
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for the short run. Then using Y = AKαL1−α, we obtain32
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, (26)

where Y c
n is the counterfactual output level of city n without agencies, Lcn is the counterfactual

labor stock without agencies and Ln is the labor stock with agencies. The above equation says

that assuming fixed capital stock and productivity, aggregate output gains due to agencies can

simply be calculated as a weighted average of the labor gains, weighted by the counterfactual

output share for each city Y cn∑
i Y

c
i

. This also aligns with the theoretical framework laid out in

Section 2 where the output losses are directly related to the mobility barriers that stop labor

from moving across regions.

To measure the city output share, I calculate each city’s ex ante share of national GDP

using the Chinese City Statistical Yearbook. I take α = 0.3 which follows from (i) the capital

output ratio of manufacturing firms in the administrative tax survey dataset and (ii) running

a regression of city level industrial output on industrial fixed assets and total labor input and

obtaining the coefficient of 0.29 for the capital input33. To determine the low-skilled labor share

β, I find that the payment for managers takes up around 25% of total labor payment among

manufacturing firms in the tax survey dataset. Using this as a proxy for the share of low-skilled

labor over total labor share β/(1 − α), I obtain a benchmark value of β = 0.2, but will also

consider alternative levels of β and explore how they affect our aggregate gains calculations.

32It is easy to obtain similar result using Y = AKα(LU )β(LS)1−α−β .
33Specifically, I obtain β1 = 0.29 from the two-way fixed effects model ynt = β1Knt + β2Lnt + νn + γt + εnt.
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Now the core task boils down to finding the counterfactual total labor supply in each city

with and without agencies, i.e., Ln and Lcn. For this, we can first use the results in Section 4.2.1

to establish inter-regional labor reallocation with labor agencies, as well as the counterfactual

labor flow without them. Given Table 3, it then follows that when setting Connectedmnt =

Connectionmnt = 0, one can obtain the counterfactual labor flow from city m to city n without

agencies at year t simply as ˆFlow
counterfactual

mnt = λ̂mn + γ̂t, and the fitted value ˆFlowmnt by

plugging in the agency network {Connectionmn}t for predicted labor flows with labor agencies.

I contrast the total labor flow with agencies in 2010 with the counterfactual labor flow in

the N × N city system (where N is the total number of cities) in the top panel of Figure 8.

The horizontal (vertical) axis shows origin (destination) cities ranked from the highest to the

lowest in the ex ante average wage distribution. Hence the i-th column and j-th row pixel

shows the total number of labor from from the i-th rank city to the N + 1 − j-th rank city in

2010 respectively with labor agencies (right) and in the counterfactual scenario (left). This also

implies all pixels below the diagonal show labor flow from lower wage cities to higher wage cities

and vice versa for the above diagonal pixels. The core message from this comparison is that

labor agencies reinforce the underlying worker flows from low wage to high wage cities. First,

one can see substantial flows of workers from cities across the ex ante wage distribution to the

highest wage cities, and all the negative flows from low to high wage cities in the counterfactual

scenarios get eliminated in the scenario with labor agencies. Second, there are negative labor

flows in the top left corner of city system with agencies, which implies that with labor agencies,

it is even less likely for workers to flow reversely, i.e., from ex ante high wage to low wage

cities. Furthermore, I calculate the total headcount of worker flows across the entire city system

attributable to agencies is around 27 million34, which is roughly two third of the total population

of agency workers (37 million) reported by ACFTU in 2011. This confirms that the magnitude

of our back-of-the-envelope calculations is reasonably reliable.

The middle and bottom panels of Figure 8 show such fitted and counterfactual labor flows

separately for college labor and below college labor. Similar patterns emerge: for both college

and below college population, labor agencies reinforce the flows to the highest wage cities, and

all the (counterfactual) negative flows from low to high wage cities get eliminated under labor

agencies. Furthermore, compared to college labor, labor agencies lead to a stronger negative

effects among below college labor for the reverse labor flow (i.e., from high to low wage cities).

This is consistent with the predominant role of labor agencies in organizing low-skilled labor

across regions.

Appendix Figure A.6 uses the regression results on net flows and construct the fitted and

counterfactual flows in the N×(N−1)
2 city system. Again we can find that agencies promote

(positive net) labor flows from cities across the ex ante wage distribution to the highest wage

cities (i.e., the bottom rows in the diagram). There is also stronger outflow of workers from the

lowest wage cities to higher wage cities (i.e., the right side of the diagram).

Using the above counterfactual labor flow results and ex ante distribution of city population,

we can now calculate the aggregate output gains with labor agencies using equation (26). I

report the aggregate output gains by labor agencies relative to the no agency counterfactual in

34Specifically, I sum up all predicted values of ˆFlowmnt and ˆFlow
counterfactual

mnt over all city pairs in 2010, and
the difference in these two sums is the total worker flow attributable to agencies.
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Figure 8: Inter-City Labor Reallocation
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Notes: This figure shows the counterfactual labor flow (left), ˆFlow
counterfactual
mn , and the fitted value of labor flow with

agencies (right), ˆFlowmn in the N ×N city system in 2010, respectively for total labor flow (top panel), individuals with
a college or above degree (middle panel) and those without a college degree (bottom panel). The horizontal (vertical)
axis shows the origin (destination) city, ordered from left (bottom) to right (top) according to their ex ante average wage.
Therefore the i-th column and j-th row pixel shows the total number of labor flow from the city with i-th rank in the ex
ante average wage distribution to the city with N + 1− j-th rank in the ex ante average wage distribution.
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Table 8: Relative Output Gains in 2010

Y = AKαL1−α Y = AKα(LU )β(LS)1−α−β

β = 0.2 β = 0.4 β = 0.6

Relative Output Gains 3.15% 2.30% 2.79% 3.32%
Agency Profit Share 39.82%

Notes: This table reports the aggregate output gains relative to the no agency counterfactual, as well as the share of
agency profits in aggregate output gains in 2010.

Table 8. Using total labor flows, I find that the existence of labor agencies across cities in 2010

can contribute to 3.15% aggregate output gains in China relative to the counterfactual scenario

without agencies. I also find a 2.30-3.32% aggregate gains using the skill specific production

function with different values of β, where higher values of β yields higher estimates for the

relative aggregate gains. This is intuitive because we previously found a stronger effect of

labor agencies to move low-skilled workers across cities, and as low-skilled labor becomes more

important in the production function (i.e., higher β), one can expect agencies to generate a

larger aggregate impact.

Moreover, we can have a back-of-the-envelope estimate of how much of such aggregate output

gains are captured by labor agencies as profits. To calculate agency profits in reduced-form, I

first use the subsample of agencies from the administrative tax survey dataset to run a regression

of agency headquarter profits per worker on ex ante maximum wage difference between cities

that each agency group later expanded into using a specification similar to that in Table 235. I

then obtain that one unit36 increase in the ex ante wage gap translates into 1.65 unit increase

in agency profits per worker, but one extra competing agency group between the corresponding

city pair reduces profits by 0.58 unit. This corresponds to the fact that competition among

agencies may reduce the profit margins that they can capture when contracting with firms and

workers. Furthermore, one percent increase in the distance among branches with the largest

wage gap is associated with 0.85 reduction in the agency profits, which is associated with the

costs in reallocating workers across space.

We can then calculate the per worker profits for a given agency group operating between

cities m and n as 1.65×∆Wagepremn−0.58Connectionmn−0.85Distancemn. Multiplying this by

the total number of additional labor flow due to agencies ˆFlowmn − ˆFlow
counterfactual

mn , as well

as the number of agency groups that connect the cities Connectionmn, I can obtain total profits

of the agency sector when reallocating labor between cities m and n. Aggregating such agency

profits over the entire N ×N city system, I find that total agency profits takes up around 40%

of aggregate output gains37, leaving the remaining 60% of them to firms and workers. The fact

that around 40% of the output gains from labor reallocation are captured by the intermediaries

35Specifically, I run

Profitsg = β1
∣∣max ∆Wagepreg

∣∣+ β2Number of Agency Groupsg + β3Distanceg + εg,

where |max ∆Wagepre| is the maximum ex ante (i.e., 2007) wage difference among cities that the agency group
later expanded into during 2008-2018. Number of Agency Groups is the total number of agency groups that
had established branches in the same cities that exhibit such maximum wage gap. Distanceg is the geographical
distance between the cities that exhibit such maximum wage gap

36The units for both profits and city wage gap are 1k RMB.
37We take the total GDP in 2005 from the Chinese City Statistical Yearbook as the no agency output, hence

the aggregate output gain is simply 3.15% of such total GDP.
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is however consistent with the previous empirical facts that there might be limited competition

among agencies (i.e., many of the city pairs are connected via only one agency group, and the

number of competing agencies is associated with lower profits).

I can also run counterfactual analysis for aggregate output gains by incorporating the ex-

pansion of labor agencies after 2010. I keep the no agency counterfactuals the same as in 2010,

i.e., ˆFlow
counterfactual

mnt = λ̂mn + γ̂t, but I calculate the predicted values of flows with agencies

by taking the future expansion of agency network into account. Therefore the core question we

ask in this exercise is how much additional aggregate output gains can be delivered in 2010,

if one is to have more agencies across cities as in 2011 - 2018. I report these relative output

gains calculations in Table A.13. Labor agencies continue to expand to more cities after 2010,

and as one would expect, there will be larger gains in aggregate output, which ranges from

around 8% to 20% given the agencies network respectively in 2011 and 2018. With the skill

specific aggregate production function, I find similar levels of output gains: for example, using

the benchmark value of β = 0.2, I find that the agencies network as in 2018 can deliver 28%

aggregate output gains, and these aggregate gains are all increasing as agencies continue to

expand over time.

