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ABSTRACT

I examine the relationship between firm size and skill composition, using microdata from

Australian workers and firms between 2011 and 2020. While larger firms generally employ

higher shares of high-skill workers, all firms tend to hire relatively more low-skill workers

as they grow. To explain these patterns, I develop a model that distinguishes total factor

productivity (TFP) from skill-biased productivity (SBP), in which firms choose their scale

and workforce composition. I validate the model mechanisms using evidence from a payroll

tax policy change in South Australia, demonstrating how firms adjust both scale and skill

mix in response to cost changes. I use a quantitative model of the Australian labor market to

explore the implications of shifts in aggregate skill composition on the distributions of firm

size and earnings inequality. I find that an 11 percentage point increase in the educated share

of the workforce decreases equilibrium skill premia within all firms. Despite this, the aggre-

gate skill premium increases, because firms that employ higher shares of high-skill workers

raise earnings levels more for all their workers. The increased share of educated workers

also leads to employment gains of 3% in the largest firms and an aggregate reallocation of

1% of workers to the largest firms. The results highlight how accounting for employment

composition decisions by firms is crucial for understanding observed patterns of worker skill

distribution and earnings across firms.
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CHAPTER 1

INTRODUCTION

Worker skill is not uniformly distributed across firms. Some firms employ a small number of

high-skill workers alongside many low-skill workers (e.g., retail), while others employ mostly

high-skill workers (e.g., consulting). Firms also differ widely in scale: most employ fewer

than 50 workers, but a small subset employ over 5000 workers. In choosing a workforce,

firms must determine both their scale (how many total workers?) and composition (what

types of workers?) of employment. These decisions depend not only on their own productive

capacity, but also the supplies of each type of skill, which depend on the abundance of each

skill type and the labor demands of all other firms. For example, a firm that finds high-skill

workers highly productive will tend to hire more of them in a labor market where high-skill

workers are more abundant, or where most other firms do not find high-skill workers as

productive, and hence the competition for such workers is weaker.

As decisions of composition and scale are made jointly, an increase in the abundance

of skill in the aggregate workforce may lead to changes in employment concentration, and

the aggregate skill premium will be affected by both a wage effect and a distribution effect.

Employment concentration may increase because firms that find high-skill labor relatively

more productive will increase their quantity of high-skill labor the most, and may even

increase their demand for low-skill workers, given that they are imperfect substitutes for

high-skill workers. The wage effect for the aggregate skill premium is that the rise in high-

skill supply will lead to absolute gains in earnings for all workers, but the size of these gains

will not be equally distributed across firms with varying skill compositions. When the largest

absolute gains occur in firms which employ relatively more high-skill labor, this provides a

force for increasing the aggregate skill premium. The distribution effect is that labor will be

reallocated across firms with varying skill premia. When firms with the largest skill premia

see the largest gains in total employment, this provides another force for increasing the
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aggregate skill premium. Skill premia within each firm will decline simply because the rise

in high-skill supply will lower the relative wages of high-skill workers, but if the wage and

distribution effects are large enough to dominate the within-firm decrease, then an increase

in the abundance of high-skill workers can lead to an increase in the aggregate skill premium.

Motivated by the above reasoning, I argue that the link between employment scale choice

and employment composition choice is important for understanding observed patterns of

worker skill allocation and premia across firms, and within firms over time. I begin by

documenting the relationship between scale and skill composition in the cross-section of

Australian firms in the period 2011− 2020: larger firms are more skilled. Next, I show that

the cross-sectional patterns do not hold within a firm over time: as a firm becomes larger,

it deskills. To understand the mechanisms behind these outcomes, I propose a simple model

in which firms choose scale and skill composition. I prove the model can explain both the

cross-sectional and within-firm facts, and argue that Hicks-neutral productivity differences

between firms alone are unable to simultaneously explain the cross-sectional and within-firm

patterns. To validate the model mechanisms, I provide estimates of labor supply elasticities,

and examine a tax policy change in the state of South Australia where I predict how firms

of different sizes should have adjusted their scale, skill composition, and skill premia. I show

these predictions are supported empirically. Finally, I develop and calibrate a quantitative

model of the Australian labor market to examine how a change in the skill composition of

the aggregate labor force would affect the scale and skill distribution of labor across firms.