The fact that labor market intermediaries can appropriate 40% of the aggregate gains as

profits speaks to the importance of agencies competition in determining the functional distri-

bution of surplus gains among economic groups. This also implies that one need to account for

the endogenous agency dynamics into the process of reducing misallocations, and, importantly,

how it interacts with the dynamic path of regional convergence. A series of interesting ques-

tions emerge: for example, how will agencies affect the dynamics of labor transition and capital

accumulation in the long run, how much can agencies benefit along the transition path, and

how persistent the aggregate gains can be even after agencies exit. I turn to these issues now.

5 A Neoclassical Growth Model with Labor AgenciesBuilding on the simple framework of agencies and labor misallocations laid out in Section 2, we

now develop a neoclassical growth model with spatial mobility frictions, and endogenous entry

and exit of labor market intermediaries that arbitrage regional wage disparities. With a longer

run perspective, the core question we ask is (1) how the efficiency gains from labor reallocations

via agencies can be amplified by regional capital accumulation; and (2) what determines the

distribution of surplus gains along the transition path of regional convergence.

5.1 The Model

5.1.1 The Basic Set Up

We again consider two regions r ∈ {R,P} with productivity parameters AR > AP , but now we

specify two skill levels for workers s ∈ {U, S} where U stands for low-skilled and S is skilled. The

total stock of type s labor in the economy is Ls. Furthermore, we assume firms/entrepreneurs in

each region owns a fixed amount of land, Dr, and there is no competitive land (rental) market.

This is to ensure an interior solution for the steady state with constant capital stock in both

regions. Each region has a production technology given by

yr = Ar (Kr)
α (LρUr + LρSr

)β
ρ D

1−α−β
r (27)
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where Kr is physical capital, and Lsr is labor input of skill type s in region r. The elasticity of

substitution between the two skill types is 1
1−ρ . Let us assume for now that physical capital is

immobile, as we interpret physical capital as buildings and structures as in e.g., Kleinman et al.

(2023). This implies that entrepreneurs rely on their own capital stock for production. We also

assume that firms can only hire labor locally, so there will be region specific wage for each skill

level, wsr. Therefore for each period given their capital stock, entrepreneurs will choose labor

inputs to maximize profits. Firm profit therefore becomes

πr (Kr) = max
LUr,LSr

Ar (Kr)
α (LρUr + LρSr

)β
ρ D

1−α−β
r − wUr LUr − wSr LSr. (28)

Capital Accumulation The inter-temporal consumption-investment decision of entrepreneurs

can be formulated as follows: taking initial capital stock Kr0 as given, entrepreneurs in region

r choose the consumption path {crt}t≥0 to maximize lifetime utility

∞∑
t=0

γt
c1−θ
rt − 1

1− θ
(29)

subject to the budget constraint:

Krt+1 = πr (Krt) + (1− δ)Krt − crt (30)

where δ ∈ (0, 1) is capital depreciation rate and γ ∈ (0, 1) is the discount factor. The Euler

equation is(
cr,t+1

crt

)θ
= γ

[
π′r(Krt+1) + 1− δ

]
= γ

[
αArK

α−1
rt+1

(
(L∗Urt+1)ρ + (L∗Srt+1)ρ

)β
ρ D

1−α−β
r + 1− δ

]
where the second equality follows from envelope theorem, and L∗srt denotes the optimal labor

input determined in (28).

Imperfect Labor Mobility For simplicity we assume workers cannot save; therefore for each

period they will migrate to whichever region that gives them higher wages and immediately

consume their earnings, subject to the spatial mobility barriers implicitly modeled below. We

follow Gennaioli et al. (2014) for a tractable way to introduce mobility barriers into the neoclas-

sical growth model38: if there is infinite mobility cost, then each region’s labor stock at period

t, Lsrt, simply equals to the level at the previous period, i.e., Lsrt−1, i.e., workers just stay at

where they were in the previous period. On the other hand, if there is perfect mobility, workers

will flow freely so that the skill specific wage rate at period t will equalize across regions. If

this is the case, the supply of type s workers at period t will simply be proportional to regional

38In contrast with the current models on rural-urban migration which often feature seasonality and taste shocks
as in e.g., Lagakos et al. (2023), this paper focuses on labor mobility across cities/regions, and with this simple
way of introducing mobility barriers, I concentrate on how agency activities interact with the transition dynamics
of regional convergence.
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capital stock and productivity parameters, i.e.,

L̂URt

L̂UPt
=
L̂SRt

L̂SPt
=

(
ARK

α
RtD

1−α−β
R

APKα
PtD

1−α−β
P

) 1
1−β

. (31)

Therefore the (hypothetical) allocation of type s labor for region r becomes

L̂srt =

(
ArK

α
rtD

1−α−β
r

) 1
1−β

∑
q

(
AqKα

q,tD
1−α−β
q

) 1
1−β

Ls ≡ QrtLs. (32)

Then for intermediate level of mobility barriers, we assume that the total stock of type s worker

in region r evolves according to the following “sluggish” updating rule:

Lsrt = νst (Lsrt−1)τs
(
L̂srt

)1−τs
, (33)

where the normalization factor is νst ≡ Ls∑
q(Lsqt−1)τs(L̂sqt)

1−τs , which makes sure that
∑

q Lsqt =

Ls for all t. In this model, the role of spatial mobility barriers is to delay the adjustment to the

efficient allocation of labor. Furthermore, we allow for skill specific degree of mobility barriers

τs across the two regions, which captures the fact that better educated workers may have more

information and/or connections with job opportunities in rich regions.

Before we introduce labor agencies, we can characterize the steady state of the economy and

summarize the results here:

Proposition 2 The steady state of the economy is unique and efficient such that despite the

mobility barriers, the long-run capital and labor allocations are proportional to regional produc-

tivity parameters:

K∗∗R
K∗∗P

=
L∗∗UR
L∗∗UP

=
L∗∗SR
L∗∗SP

=

(
AR
AP

) 1
1−α−β DR

DP

. (34)

This result parallels the previous arguments such that market frictions may not be handicap to

long-run outcomes, as agents can gradually accumulate physical or human capital overtime to

overcome these constraints and achieve efficient outcomes (see, for example, Banerjee and Moll

(2010), Ghatak (2015)). This allows us to concentrate only on the role of market intermedia-

tion in speeding up the convergence process (Barro et al. (1995)). We now model how labor

recruitment agencies can impact the convergence process.

5.1.2 Labor Agencies

We use the similar technology of labor agencies as specified in Section 2, but now we assume

that agencies can temporarily move low-skilled workers across regions: suppose at period t, labor

agencies decide to hire Lat of type U workers in region P at wage wat (which will be determined

below), and then move them to region R so that they can temporarily join the workforce at

region R.39 Then at the end of period t, with probability q, these workers can successfully settle

39Since our focus here is to look at how agencies speed up regional convergence in the long run, we abstract
away from equilibrium unemployment.
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down in region R and become a permanent worker there40; with probability 1−q, agency workers

will return back to region P . q may capture the Hukou quota for migrant workers, or more

generally the administrative or cultural barriers for agency workers from formally integrating

into the new region even though they have temporarily worked there.

Following Felix and Wong (2024), we assume that local unskilled labor and agency work-

ers are imperfect substitutes. Hence the regional production function with agency workers is

Ar (Kr)
α (Hρ

Ur + LρSr
)β
ρ D

1−α−β
r , where the total effective unskilled labor is

HUr =
[
LηUr + ζLηa

] 1
η , (35)

where ζ ≤ 1. Therefore entrepreneurs in region R’s static profit maximization problem becomes

the following: taking the number of low-skilled workers La introduced by agencies and the price

pa as given, they choose {LUR, LSR} to maximize per-period profit:

π̃R(KR, pa, La) = max
LUR,LSR

AR (KR)α
(
Hρ
UR + LρSR

)β
ρ D

1−α−β
R −wURLUR −wSRLSR − paLa. (36)

where pa is the price that firms in region R pay to the agencies for each unskilled worker they

obtain. We denote the output level evaluated at the optimal choice of {LUR, LSR} in (36) as

ỹR(La).

Agencies and Mobility In Appendix B.3, I derive the regional allocation of workers under the

(hypothetical) frictionless mobility case, i.e., L̂sr, taking Lat as given. Furthermore, at the end

of each period, qLat of unskilled worker (originally from P ) will become a permanent resident

in the agency destination region R. The dynamics of low-skilled labor mobility in region R

becomes

LURt = νUt (LURt−1 + qLat−1)τU
(
L̂URt

)1−τU
, (37)

and the dynamics of low-skilled labor in region P is41

LUPt = νUt (LUPt−1 − qLat−1)τU
(
L̂UPt

)1−τU
. (38)

Here νUt is defined analogously to what we have before, adjusted for the permanent moves

qLat−1. The dynamics of skilled labor mobility is the same as (33). The temporariness of such

labor allocation via agencies also implies that when the agency ceases to be active, the (1−q)La
amount of agency workers will have to immediately return to their origin region and are again

subject to the same mobility dynamics specified before.

We now describe how the number of agency workers Lat, their wage wat, and pat are de-

termined. For now let us temporarily drop the t subscript to model the static optimization of

firms and agencies.

40They will be subject to the same mobility barriers described above should they wish to move back to region
P .

41We assume that q is low such that LUPt > qLat for all t.
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Selection into Agencies and Labor Market Power Unskilled workers i in region P will

join agencies if and only if42

waυi ≥ wUP , (39)

where υi is an idiosyncratic taste shock which captures the perceived utility of traveling to

region R, agency job amenities, etc. The cumulative density function of υi is G (υi). Hence the

supply of agency workers is

La =

[
1−G

(
wUP
wa

)]
LUP . (40)

We can invert this function and obtain wa as a function of La, i.e., wa(La).

We assume that agencies have labor market power as in Amodio et al. (2025) and Kline

(2025) such that the profit of the agencies is43

W (pa, La) = (pa − wa(La))La − φ (La)− F (41)

where φ (La) is a convex cost function of training and transporting La low-skilled workers

from region P to region R.44 This captures the capacity constraints of agencies, and/or the

diminishing returns in recruitment/placement efforts as well as maintaining good reputation

among firms and workers. F is the fixed cost in agency operations.

Bargaining between Firms and Agencies Entrepreneurs in region R and agencies then

bargain over a contract which specifies {pa, La}45:

max
pa,La

W (pa, La)
χ [π̃R (K, pa, La)− πR (K)]1−χ , (42)

where χ represents the bargaining power of agencies relative to entrepreneurs, and πR (K) is

the entrepreneurial profits without agencies as defined in equation (28). We set the outside

option of agencies to be zero. One can also find similar bargaining structure between firms and

agencies in recent models of labor outsourcing (for example, Felix and Wong (2024)). We can

then solve the optimal {p∗a, L∗a} and summarize the results as follows:

Proposition 3 The optimal number of agency workers is characterized by

ỹ′R(La) = wa(La)

[
1 +

w′a(La)La
wa(La)

]
+ φ′(L∗a). (43)

42The timing is as follows: at the beginning of each period, workers decide to permanently move across regions
according to (37), (38), and (33), taking Lat as given. For unskilled workers who decide to stay at region P , they
will then have an option of joining an agency.

43As mentioned in Section 3.1, a well-functioning system of labor unions is largely absent in the empirical
context of this paper; therefore the “right-to-manage” bargaining models between workers/labor unions and
agencies (Harris (1982), Holmes and Snider (2011), Felix and Wong (2024)) seem less plausible. We also abstract
away from information asymmetry problems in agency activities. See a recent paper by Fernando and Singh
(2025) which demonstrates how the government’s rating program can increase intermediaries’ investment in
screening efforts and job placement quality for international migrants.

44We are agnostic about the specific forms of search frictions, and we assume that the agencies technology
has some comparative advantages in temporarily reallocating workers across regions subject to the convex cost
function. See, for example, Heise and Porzio (2023) which embed a search framework into a model with spatial
frictions, and Bilal and Lhuillier (2025) which model how agencies mitigate search frictions. More broadly, the
recent review by Gong et al. (2025) discusses the literature on market intermediaries and search equilibrium.

45We assume that bargaining takes place before the fixed cost is incurred, hence we avoid the hold up problem
in contract negotiations.
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The price that firm pay to agency p∗a is characterized by

(1− χ)W (p∗a, L
∗
a) = χ [π̃R (K, p∗a, L

∗
a)− πR (K)] . (44)

Equation (43) says that the number of agency workers should be chosen in a way to balance

between the marginal increase in region R’s output, on the one hand, and the marginal cost in

incentivizing workers to join the agency by providing labor wage as well as the marginal cost in

organizing agency workers, on the other. The labor market power of the agencies is captured

by the elasticity term w′a(La)La
wa(La) , which gives rise to wage markdown in the classic monopsony

framework. This also implies that La is chosen in a way such that agency workers wage wa is

lower than the marginal gains in production efficiency ∂π̃R(K,pa,La)
∂La

− φ′(L∗a).
Equation (43) also suggests that the bargaining power of agencies χ doesn’t affect the

intensive margins of labor reallocation La. However it does affect how the price of agency workers

that firms pay, and in turn the distribution of surplus among agencies and firms. Equation (44)

implies that the profits that agencies obtain will take up χ share of the total (static contract

level) surplus generated from labor market intermediation: π̃R (K, p∗a, L
∗
a)−πR (K)+W (p∗a, L

∗
a).

Agencies decide on whether to operate or not at the beginning of each period, i.e., they will

operate if and only if W (p∗a, L
∗
a) ≥ 0.

Capital Accumulation For the inter-temporal consumption-investment decision, the budget

constraint of the entrepreneurs will be the same as equation (30) except that we replace πr(K)

by π̃R(K, pa, L
∗
a) for region R. Note also that π̃R = πR when labor agencies are not active; for

region P , π̃P = πP . The Euler equation is again(
crt+1

crt

)θ
= γ

[
π̃′r(Krt+1) + 1− δ

]
Market Clearing Conditions Regional wages clear the local labor markets. It is useful to

note that the supply of unskilled labor in region P is G
(
wUPt
wat

)
LUPt. First order conditions

from (28) gives the optimal labor demand in P . Together with (40) and (43), these equations

jointly determine wat, Lat, w
U
Pt, and wSPt. For region R, the first order conditions from (36) and

the local supply of workers LsRt determine wsRt.

Moreover, we can intuitively see how intermediation affects the speed of convergence: they

bring labor across regions to arbitrage the wage disparities more quickly than workers’ mobility

by themselves; they also bring efficiency gains to entrepreneurs and indirectly speed up the

capital accumulation process by raising marginal products of capital (since capital and labor

are complements). Importantly, this implies that even if agencies exit because of limited ar-

bitrage opportunities, we still expect the aggregate output gains along the transition path to

be persistent because the rich region now has a higher stock of capital compared to the no

agencies counterfactual. Furthermore, when agencies exit because of limited arbitrage oppor-

tunities, agency workers temporarily working in region R will have to go back to region P with

probability 1− q, leading to a sharp drop in low-skilled labor available to region R, which will

then slowly recover subject to mobility barriers.

Also we can show that the economy will converge to the same efficient steady state as

characterized in Proposition 2. The core logic is that since marginal product of capital and

46



labor input will be eventually equalized across regions, there is no room for agencies to arbitrage

so in steady state we must have W < 0. I provide the proof in Appendix Section B.5. This

suggests that labor agencies will only affect the transition dynamics to the steady state, and we

will now turn to this with the quantitative results. I will first describe how parameter values

are calibrated to empirical moments.

5.2 Calibration

For the factor share parameters in the production function, we take capital share α to be 0.3 to

match the capital output ratio of manufacturing firms in the administrative tax survey dataset

(as in Section 4.3). Consistent with Hsieh and Klenow (2009), we take the labor share β to be

0.5 in China. I follow Fang and Herrendorf (2021) to calibrate ρ = 0.3 such that the elasticity of

substitution between skilled and unskilled labor is around 1.42. For the elasticity of substitution

between regular and agency workers, Micco and Munoz (2024) obtain a model-based estimates

of 4.28, which translates into η = 0.8. I calibrate ζ = 0.7 to match the earnings ratio of below

college agency workers over directly hired workers in the CLDS dataset.

For the regional productivity parameters AR and AP , I use the Chinese City Statistical

Yearbook dataset where I run city level industrial output on industrial fixed assets and total

labor input, and I collect the city fixed effects to measure city level industrial productivity.

Then I calculate average productivity respectively for cities in the top 10% of the 2005 average

wage distribution, and those in the bottom 90%. These correspond to region R and region P

in the model. I normalize AR = 1, and obtain AP = 0.9.

Then using the 2005 population census data, I find that among respondents aged between

25-55, the population with at least a college degree is around 10% of population without a

college degree. I therefore take the total stock of labor LU = 1, and LS = 0.1. Furthermore,

I find that the 2005 top 10% wage cities take up around 15% of all below college respondents,

and 45% of all respondents with a college degree. This implies LUP0 = 0.85, LUR0 = 0.15,

LSP0 = 0.055, LSR0 = 0.045. For initial capital stock, I find from the Chinese City Statistical

Yearbook data that the average industrial fixed asset among cities with bottom 90% average

wage in 2005 is around 20% of that among cities with top 10% average wage. I therefore take

KR0 = 1 and KP0 = 0.2. I will simulate the model over time periods t ∈ {0, 1, ..., 150}, where I

assume that the economy will converge to the steady state at the 150th period.

We assume the following simple quadratic form for the cost function of agencies:

φ(L) =
1

2
φL2. (45)

To allow for sufficient labor reallocation via agencies in the simulation, I assume φ = 0.1 and

F = 0.1. As discussed in Kline (2025), I assume a power function CDF for G(υ):

G(υ) = υψ, (46)

and consider a benchmark value ψ = 4. This functional form implies that the monopsony wedge

in equation 43 is
w′a(La)La
wa(La)

=
La

ψ(LUP − La)
, (47)
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and therefore lower levels of ψ implies stronger wage markdown. In the quantitative analysis,

I will vary ψ ∈ {1, 2, 4} to capture different degrees of labor market power of agencies in the

labor origin cities.

We assume capital depreciation rate δ = 5%, take θ = 2 to capture a reasonable level of risk

aversion in preferences, and take γ = 0.98 for the patience parameter. For the mobility barriers

τs, notice first that Gennaioli et al. (2014) consider the values between 0.87 and 0.99 implied by

cross-country regressions of growth convergence. For the results below, we assume the level of

mobility barriers such that τU = 0.95 and τS = 0.85 to guarantee that it takes times for regions to

converge to the steady state. This also implies that skilled workers face lower mobility barriers

than the low-skilled workers, as they tend to have better information or they are subject to

relaxed hukou barriers of movement to richer cities. We take q = 0.06 as a benchmark value

to match the fact that the probability of successful applications among (floating) migrants for

obtaining hukou in Beijing is around 5.6% in 2019. In the policy counterfactual exercises, we

will also consider a higher level of q ∈ {0.06, 0.09, 0.12} to explore how this affects the transition

dynamics.