I consider an increase in the educated share of the workforce from 39% to 50%, and find

that this increases the share of employment in large firms (≥ 1000 workers) by 1.5%. The

increased skill share also leads to increased earnings in the largest and smallest firms and

decreased skill premia within every firm, but an increase in the aggregate skill premium.

First, I compare the patterns of scale and skill composition in the cross-section with the

patterns within a firm over time. In the cross-section, medium-sized firms are less skilled,
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and small and large firms are more skilled. Skill premia increase monotonically in firm size.

These results broadly hold even when controlling for industry or location, especially for the

most skilled workers. These findings indicate that underlying differences between firms are

not primarily explained by differences between industries or regions. However, looking within

firms reveals that as a firm increases its employment, it tends to skew the composition of

its employment toward low-skill workers. This suggests that the higher share of high-skill

workers in large firms observed in the cross section arises due to persistent differences between

small and large firms. Large firms tend to be more skilled, but they are not simply small

firms that have grown. On the contrary, as small firms grow, they typically reduce the share

of high-skill workers they employ. In the cross-section, the initial decrease in skill ratio

against size may occur because there is little difference between small and medium-sized

firms, so the within-firm decrease in skill ratio with size is observed. Large firms tend to

be different from medium-sized firms, however, in that for any given scale they prefer to be

much more skilled, and this effect dominates the deskilling effect within large firms as they

become large, so the largest firms in the cross-section are the most highly skilled.

Second, I provide a simple model to understand the observed patterns of scale and skill.

Firms differ in both a Hicks-neutral component of productivity (total factor productivity,

TFP) and a component of productivity that makes high-skill workers more productive (skill-

biased productivity, SBP), and view worker types as imperfect substitutes. The imperfect

substitutability of worker skills means that the marginal productivity of each worker depends

on the composition of the entire team within a firm: an additional high-skill worker increases

productivity more in firms with fewer high-skill workers. Firms face upward-sloping labor

supply curves, where low-skill labor is more elastic than high-skill. Firms facing positive TFP

shocks desire to scale up their employment, and find it optimal to do so via hiring relatively

more low-skill workers, who are easier to hire. Hiring more low-skill workers changes the

team composition and increases the marginal productivity of high-skill workers, however,
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so firms also increase high-skill hiring, and raise their skill premia because high-skill labor

supply is less elastic. Firms with higher SBP tend to be both larger and have a more skilled

workforce, so in the aggregate it is possible for the difference between low and high SBP

firms to generate a positive relationship between firm size and skill composition in the cross-

section1. The simple model also clarifies that standard models of firm dynamics, which only

allow for heterogeneity in total factor productivity, are insufficient to explain the observed

patterns of both scale and skill composition. The reason is that, with only a single firm-

level productivity shifter, the cross-sectional patterns of size and skill composition should

be in accordance with the firm-level patterns, as the only difference between a small firm

and a large firm must be the same as the difference between a small firm and itself when

it becomes large. The empirical contrast between the aggregate and firm-level patterns

motivates allowing firms to differ in not only total factor productivity, but also a dimension

of skill-biased productivity.

Third, I provide two pieces of empirical evidence to support the model assumptions and

predictions. The first is a back-of-the-envelope calculation of labor supply elasticities for

each education group, using the fact that employment-to-employment transitions provide

information about the sensitivity of firm-level employment to wages offered. For the second

piece of evidence, I study a tax policy change in South Australia. The policy altered the

payroll tax schedule of firms, so that the marginal tax rate for firms with payrolls between 1.5

and 1.7 million increased from approximately 4% to approximately 27%. Incorporating this

policy change into the model, I predict that firms directly affected by the payroll tax change

should decrease employment, shift toward a higher-skilled workforce, and decrease their

skill premia. Alternatively, firms away from the treated region should see either no effect,

or perhaps small effects in the opposite direction. These model predictions are supported

1. This result may be understood as a version of Simpson’s Paradox: trends within each group (e.g., firm)
may reverse when the groups are aggregated. This may occur because the within-group differences (firms
deskill as they scale up) are dominated by opposite between-group differences (firms with higher SBP tend
to be larger and more skilled).
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empirically.