Lastly, in the benchmark result below, we consider the bargaining power parameter χ = 0.5,

which says that agency will capture 50% of the total surplus from intermediation. But we will

later consider alternative cases of χ ∈ {0.1, 0.3, 0.5} to capture different degrees of competition

among agencies where the quantitative results may vary.

5.3 Benchmark Results

Focusing on bargaining power χ = 0.5, Figure 9 presents the transition dynamics of factor

prices, capital accumulation, as well as aggregate surplus to the steady state.

We can see how unskilled wages evolves along the transition path in the panel (a) of Figure 9,

which highlights the role of labor agencies by making a contrast with a counterfactual dynamic

path where no agencies are allowed to operate. The dashed curves are such counterfactual

path for the two regions: there is large wage disparity in the initial periods, but regional wages

gradually converge to each other as labor slowly moves across regions subject to the mobility

barriers. When we allow labor agencies to operate (which I show using the solid curves), they

drastically bring down low-skilled wages in region R by introducing La agency workers, and

they also raises region P ’s unskilled wages. This is consistent with the empirical results that

the expansion of agency network is associated with reduction in low-skilled wage disparities

among pairs of cities. The low-skilled wage gap between the two regions continues to decrease

while agencies are active and workers move across regions subject to mobility barriers. However,

when agencies shut down at around the 40th period because of limited arbitrage opportunities

from regional wage gap, 1 − q of agency workers who are brought to region R temporarily

by agencies will now have to go back to region P , since the temporary labor reallocation is

no perfect substitute for costly migration. Such temporariness of labor allocation via agencies

leads to a sharp spike (drop) in region R (P )’s low-skilled wage, which will then shrink over

time as we are back to the case where workers cannot rely on agencies to transport them across

regions.

I contrast the dynamic paths of capital accumulation and skill premium in panels (b) and

(e) of Figure 9 with those in the counterfactual scenario when agencies are never allowed to
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operate. Region R is absorbing low-skilled workers from region P while accumulating capital,

which is the core process of development as in Lewis (1954). The top right panel suggests that

compared to the counterfactual scenario, the additional agency workers La available to region

R raises the marginal returns of capital and therefore entrepreneurs’ incentives to accumulate

capital, consistent with our qualitative analysis before. This speaks to the wider development

strategies that stress on keeping labor wages in the advanced sector low to speed up capital

accumulation in the early stages of economic transition (see, for example, a recent argument by

Itskhoki and Moll (2019)). On the other hand, there are reduced incentives for saving among

entrepreneurs in region P as they lose La of low-skilled workers. In the bottom left panel, I find

that labor agencies reduce skill premium (i.e., wSr /w
U
r ) in region P and raises the skill premium

in region R. This directly follows from the fact that reallocating low-skilled labor from P to R

reduces the low-skilled wage in R but raises the low-skilled wage in P .

Panel (f) shows how the number of agency workers La, agency worker wage wa, as well as

the price that firms pay to agencies pa evolves along the transition path. Agencies are active

for the first 38 periods and shut down thereafter. They moves around 30% of the low-skilled

workers from region P to region R in the initial periods, but then La gradually declines as wage

gap shrinks and workers migrate. Bargaining power χ = 0.5 allows the agency to charge pa

around 1 − 2, whereas the agency pays 0.5 − 1.5 to workers from region P . Notably, both wa

and pa increase over time since the local unskilled wage in region P goes up and it becomes

more and more costly for agencies to hire workers.

The middle panels (c) and (d) show the aggregate and distributional impact of labor real-

location via agencies. We can define aggregate surplus of the economy as∑
r

yr − φ (La)− F, (48)

i.e., the aggregate output minus the cost of moving agency workers across regions. I plot the

dynamics of aggregate surplus gains in panel (c) of Figure 9. Agencies promote surplus gains

(compared to the no agency counterfactual) in the initial periods, and the largest gain (8%)

can be found in the first period when agencies reallocate the highest amount of workers across

regions because of the largest arbitrage opportunities. However, such surplus gains diminish over

time with reduced wage disparities and workers gradually move across regions. Importantly,

the aggregate surplus gains are persistent even after agencies exit at the 38th period: because of

temporary labor reallocations by agencies, region R gets on faster track of capital accumulation

and permanent labor transition, which makes the path of aggregate surplus always higher than

that without agencies. In panel (d) of Figure 9, I plot the share of total labor income in

aggregate output46, which increases over time until it reaches 0.5 when agencies exit.

Taken together, these results demonstrate that initial misallocations can have dynamic im-

plications: the arbitrage opportunities from large wage disparities due to labor mobility barriers

incentivize agencies to bring workers from low wage to high wage regions and earn profits. This

immediately brings down regional wage gap and generate large surplus gains in the initial pe-

riods. Because of the impact of temporary labor reallocations on capital accumulation and

permanent labor transition, such surplus gains are also likely to be persistent even after agen-

46This is defined as (
∑
r

∑
s w

s
rLsr + waLa)/

∑
r yr.
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Figure 9: Benchmark Scenario
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Notes: The figure shows the transition dynamics of factor prices, capital accumulation, as well as aggregate surplus with
χ = 0.5. In the top left panel (low-skilled wages), the top right panel (capital allocations and skill premium), and the
bottom left panel (skill premium wSr /w

U
r ), the solid curves are for the benchmark scenario where χ = 0.5, and the dashed

curves are the counterfactual scenarios where no agencies are allowed to operate. The blue curves are for region R and red
curves are for region P . In the middle left panel, aggregate surplus with agencies is calculated as

∑
r yr −

1
2
φL2

a − F , and

I then report (Surplus− Surplusno LA)/Surplusno LA. In the middle right panel, I show the share of total labor income
in aggregate output, defined as (

∑
r

∑
s w

s
rLsr + waLa)/

∑
r yr. In the bottom right panel, I show how the amount of

agency workers La (blue solid curve), agency worker wages wa (blue dashed curve), as well as the price that firms pay to
agencies pa (red dashed curve) evolves over time (while agencies are active).

50



Figure 10: Agency Competition in Labor Receiving Region
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(b) Agency profit share of surplus gains
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(c) Faster capital accumulation in region R
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Notes: The figure shows the dynamics of surplus gains (a), agency profit share of surplus gains (b), capital accumulation
(c), and labor output share (d) for χ = 0.5 (green), χ = 0.3 (orange) and χ = 0.1 (blue). In panel (c), capital gain
in region R is calculated relative to the no agency counterfactual, i.e., (KRt − Knoagency

Rt )/Knoagency
Rt . The aggregate

surplus with agencies is calculated as
∑
r yr −

1
2
φL2

a − F , and the labor income’s share of total output is defined as
(
∑
r

∑
s w

s
rLsr + waLa)/

∑
r yr.

cies exit. We will now discuss how different scenarios of the agency sector affect the dynamic

path of regional convergence and the distribution of surplus gains.

5.4 Policy Counterfactuals

We explore how different levels of bargaining power of agencies (χ), degrees of labor market

power of agencies (ψ), as well as the probability of transition of agency workers to perma-

nent local worker (q) affect the gains from labor reallocation via agencies. We highlight the

different channels through which the three parameters shape the aggregate gains and distri-

butional implications. The empirical background for the policy counterfactuals in this section

is the amendment to Labor Contract Law in 2013 that increases the entry barriers of labor

dispatch agencies in China, which includes increased minimum capital requirements, additional

certificates agencies need to obtain from local government, etc. The Law amendment leads to

drop in agencies entries (as well as exit of some of the agencies with smaller scale), leading to

potentially reduced competition among agencies. This implies higher bargaining power χ and

higher labor market power (lower ψ). Furthermore, the discussion on q will shed light on how

policies such as lowering hukou barriers or facilitating agency workers’ transition to permanent

positions interacts with agency activities along the convergence path.
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5.4.1 Agency Competition in Receiving Region χ

We begin with how different degrees of competition among labor agencies in the labor receiving

region affect the path of regional growth and aggregate surplus. Figure 10 shows the transition

dynamics in three counterfactual scenarios, χ ∈ {0.1, 0.3, 0.5}.
The variations in χ do not lead to significant changes in the intensive margins of labor

reallocation La from both the quantitative results and the theoretical results in Proposition 3.

Interestingly however, agency competition in the labor receiving region does affect the aggregate

surplus gains. In panel (a) of Figure 10, I plot the relative aggregate surplus gains for different

levels of χ, and find that the lower bargaining power of agencies leads to a higher path of

aggregate gains. The core insight is that when χ = 0.1, entrepreneurs in the labor receiving

regions obtain higher share of the surplus from labor intermediation, which then speeds up

capital accumulation and hence generates larger aggregate gains along the convergence path. I

plot the dynamics of capital accumulation in region R relative to the no agency counterfactual in

panel (c), where the high competition case (χ = 0.1) always implies a faster capital accumulation

than the case where agencies have higher bargaining power (χ = 0.5).

Competition among agencies also affect how the surplus gains are distributed. The panel

(b) of Figure 10 shows the share of agency profits in aggregate surplus gains. When χ = 0.5,

agencies can charge higher price pa and can capture around 80% of the surplus gains at the initial

period, but such profit shares decline as regional wage gap converges and arbitrage opportunities

shrink. By comparison, χ = 0.1 yields an overall lower share of aggregate gains being captured

by agencies as profits: for example, it brings down such profit share in the initial period from

around 80% to 20%. On the other hand, increasing agency competition in the labor receiving

region does not lead to significant benefits for workers. In panel (d), I find that labor income

share of aggregate output barely changes with different levels of χ.