Fourth, I provide a quantitative model that matches the empirical patterns of the firm

size distribution, the firm employment distribution, the distribution of skill ratios, the dis-

tribution of skill premia, and the earnings of low-skill workers. I use it to answer what will

happen as Australia becomes more educated, motivated by the increasing share of educated

workers. I consider an 11 percentage point increase in the share of the educated population

(0.5 compared to 0.39) and show that employment in large firms increases by 1.5%. Addi-

tionally, this educational shift leads to a decrease in skill premia for all firms, with an average

(firm-weighted) decrease of 0.1%, but an increase in the aggregate (worker-weighted) skill

premium of 0.1%. The aggregate skill premium rises because employment is reallocated from

firms with small skill premia to firms with large skill premia, and firms with higher shares

of high-skill workers see larger absolute gains in earnings for all workers.

Related Literature I contribute to four areas of literature. First, I speak to the empirical

literature on how workers sort to firms. Following Abowd et al. [1999], recent work from

Song et al. [2019], Bonhomme et al. [2019], and Bonhomme et al. [2023] has shown that more

productive workers tend to sort to more productive firms, though these frameworks assume

that firm productivity is constant over time. Additionally, work by Haltiwanger et al. [1999]

and Haltiwanger et al. [2018] has shown that larger firms tend to be more productive and

have more productive workers. I study how the skill of workers in a firm changes as the

firm’s scale changes, and show that, perhaps surprisingly given the above context, scaling up

is associated with skilling down, and that skill premia only modestly rise with employment

size. Similar results for employment have been documented by Gulyas [2020] in Germany,

though they find opposite predictions regarding skill premia.

Second, I contribute to the theoretical literature seeking to explain the sorting patterns

documented above. In this vein, Shimer and Smith [2000] and Borovicková and Shimer [2024]
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argue that more productive workers sort to more productive firms due to complementarity

between worker skill and firm technology following Becker [1973], and Lise et al. [2016]

and Lise and Robin [2017] allow for firm dynamics, but the notion of firm and job are

undifferentiated in their models. Closest to this paper is Eeckhout and Kircher [2018],

which integrates the choice of worker composition into a span-of-control theory of the firm

a la Lucas [1978], and Deb et al. [2022], where firms vary in skill-specific productivity and

labor supply elasticities vary by skill. I study the empirical relevance of the relationship

between size and scale, and allow for dynamics in the context of firms choosing both scale

and skill composition in the simple model. In an extension in Appendix D I integrate the

compositional choice into a model where firms face TFP shocks and may exit, and thus

provide a theory of firm dynamics in skill composition similar to Hopenhayn [1992], which

is not provided by previous work.

Third, I contribute to the rapidly expanding literature viewing firms as “teams" of workers

cooperating to produce output. The approach of Freund [2024] is similar in their consid-

eration of worker composition affecting output, but there are no firm dynamics. Similarly

Herkenhoff et al. [2024], which is primarily focused on the learning aspect of team production,

has no theory of heterogeneity in firm technology. Importantly, the discussion of firm scale

is limited to at most two workers in both works, so they cannot explain the joint patterns of

firm scale and worker composition. In contrast, I fit a quantitative version of my model to

exactly hit the firm size and employment distributions, as well as the patterns of skill ratio,

skill premia, and earnings across firm sizes.

Fourth, I contribute to the literature seeking to understand the employment size and

worker earnings distributions across firms. Theoretically, this discussion goes back to at least

the span-of-control model of Lucas [1978], which posits that firms face convex marginal costs,

and thus the most productive entrepreneurs run the largest firms. Rosen [1982] augments the

framework to allow for complementarity between skilled workers and managers, so is able to
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explain why the earnings distribution is skewed not only for managers, but also for workers.

More recently, Poschke [2018] builds on the span-of-control model and argues that skill-biased

technological change contributed to rising dispersion in firm size via increasing dispersion in

entrepreneurial productivity of workers. Though I also consider how skill bias may impact

firm size, I instead focus on how differences in skill bias alter the employment composition

choices of firms, and how these choices relate to firm size choice, in a setting where firm-

level labor supply elasticities differ by worker skill. Empirically, Autor et al. [2020], Rinz

[2022], Hsieh and Rossi-Hansberg [2023], and Autor et al. [2023b] provide evidence that

employment concentration has risen at the national level in the United States, and Bajgar

et al. [2023] provide evidence of increasing concentration in Europe, albeit in sales rather

than employment. To explain these trends, Autor et al. [2020] suggest there must be some

forces increasing market “toughness", and Autor et al. [2023b] show a shift toward services

and away from manufacturing. Hsieh and Rossi-Hansberg [2023] argue that increases in

the scalability of services contribute to the dispersion in employment scale across firms.

Rather than focus on changes in employment concentration across industries, I document

how employment scale and composition are related both in the cross-section and within

firms in the aggregate economy, and argue that differences between firms in skill bias lead to

dispersion in firm size, and therefore an increase in the high-skill labor share would increase

the skill bias advantage, and increase employment concentration.

The organization of the paper is as follows. In Section 2 I describe the data. In Section 3

I document the relationship between firm size and skill composition in the cross-section and

within firms. In Section 4 I provide support for the assumption that low-skill labor supply

to firms is more elastic than high-skill. In Section 5 I provide a simple model to explain

the facts. In Section 6 I provide additional empirical support for the model assumptions

and predictions by considering the impact of a regional change in tax policy. In Section 7 I

explain the quantitative model and consider the counterfactual implications of a rise in the
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high-skill share of the workforce. Section 8 concludes.
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CHAPTER 2

DATA DESCRIPTION

I construct a linked employer-employee panel of Australian workers and firms for the years

2011 - 2020 using confidential tax data from the Australian Bureau of Statistics. The data

include earnings from each firm for each worker in Australia. I link to each worker an educa-

tion level from the 2016 Census, and use this as a measure of skill. I also link each worker to

their location of residence. I link to each firm its industry and construct a measure of value-

added1. I keep workers between the ages of 25 and 60, and firms with positive employment,

nonnegative value-added, and nonnegative cost-of-goods-sold. I observe approximately 55

million worker-years, and approximately 4 million firm-years. In Appendix B.2 I provide a

detailed description of the data sources and variable construction. In Appendix B.4 I provide

summary statistics concerning worker education, earnings, skill ratios, and skill premia, by

firm size and age.

1. The Australian goods and services tax (GST) is a value-added tax, thus firms must report a detailed
breakdown of their input costs and output revenues.
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CHAPTER 3

MOTIVATING FACTS

I start by examining the patterns of skill composition and skill premia versus firm size. My

first finding is a U-shaped relationship between firm size and skill, meaning the firms with the

most skilled composition of workers tend to either be small or large, but not medium-sized.

I show that this pattern holds even when controlling for detailed industrial classification,

indicating it is not driven entirely by industrial differences between differently-sized firms.

My second finding is that this pattern no longer holds when considering size changes within

firms: as firms scale up, they skill down. I repeat these exercises instead considering within-

firm skill premia to deliver my third finding: skill premia are much larger in larger firms,

but as firms grow they only mildly increase their skill premia. These results suggest that

firms differ in a time-invariant dimension which determines how they value high-skill workers,

motivating the model in Section 5, which allows me to explain both the cross-sectional and

within-firm findings.

3.1 Fact 1: The largest and smallest firms are most skilled

To assess the relationship between size and skill composition at the level of the aggregate

economy, I bin employment and consider the least-squares regression of the (log) skill ratio

on indicators for each bin, and include time fixed effects. I index bins by b and let Bb be the

interval of employment for firms in bin b, and run the following regression.

ln
Hjt

Ljt
= δt +

∑
b

βb1{empjt ∈ Bb}+ ϵjt (3.1)

where j indexes firms, t is time, δt are time fixed effects, βb is the increase in log skill ratio

for employment in firm Bb, relative to the baseline bin of firms with employment 1− 10.
10



The results are shown in Table B.1 and plotted against mean employment in each bin

in Figure 3.1. The U-shaped relationship between firm size and firm skill ratio continues to

hold, so that medium-size firms tend to have the lowest skill ratio, but that the smallest and

largest firms are more skilled. It is also worth noting that the minimum skill ratio bin is

20− 50 for college-educated workers compared to 100− 200 for graduate-educated workers.

Therefore, firms in bin 100−200 tend to have a higher college ratio, compared to bin 20−50,

but a lower graduate ratio.