5.4.2 Labor Market Power ψ

Figure 11 explores how agencies’ labor market power ψ when they hire workers from region P

shapes the aggregate gains. In panel (a), lower agency monopsony power increases the aggregate

surplus gains in the initial period from 6% to 8%. It also implies a longer periods for agencies

to be active. But the mechanism for such surplus gains is different from what we see with

χ: while χ promote surplus gains predominantly from faster capital accumulation, lower labor

market power of agencies implies higher incentives to reallocate labor across regions, i.e., higher

La (panel d). Increasing ψ = 1 to ψ = 4 can raise the number of unskilled workers hired by

agencies from around 0.2 to 0.35. At the same time, there is a lower price that entrepreneurs in

region R pay to the agency (panel f), which also tends to speed up capital accumulation (panel

b). But the magnitude of speeding up capital accumulation via lower χ is smaller than what

we see from increasing agency competition in region R (χ).

Lower agency monopsony power in region P also implies higher agency worker wage (panel

e) and therefore higher labor share of the aggregate output (panel c). When ψ = 1, the labor

output share at the initial periods is 0.46, lower than 0.48 when ψ = 4. This is again in contrast

with increasing agency competition in the labor receiving region, which has minimal impact on

agency worker and their share of the economic gains.
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Figure 11: Labor Market Power in Labor Sending Region
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Notes: The figure shows the dynamics of surplus gains (a), capital accumulation (b), labor income share of aggregate
output (c), as well as the agency contracts (i.e., pa, wa and La) for ψ ∈ {1, 2, 4}. The aggregate surplus with agencies is
calculated as

∑
r yr−

1
2
φL2

a−F , and the labor income’s share of total output is defined as (
∑
r

∑
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s
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∑
r yr.
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Figure 12: Agency Worker Transition
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(b) Agency profit share of surplus gains
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Notes: The figure shows the dynamics of surplus gains, agency profit share of the surplus gains, capital accumulation,
labor income share of aggregate output, as well as agency contract (La and wa) for q ∈ {0.06, 0.09, 0.12}. The aggregate
surplus with agencies is calculated as

∑
r yr −

1
2
φL2

a − F , and the labor income’s share of total output is defined as
(
∑
r

∑
s w
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rLsr + waLa)/

∑
r yr.
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5.4.3 Agency Workers Transition q

We now explore how the probability for agency workers to transition into the permanent labor

force in region R affects the regional convergence path. As in panel (a) of Figure 12, increas-

ing such successful transition probability from 6% to 12% can generate substantial aggregate

surplus gains along the entire transition path. With higher q, more of the agency workers who

temporarily stay in region R joins the region as a permanent resident, which speeds up labor

transition across regions. In other words, higher q implies that the labor reallocation promoted

by agencies is more persistent, i.e., some of the agency workers will successfully stay in the rich

region, without having to return to region P and become subject to the mobility barriers again

when agencies reduce their employment or exit. In the meantime, agencies exit at an earlier

date because of quicker shrinkage of the inter-regional wage disparities.

Panel (e) indicates that since more of the agency workers in earlier periods successfully join

the permanent labor force of the rich region, there is lower labor reallocation via agencies in

later periods with higher q. At the same time, agency workers are paid higher wages (panel f).

Because labor transition more quickly from the poor to rich regions, a higher q also leads to

faster capital accumulation (panel c).

A higher agency worker transition rate q also helps ensure that the aggregate gains from

labor agencies are more widely shared. In panel (b) of Figure 12, agencies can capture at most

80% of the surplus gains along the transition path when q = 0.06, in contrast with the fact

that agency profit share declines from 60% with q = 0.12. Since agency workers are paid higher

wages, the total labor income share of aggregate output is also higher along the transition path

with q = 0.12 than q = 0.06.

Taken together, these counterfactual simulations reveal how different structures of the

agency sector affect the transition dynamics of regional convergence. Increasing the transi-

tion probability of agency workers to permanent workers in the rich region implies that labor

reallocations via agencies become more persistent, which then speed up frictional labor transi-

tion across regions. Increasing agency competition in labor receiving and sending regions can all

generate substantial aggregate surplus gains, but with different underlying mechanisms. Lower

agency bargaining power in the labor receiving region implies a larger share of the surplus

from labor intermediation accrues to local entrepreneurs, speeding up capital accumulation; on

the other hand, lowering agency monopsony power when they hire workers in the poor regions

provide stronger incentives for agencies to reallocate more workers, leading to direct effects on

surplus gains. Moreover, these policy counterfactual leads to distinctive distributional implica-

tions, where higher q and ψ can promote higher labor income share of aggregate output.

6 Conclusion

By looking at the empirical context of labor recruitment agencies in China, this paper docu-

ments the spatial patterns of agencies expansion, as well as its implications on factor reallocation

and regional wage convergence. It then quantifies the aggregate output gains brought by la-

bor agencies using some back-of-the-envelope calculations, and find that around 40% of such

aggregate gains are captured by agencies as profits from labor intermediation. Then with a

calibrated neoclassical model of regional growth, we see how labor agencies may initially mit-
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igate the inter-regional wage disparities and speed up the convergence process to the efficient

steady state. The quantitative results demonstrate the different distributional implications of

increasing agency competition in the labor sending and receiving regions: the former directly

incentivizes agencies to reallocate more workers across space; and the latter implies a larger

share of surplus accruing to entrepreneurs, speeding up capital accumulation and bring surplus

gains. The results also highlight the importance of facilitating the transition of agency worker

into the permanent labor force in the receiving regions, which speeds up the Lewis process and

increases labor share of aggregate income.

This paper therefore provides a vivid example where resource misallocations may also be-

come economic opportunities. It shows that market intermediaries may arise endogenously to

arbitrage disparities in prices and marginal product of factor inputs to make profits. In turn

this will at least partially correct aggregate misallocations and bring gains in social surplus. It

also discusses the extent to which aggregate efficiency gains can be amplified along the dynamic

path of economic transition. More importantly, it attempts to provide a new angle to revisit

the wedge-based approach to quantify aggregate misallocations, one of the core themes in the

macro-development literature. This paper attempts to show the dynamic nature of the distor-

tionary wedges, which are often modeled as if they are driven by idiosyncratic policies in static

settings.

Studying institutions such as these labor recruitment agencies in China opens up a very

promising research agenda. For example, in ongoing work, I show that the increasing prevalence

of labor agencies in China has enlarged pre-existing regional gaps in educational investment

among the youth. This is consistent with the idea that providing job opportunities in richer

areas to young people from poorer areas increases their opportunity cost of pursuing higher

education, a theme explored as in Atkin (2016) and Rozelle and Hell (2020). This also implies

that agencies does not only affect the transition dynamics of capital and labor input, but also

shapes human capital accumulation which then have richer implications on aggregate welfare

and long-run outcomes. This requires incorporating human capital investment into the dynamic

framework to evaluate the welfare impacts of factor reallocations via agencies.
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Appendix

A Empirical Results

A.1 Summary Statistics

Table A.1: Summary Statistics

Variable Mean Std. Dev.

Data Source: Administrative Tax Survey

City average ex ante wage (manufacturing) 17.02 0.22

City average wage (manufacturing) 28.26 0.17

City average MPL (manufacturing) 24.86 0.13

City average capital-labor ratio (manufacturing) 136.06 1.18

City average ex ante wage (comparable sectors) 21.88 0.51

City average wage (comparable sectors) 34.65 0.19

Agency headquarter employment 864.00 1846.41

Agency headquarter profits 23483.24 76956.10

Data Source: China Labor Dynamics Survey

City average annual wage (college) 52.04 29.81

City average annual wage (below college) 25.99 12.44

Data Source: Chinese City Statistical Yearbook

City ex ante (2005) wage 15.51 4.71

City ex ante (2007) wage 21.22 5.80

City ex ante (2005) output share 0.35% 0.005

Fixed assets of industrial sector (2005) 28816.11 46877.13

City wage (2008-2018) 46.21 18.91

Hukou population (2008-2018) 429.04 305.29

Number of High School (2008-2018) 214.33 137.57

High School Student-Teacher Ratio (2008-2018) 13.49 3.32

Notes: All wages and agency profits are measured in thousands nominal RMB. To obtain manufacturing city average MPL,

I first calculate β Y
L

for each firm where β is the two-digit industry labor share, Y is the total output and L is the total

employment, and I then take city average (weighted by firm employment). City average capital-labor ratio is the ratio of

total fixed assets of manufacturing firms over total employment. Hukou population is measured in 10 thousands, and fixed

assets of industrial sector (2005) is measured in 10 thousands RMB.

1



A.2 Descriptive Facts

Figure A.1: Wage Growth and Wage Dispersion in Sub-Saharan Africa
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Notes: The figure shows average firm wage (top panel) and the coefficient of variation of firm wage (bottom panel) between

1991 and 2003, based on the sample of manufacturing firms in Ghana, Kenya, and Nigeria in Rankin et al. (2006).
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Figure A.2: Labor Agencies: Entry over Time
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Notes: The top (middle) panel shows the monthly time series of registrations of labor recruitment agencies (agency branches

or subsidiaries that belong to inter-regional agency groups) in China over 2000-2019. The red dashed line captures the

timing of the introduction of Labor Contract Law in January 2008, and the blue dashed line captures the Amendment to

Labor Contract Law in July 2013. The bottom panel shows the share of city pairs that are connected by agency groups

over time.
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Figure A.3: Labor Agencies: Size and Specialization
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A.3 Agencies Expansion

Table A.2: ex ante Wage and Agency Expansion

(1) (2) (3)

Branched Branched Branched

Bottom 10% 0.00372∗∗∗ 0.00377∗∗∗ 0.195∗∗∗

(0.000270) (0.000269) (0.0582)

Top 10% 0.0112∗∗∗ 0.0113∗∗∗ 0.288∗∗∗

(0.000576) (0.000577) (0.0420)

Distance -0.0447∗∗∗ -0.0452∗∗∗ -1.437∗∗∗

(0.000382) (0.000376) (0.0245)

Branched Before 2007 0.712∗∗∗

(0.00561)

High School Student Teacher Ratio -0.000465∗∗∗ -0.000478∗∗∗ 0.0628∗∗∗

(0.0000395) (0.0000395) (0.00657)

Number of High Schools -0.00583∗∗∗ -0.00586∗∗∗ -0.0798∗∗

(0.000206) (0.000206) (0.0321)

Library Collections 0.00683∗∗∗ 0.00684∗∗∗ 0.647∗∗∗

(0.000209) (0.000208) (0.0211)

Observations 906449 905467 888023

Methods OLS OLS Conditional Logit

Fixed Effects

Agency Group Yes Yes Yes

Notes: This table shows the regression results for the relationship between ex ante city average wage and agency expansion

decision, where Bottom 10% and Top 10% are binary indicator for whether the ex ante (i.e., 2007) city average wage in

the Chinese City Statistical Yearbook belongs to the bottom 10% and top 10% decile group. Branched is a binary variable

which equals 1 if an agency group has ever established a branch in the city during 2008-2018. Branched Before 2007 is a

binary variable which equals to 1 if the agency group had branch in the city before 2007. The first and the second column

is estimated using the linear probability model, and the third column is obtained from a conditional logit model. The

second and the third columns are based on observations that don’t have branch in the city before 2007. Standard errors

reported in parentheses are clustered at agency group level: *p < 0.10, **p < 0.05, ***p < 0.01.

A.4 Comparable Sectors
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A.5 Factor Inputs

Table A.4: Agency Network and Regional MPL Gap: 2008 - 2016

(1) (2) (3)
|∆MPL| |∆MPL| |∆MPL|

Connected 0.00815∗∗∗ 0.0482∗∗∗ 0.0430∗∗∗

(0.00193) (0.00295) (0.00328)

Connected×|∆MPLpre| -0.158∗∗∗ -0.127∗∗∗

(0.00956) (0.0115)

Connection 0.00362∗∗∗

(0.00106)

Connection×|∆MPLpre| -0.0230∗∗∗

(0.00462)

Observations 171250 171250 171250
Fixed Effects
City Pair Yes Yes Yes
Year Yes Yes Yes

Notes: This table reports the OLS estimates of the effect of agency network expansion on manufacturing MPL disparities
across cities during 2008-2016. The results are obtained based on the administrative dataset of tax survey of firms. |∆MPL|
is the absolute value of difference of log average (weighted by employment) MPL between two cities. Connected is a binary
variable which equals to 1 if there exist one agency group that has active branches in both cities. Connection is the number
of such agency groups. |∆MPLpre| is the absolute value of ex ante (i.e., 2007) log average MPL difference. Standard errors
reported in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.

Table A.5: Agency Network and Regional Capital-Labor Ratio Gap: 2008 - 2016

(1) (2) (3)

∆ (K/L) ∆ (K/L) ∆ (K/L)

Connected -0.00538 -0.00475 -0.00364

(0.00448) (0.00446) (0.00479)

Connected×∆ (K/L)pre -0.0698∗∗∗ -0.0666∗∗∗

(0.0105) (0.0109)

Connection -0.000874

(0.00150)

Connection×∆ (K/L)pre -0.00242

(0.00269)

Observations 171250 171250 171250

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the effect of agencies expansion on (manufacturing) capital-labor ratio gap across cities (2008-

2016), based on the tax survey dataset. ∆ (K/L) is the (log) average capital-labor ratio difference. Connected is a binary

variable which equals to 1 if any agency group has active branches in both cities. Connection is the number of such

agency groups. ∆ (K/L)pre is the ex ante (i.e., 2007) log average capital-labor ratio difference. Standard errors reported

in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.
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A.6 Spillovers

Table A.6: Agency Network and Regional Wage Gap: Sub-Sample (I)

|∆Wage| |∆Wage| |∆Wage|
Connected -0.0104∗∗∗ 0.0445∗∗∗ 0.0385∗∗∗

(0.00153) (0.00198) (0.00263)

Connected×|∆Wagepre| -0.278∗∗∗ -0.244∗∗∗

(0.00893) (0.0145)

Connections 0.00399∗∗∗

(0.00116)

Connections×|∆Wagepre| -0.0245∗∗∗

(0.00815)

Observations 146922 146922 146922

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the OLS estimates of LDA expansion on manufacturing wage disparity across cities (2008-2016).

This result is based on the average wage gap for each city pairs calculated from the tax survey dataset, but I remove the

potential geographical spillover control groups.|∆Wage| is the absolute value of difference of (log) average wage between

two cities. Connected is a binary variable which equals to 1 if there exist one agency group that has active branches in

both cities. Connection is the number of such agency groups. |∆Wagepre| is the absolute value of ex ante (i.e., 2007) log

wage difference. I exclude control city pairs specified in SGmnt. Standard errors reported in parentheses are clustered at

city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.

Figure A.4: Agency Network and Regional Wage Gap: Event Study with Sub-Sample (I)
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Notes: The figure shows estimates from the event study specification of difference of (log) average (manufacturing) wage

for city pairs on Connected (i.e., if there exist an agency group that has active branches in both cities), respectively for city

pairs with above and below 75th ex ante percentile wage disparity, based on the methodology of Callaway and Sant’Anna

(2021). I exclude control city pairs specified in SGmnt. I show the 95% confidence interval calculated using standard error

clustered at city pair level.
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Table A.8: Agency Network and Regional Wage Gap: Sub-Sample (II)

|∆Wage| |∆Wage| |∆Wage|
Connected -0.0148∗∗∗ 0.0546∗∗∗ 0.0474∗∗∗

(0.00155) (0.00187) (0.00249)

Connected×|∆Wagepre| -0.329∗∗∗ -0.290∗∗∗

(0.00724) (0.0133)

Connections 0.00494∗∗∗

(0.00111)

Connections×|∆Wagepre| -0.0277∗∗∗

(0.00808)

Observations 150790 150790 150790

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the OLS estimates of LDA expansion on manufacturing wage disparity across cities (2008-2016).

This result is based on the average wage gap for each city pairs calculated from the tax survey dataset, but I remove the

potential geographical spillover control groups.|∆Wage| is the absolute value of difference of (log) average wage between

two cities. Connected is a binary variable which equals to 1 if there exist one agency group that has active branches in

both cities. Connection is the number of such agency groups. |∆Wagepre| is the absolute value of ex ante (i.e., 2007) log

wage difference. I exclude control city pairs with Ψ̂mnt above the 90th percentile of Ψ̂mnt distribution. Standard errors

reported in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.

Figure A.5: Agency Network and Regional Wage Gap: Event Study with Sub-Sample (II)
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Notes: The figure shows estimates from the event study specification of difference of (log) average (manufacturing) wage

for city pairs on Connected (i.e., if there exist an agency group that has active branches in both cities), respectively for city

pairs with above and below 75th ex ante percentile wage disparity, based on the methodology of Callaway and Sant’Anna

(2021). I exclude control city pairs with Ψ̂mnt above the 90th percentile of Ψ̂mnt distribution. I show the 95% confidence

interval calculated using standard error clustered at city pair level.
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A.7 Average Wage

Table A.9: Agency Network and Regional Wage Gap (Yearbook Data): 2008 - 2016

|∆Wage| |∆Wage| |∆Wage|
Connected -0.00398∗∗∗ 0.0421∗∗∗ 0.0374∗∗∗

(0.00119) (0.00165) (0.00219)

Connected×|∆Wagepre| -0.123∗∗∗ -0.110∗∗∗

(0.00404) (0.00502)

Connections 0.00316∗∗∗

(0.00102)

Connections×|∆Wagepre| -0.00841∗∗∗

(0.00203)

Observations 445012 428601 428601

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the OLS estimates of LDA expansion on average wage disparity across cities (2008-2016), based

on the Chinese City Statistical Yearbook. |∆Wage| is the absolute value of difference of (log) average wage between two

cities. Connected is a binary variable which equals to 1 if there exist one agency group that has active branches in both

cities. Connection is the number of such agency groups. |∆Wagepre| is the absolute value of ex ante (i.e., 2007) log average

wage difference. Standard errors reported in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.

A.8 Net Flow

Table A.10: Agency Network and Net Labor Flow Across Cities: 2005 and 2010

Net Flow College Below College

Connected 0.767 0.913 -0.131

(3.051) (0.922) (2.289)

Connected×∆Wagepre 14.83 3.657 10.50

(14.23) (3.271) (10.90)

Connection -2.756∗∗ -0.594 -2.120∗∗∗

(1.198) (0.499) (0.795)

Connection×∆Wagepre 17.75∗∗∗ 3.515∗∗ 13.89∗∗∗

(5.158) (1.399) (3.831)

Observations 79242 79242 79242

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the OLS estimates of the effect of expansion of agency network on net labor flow across cities.

The results are obtained based on the sub-sample of population census in 2005 and 2010. ∆Wagepre is the ex ante (i.e.,

2007) log average wage difference between city n and m. Net flow is calculated by NetF lowmnt = Flowmnt − Flownmt.
Connected is a binary variable which equals to 1 if there exist one agency group that has active branches in both cities.

Standard errors reported in parentheses are clustered at city pair level: *p < 0.10, **p < 0.05, ***p < 0.01.
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Figure A.6: Inter-City Labor Reallocation: Net Flows
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Notes: This figure shows the counterfactual labor net flow (left), ˆFlow
counterfactual
mn , and the fitted value of labor net

flow with agencies (right), ˆFlowmn in the
N×(N−1)

2
city system in 2010, respectively for all individuals (top), individuals

with a college or above degree (middle panel) and those without a college degree (bottom panel). The horizontal (vertical)

axis shows the origin (destination) city, ordered from left (bottom) to right (top) according to their ex ante (2005) average

wage. Therefore the i-th column and j-th row pixel shows the net flow from the city with i-th rank in the ex ante average

wage distribution to the city with N + 1− j-th rank in the ex ante average wage distribution.
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A.9 Hukou Population Gap

Table A.11: Agency Network and Hukou Population Gap: 2008 - 2016

∆Hukou ∆Hukou ∆Hukou

Connected 0.00389∗∗∗ -0.00284∗∗ -0.000549

(0.00113) (0.00111) (0.00159)

Connected×∆Wagepre 0.0885∗∗∗ 0.0676∗∗∗

(0.00279) (0.00561)

Connection -0.00175∗∗

(0.000877)

Connection×∆Wagepre 0.0141∗∗∗

(0.00338)

Observations 454959 435550 435550

Fixed Effects

City Pair Yes Yes Yes

Year Yes Yes Yes

Notes: This table reports the OLS estimates of the effect of LDA expansion on Hukou population gap across cities during

2008-2016. The results are obtained based on the Chinese City Statistical Yearbook. ∆Hukou is the difference of log Hukou

population between city m and n. ∆Wage is the difference of (log) average wage between city m and city n. Connected

is a binary variable which equals to 1 if there exist one agency group that has active branches in both cities. Connection

is the number of such agency groups. ∆Wagepre is the ex ante (i.e., 2007) log average wage difference. Standard errors

reported in parentheses are clustered at city pair level: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

A.10 Differential Trends in Labor Flow

Table A.12: Pre-Existing Differential Trends in Labor Flow: 2000 and 2005

Flow Flow Flow

Treat×1 [t = 2005] 0.333 0.166 0.316

(0.351) (0.658) (0.411)

Treat 3.414∗∗∗ 3.962∗∗∗ 3.093∗∗∗

(0.175) (0.376) (0.185)

1 [t = 2005] 0.436∗∗∗ 1.710∗∗∗ 0.0203∗

(0.0334) (0.130) (0.0117)

Observations 133187 33187 100000

Notes: This table reports the OLS estimates of equation (23), where Treat is a binary variable which equals to one if

city pair mn is connected in 2010, and zero otherwise. 1 [t = 2005] is an indicator variable which equals to one if year is

2005. The first column is based on the full sample, and the second (third) column is based on city pairs with above (below)

75th percentile ex ante wage gap. Standard errors reported in parentheses are clustered at city pair level: ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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A.11 Alternative DiD Estimator

Figure A.7: Event Study: Agency Network and Regional Wage Gap
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Notes: The figure shows estimates from the event study specification of difference of (log) average (manufacturing) wage

for city pairs on Connected (i.e., if there exist an agency group that has active branches in both cities), respectively for

city pairs with ex ante above and below 75% wage disparity, based on de Chaisemartin and D’Haultfoeuille (2024).

A.12 Output Gains

Table A.13: Relative Output Gains: Linear Projections

y = AKαH1−α y = AKα(HU )β(HS)1−α−β

β = 0.2 β = 0.4 β = 0.6

{Connections}2011 8.85% 5.42% 7.06% 8.85%

{Connections}2012 9.97% 7.30% 8.79% 10.45%

{Connections}2013 10.86% 8.47% 9.88% 11.53%

{Connections}2014 12.43% 9.95% 11.36% 13.09%

{Connections}2015 13.86% 12.15% 13.44% 15.12%

{Connections}2016 16.40% 15.55% 16.61% 18.24%

{Connections}2017 19.90% 21.28% 21.76% 22.98%

{Connections}2018 23.47% 28.43% 28.14% 28.63%

Notes: This table reports the aggregate output gains relative to the no agency counterfactual where we use the predicted

labor flows with the agency network as in 2011-2018.

B Proofs

B.1 Firm’s Optimal Labor Demand with Agency Workers

Here we work with the production function with two skill types, and the case in the sim-

pler model in Section 2 should follow as well. To simplify notations, let us denote ÃR ≡
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ARK
α
RL

1−α−β−γ
R . Then let us define ĥU and ĥS such that

βÃR

(
ĥU

)β−1 (
ĥS

)γ
= ω

γÃR

(
ĥU

)β (
ĥS

)γ−1
= wSR.

This implies that

ĥU (ω;wSR) =

[
ÃR

β

ω

(
ω

wSR

γ

β

)γ] 1
1−β−γ

;

ĥS(ω;wSR) =

[
ÃR

β

ω

(
ω

wSR

γ

β

)1−β
] 1

1−β−γ

.

Now we can characterize the entrepreneurs’ optimal demand for labor inputs is as follows.

First, if pa > wUR , then h∗a = 0, and H∗U = ĥU (wUR ;wSR) and H∗S = ĥS(wUR ;wSR). Second, if

pa ≤ wUR , we have the following three cases: (i) if ĥU (pa;w
S
R) ≤ Ha, then the optimal choice of

h∗a = ĥU (pa;w
S
R), and H∗S = ĥS(pa;w

S
R); but H∗U = 0. (ii) if ĥU (pa;w

S
R) > ĥU (wUR ;wSR) ≥ Ha,

then h∗a = Ha, H
∗
S = ĥS(wUR ;wSR), and the demand for local labor is

H∗U = ĥU (wUR ;wSR)−Ha. (49)

(iii) if ĥU (pa;w
S
R) > Ha > ĥU (wUR ;wSR), we still have a corner solution where h∗a = Ha, H

∗
U = 0,

and the optimal demand for skilled labor is

H∗S =

(
γÃR

wSR

) 1
1−γ

H
β

1−γ
a . (50)

Therefore, for an interior equilibrium (where entrepreneurs in region R hire both local and

agency workers), we must have (i) pa ≤ wUR , and (ii) ĥU (wUR ;wSR) ≥ Ha.

B.2 Proof of Proposition 1

Suppose that HUP is large enough so that the constraint Ha ≤ HUP is never binding. Then

we have two cases to consider: first if pa < wUR , then we can first log-transform the objective

function in (42) and take the first order conditions to obtain

χ
Ha

W (pa, Ha)
− (1− χ)

Ha

[π̃R (K, pa, Ha)− πR (K)]
= 0;

χ
(pa − wUP )− φ′(Ha)

W (pa, Ha)
+ (1− χ)

ARK
α
Rβ(HU +Ha)

β−1(HS)γL1−α−β−γ
R − pa

[π̃R (K, pa, Ha)− πR (K)]
= 0.

Note also from the firm’s first order condition, we obtainARK
α
Rβ(HU+Ha)

β−1(HS)γL1−α−β−γ
R =

wUR . Then these two conditions then yield

wUR − wUP = φ′(H∗a). (51)
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The price pa will determined through the first equation which then gives

(1− χ)W (pa, H
∗
a) = χ [π̃R (K, pa, H

∗
a)− πR (K)] , (52)

conditional on pa < wUR . If instead pa = wUR , we can determine optimal Ha by taking the

first order condition with respect to Ha and obtain the second equation in the above equation

system. Plugging in pa = wUR still yields wUR − wUP = φ′(H∗a).

Lastly, for firms to hire local workers as well, we need to impose

ARK
α
RL

1−α−β−γ
R

β

wUR

(
wUR
wSR

)γ (
γ

β

)γ
> (φ′)−1(wUR − wUP ) ≡ H∗a . (53)

B.3 Labor allocation with agencies but no mobility barriers

From firms’ profit maximization, we have

AR(KR)αD
1−α−β
R

β

ρ
(Hρ

UR + LρSR)
β
ρ
−1 ρ

η
(LηUR + Lηa)

ρ
η
−1
ηLη−1

UR = wU ;

AR(KR)αD
1−α−β
R

β

ρ
(Hρ

UR + LρSR)
β
ρ
−1
ρLρ−1

SR = wS ;

AP (KP )αD
1−α−β
P

β

ρ
((LUP − La)ρ + LρSP )

β
ρ
−1
ρ(LUP − La)ρ−1 = wU ;

AP (KP )αD
1−α−β
P

β

ρ
((LUP − La)ρ + LρSP )

β
ρ
−1
ρLρ−1

SP = wS .

We then have
(LηUR + Lηa)

ρ
η
−1
Lη−1
UR

Lρ−1
SR

=
(LUP − La)ρ−1

Lρ−1
SP

=
wU
wS

, (54)

and

AR(KR)αD
1−α−β
R

AP (KP )αD
1−α−β
P

(Hρ
UR + LρSR)

β
ρ
−1

((LUP − La)ρ + LρSP )
β
ρ
−1

Lρ−1
SR

Lρ−1
SP

= 1 (55)

Then with
∑

r Lsr = Ls, we can pin down the regional labor allocation under the hypothetical

frictionless mobility case, i.e., L̂sr.

B.4 Proof of Proposition 2

By imposing Lsrt = Lsrt−1 = L∗∗sr in steady state, equation (33) becomes

L∗sr = (ν∗s )
1

1−τs L̂∗sr. (56)

Then we have

L∗∗sR
L∗∗sP

=
L̂∗∗sR
L̂∗∗sP

=

(
AR(K∗∗R )αD

1−α−β
R

AP (K∗∗P )αL
1−α−β
P

) 1
1−β

(57)

for both s ∈ {U, S}. Then imposing crt+1 = ct in the Euler equation, we obtain

AR(K∗∗R )α−1 [(L∗∗UR)ρ + (L∗∗SR)ρ]
β
ρ D

1−α−β
R

AP (K∗∗P )α−1
[
(L∗∗UP )ρ + (L∗∗SP )ρ

]β
ρ D

1−α−β
P

= 1 (58)
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Using the above two equations, we then have

K∗∗R
K∗∗P

=
L∗∗UR
L∗∗UP

=
L∗∗SR
L∗∗SP

=

(
AR
AP

) 1
1−α−β DR

DP

. (59)

B.5 Steady State under Agencies

We show this by contradiction: suppose in the steady state, L∗∗a > 0. In steady state of the

low-skilled labor in the two regions:

L∗∗UR = ν∗∗U (L∗∗UR + qL∗∗a )τU
(
L̂∗∗UR

)1−τU

L∗∗UP = ν∗∗U (L∗∗UP − qL∗∗a )τU
(
L̂∗∗UP

)1−τU

Now since L∗∗a > 0, we have L∗∗UR + qL∗∗a > L∗∗UR, and L∗∗UP − qL∗∗a < L∗∗UP . Therefore the only

way for the above equations to hold is

L̂∗∗UR < L∗∗UR, L̂
∗∗
UP > L∗∗UP .

It then follows that

L̂∗∗UR + L∗∗a < L∗∗UR + L∗∗a , L̂
∗∗
UP − L∗∗a > L∗∗UP − L∗∗a .

Note that by definition, L̂∗∗UR + L∗∗a and L̂∗∗UP − L∗∗a are the effective labor supply in the two

regions that will equalize the low-skilled wages. These two inequalities imply that in the steady

state with agencies, there will be “over-supply” of low-skilled labor than what is required for

wage equalization in the rich region, and there will be “under-supply” of low-skilled labor than

what is required for wage equalization in the poor region.

Since in equilibrium, wage equal to marginal product of labor (which is decreasing in labor

input), hence

wU∗∗R < ŵU < wU∗∗P , (60)

where ŵU is the hypothetical low-skilled wage that is equal in both regions. But labor agencies

will be making negative profits in this case – hence a contradiction.

C Gross Flow versus Net Flow

Denote the total number of cities as M . First consider the following two regression models:

first, based on all M(M − 1) directional city pairs,

yGmnt = β1cmnt + β2xmnt + λmn + δt + rmnt,

where yGmnt is the gross flow from city m to city n at year t, cmnt = cnmt is a binary variable,

and dnm = −dmn is the ex ante wage difference. λmn are the directional city pair fixed effects.

Then based on all M(M−1)
2 non-directional city pairs (with m < n),

yNmnt = γ1cmnt + γ2xmnt + λmn + δt + umnt.
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where yNmnt is the net flow from city m to city n, i.e., yNmnt = yGmnt − yGnmt. For notational

purposes, let us define xmnt ≡ cmnt× dnm. By Frisch-Waugh-Lovell theorem, we know that our

OLS estimate of β1, β2, γ1, γ2 can be obtained from the following regression:

ỹGmnt = β1c̃mnt + β2x̃mnt + r̃mnt;

y̌Nmnt = γ1čmnt + γ2x̌mnt + ǔmnt,

where we take the within transformation for variables on city pair and time fixed effects.

Let us first derive the relationships between the demeaned variables. The first observation

is that

c̃mnt = c̃nmt = čmnt, (61)

which follows from the fact that cmnt = cnmt (therefore when subtracting the city pair mean

and time mean, the demeaned cmnt is still invariant for direction). We also have

x̃mnt = −x̃nmt. (62)

To see this, note that

x̃mnt = xmnt − x̄mn. − x̄.t + x̄ = −(xnmt − x̄nm.) = −x̃nmt,

which follows from the fact that x̄.t = 0 and x̄ = 0. It then follows that we have

β̂1 =

∑
c̃mntỹ

G
mnt∑

c̃2
mnt

;

β̂2 =

∑
x̃mntỹ

G
mnt∑

x̃2
mnt

.

It is also useful to establish the relationship between demeaned variables in the gross and

net flow regressions: first note that

x̌mnt = xmnt − x̄Nmn. − x̄N.t + x̄N = xmnt − x̄mn. − x̄N.t + x̄N = x̃mnt − θt, (63)

where I denote θt ≡ x̄N.t − x̄N . Also by definition,

y̌Nmnt = yNmnt − ȳNmn. − ȳN.t + ȳN

= yGmnt − yGnmt −
(
ȳGmn. − ȳGnm.

)
− ψt,

which follows from the fact that ȳNmn. = ȳGmn. − ȳGnm. and denote ψt ≡ ȳN.t − ȳN . Furthermore,

ỹGmnt − ỹGnmt = yGmnt − yGnmt −
(
ȳGmn. − ȳGnm.

)
−
(
ȳG.t − ȳG.t

)
+
(
ȳG − ȳG

)
.

Then we establish:

y̌Nmnt = ỹGmnt − ỹGnmt − ψt. (64)
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Then a few intermediate step follows. First,∑
m<n

x̌mnty̌
N
mnt =

∑
m<n

[x̃mnt − θt] y̌Nmnt =
∑
m<n

x̃mnty̌
N
mnt −

∑
m<n

θty̌
N
mnt =

∑
m<n

x̃mnty̌
N
mnt

=
∑
m<n

x̃mnt
[
ỹGmnt − ỹGnmt − ψt

]
=
∑
m<n

x̃mnt
[
ỹGmnt − ỹGnmt

]
−
∑
m<n

x̃mntψt

= 2β̂2

∑
m<n

x̃2
mnt −

∑
m<n

x̃mntψt = 2β̂2

∑
m<n

(
x̌2
mnt + θ2

t

)
−
∑
m<n

θtψt.

where the first line follows from (63) and the fact that
∑

m<n y̌
N
mnt = 0 for any given t, and the

second line follows from (64). Second, similar to our no fixed effects model before,∑
m<n

čmnty̌
N
mnt =

∑
m<n

čmnt
[
ỹGmnt − ỹGnmt

]
=
∑
m<n

c̃mnt[ỹ
G
mnt − ỹGnmt] =

∑
smnc̃mntỹ

G
mnt.

Then plugging in the within regression for gross flows, we have∑
smnc̃mntỹ

G
mnt = β̂1

∑
smnc̃

2
mnt + β̂2

∑
smnc̃mntx̃mnt +

∑
smnc̃mntr̃mnt

= 2β̂2

∑
m<n

c̃mntx̃mnt +
∑
m<n

c̃mnt [r̃mnt − r̃nmt] .

Furthermore, given
∑

m<n čmnt = 0 for any given t, we can see that∑
m<n

c̃mntx̃mnt =
∑
m<n

čmnt[x̌mnt + θt] =
∑
m<n

čmntx̌mnt.

The OLS estimate of γ1 is

γ̂1 =

(∑
m<n čmnty̌

N
mnt

) (∑
m<n x̌

2
mnt

)
−
(∑

m<n x̌mnty̌
N
mnt

) (∑
m<n čmntx̌mnt

)(∑
m<n č

2
mnt

) (∑
m<n x̌

2
mnt

)
−
(∑

m<n čmntx̌mnt
)2

Denote R ≡
∑

m<n c̃mnt [r̃mnt − r̃nmt]. Then the numerator is[
2β̂2

∑
m<n

c̃mntx̃mnt +R

] ∑
m<n

x̌2
mnt −

[
2β̂2

∑
m<n

x̃2
mnt −

∑
m<n

x̃mntψt

] ∑
m<n

čmntx̌mnt

=
∑
m<n

čmntx̌mnt

[
2β̂2

∑
m<n

(
x̌2
mnt − x̃2

mnt

)
+
∑
m<n

x̃mntψt

]
+R

∑
m<n

x̌2
mnt

=
∑
m<n

čmntx̌mnt

[
2β̂2

∑
m<n

(
x̌2
mnt − x̃2

mnt

)
+
∑
m<n

θtψt

]
+R

∑
m<n

x̌2
mnt

=
∑
m<n

čmntx̌mnt

[∑
m<n

θtψt − 2β̂2

∑
m<n

θ2
t

]
+R

∑
m<n

x̌2
mnt.

Hence

γ̂1 =

∑
m<n čmntx̌mnt

[∑
m<n θtψt − 2β̂2

∑
m<n θ

2
t

]
+R

∑
m<n x̌

2
mnt(∑

m<n č
2
mnt

) (∑
m<n x̌

2
mnt

)
−
(∑

m<n čmntx̌mnt
)2 (65)
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The OLS estimate of γ2 is

γ̂2 =

(∑
m<n č

2
mnt

) (∑
m<n x̌mnty̌

N
mnt

)
−
(∑

m<n čmntx̌mnt
) (∑

m<n čmnty̌
N
mnt

)(∑
m<n č

2
mnt

) (∑
m<n x̌

2
mnt

)
−
(∑

m<n čmntx̌mnt
)2

Plugging in the above relationships, the numerator can be written as(∑
m<n

č2
mnt

)(
2β̂2

∑
m<n

(
x̌2
mnt + θ2

t

)
−
∑
m<n

θtψt

)
−

(∑
m<n

čmntx̌mnt

)(
2β̂2

∑
m<n

čmntx̌mnt +R

)
.

Then we have

γ̂2 = 2β̂2 +

(∑
m<n č

2
mnt

) (
2β̂2

∑
m<n θ

2
t −

∑
m<n θtψt

)
−R

∑
m<n čmntx̌mnt(∑

m<n č
2
mnt

) (∑
m<n x̌

2
mnt

)
−
(∑

m<n čmntx̌mnt
)2 .

Therefore, for γ̂1 = 0 and γ̂2 = 2β̂2, we require (i)

R ≡
∑
m<n

c̃mnt [r̃mnt − r̃nmt] = 0, (66)

which is similar to our no fixed effects case; but additionally (ii)∑
m<n

θtψt = 2β̂2

∑
m<n

θ2
t (67)
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