The differences in skill composition across the firm size distribution are quantitatively

large. In small firms (0 − 9 workers) 45% of workers are high-skill; in medium-sized firms

(20 - 99 workers) only 33% of workers are high-skill; in the largest firms (5000+ workers)

52% of workers are high-skill. The results are more stark when focusing on workers with a

graduate degree. In firms with at least one graduate worker and 0− 9 total workers, 39% of

workers have a graduate degree; in firms with 100− 1000 workers, only 7% of workers have

a graduate degree; in firms with 5000+ workers, 14% of workers have a graduate degree.

The broad-level specification in equation 3.1 only controls for aggregate time trends, so

the identifying variation for the βb coefficients comes from both within-firm difference across

time, and between-firm differences. Therefore, this specification alone does not inform about

the degree to which each type of variation (within- versus between-firm) is generating the

observed U-shape. For example, one explanation for the above relationship between size and

skill composition is that all firms follow the U-shape as they expand. Another explanation

is that firms maintain a constant skill ratio at all times, but that firms which choose to

become medium-sized are the same ones that choose a low skill ratio. Analogously, the

firm differences could be at the level of the industry or location of the firm. To discern

between these myriad explanations for the cross-sectional patterns in the aggregate economy,

I now repeat the above specification, but control for variation in industrial division, detailed

industry, and geography. To this end, I check that the relationship in the aggregate holds

11



Figure 3.1: Coefficients from regressions of the log skill ratio on firm size, in the cross-section

Note: from Table B.1

when I control for industry by considering the following regression, where a(j) is the ANZSIC

industry of firm j

ln
Hjt

Ljt
= δt + δa(j) +

∑
b

βb1{empjt ∈ Bb}+ ϵjt (3.2)

In Table B.2 I show the results where I allow a(j) to be the coarsest industry stratifica-

tion, industry division, and in Table B.3 I consider the more detailed definition at the level

of 3-digit ANZSIC. In Figure B.11 in Appendix B.4 I display the coefficients as a function of

firm size for the coarse specification, and in Figure 3.2 I show the results for the detailed in-

dustry specification. The results are broadly similar between the two approaches. Although

the estimates are much less precise, for firms with less than 1000 workers the point estimates

are largely unchanged, indicating industrial differences are unable to explain the relation-

ship between size and skill for most firms1. For the largest firms, controlling for industry

reduces the coefficients, most notably for college-educated workers, indicating industrial dif-

ferences are relevant for explaining differences in skill composition at the top of the firm size

distribution.

1. This finding is unsurprising in light of the fact that large heterogeneity in firm productivity has been
documented to exist even within narrowly defined industries, e.g. by Syverson [2004].
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Figure 3.2: Coefficients from regressions of the log skill ratio on firm size, controlling for
industry ANZSIC 3-digit

Note: from Table B.3

Another potentially important difference between firms is location. To assess whether

geographic differences might be driving the results, I control for a measure of firm location

at the level of SA4+GCCSA, similarly to how I control for firm industry above. I present

the results in Appendices B.3 and B.4, and find that controlling for location does not change

the main results concerning the U-shape. Therefore the U-shaped relationship between size

and skill composition cannot be explained by location differences alone, such as remoteness.

3.2 Fact 2: As firms become larger they become less skilled

Above, I showed that the cross-sectional patterns are broadly unchanged, albeit somewhat

dampened, when controlling for differences in industry or location of firms. I now turn to

the most detailed level possible, and repeat the above analyses, but control for permanent

heterogeneity at the firm level by including firm fixed effects. The motivation is that these

specifications control for unobservable differences between firms that are time-invariant, such

as a preference for high-skill workers independent of total employment. The specification is

ln
Hjt

Ljt
= δt + δj +

∑
b

βb1{empjt ∈ Bb}+ ϵjt (3.3)
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Figure 3.3: Coefficients from regressions of the log skill ratio on firm size, controlling for firm

Note: from Table B.5

The results are in Table B.5 and Figure 3.3. Surprisingly, the relationship between size

and skill ratio is uniformly decreasing: when firms scale up, they skill down. The estimates

are precise, and on the same order of magnitude as the cross-sectional results. To get a

concrete sense of the difference between the cross-sectional and within-firm results, compare

the coefficients for employment bins 50 − 99 and 2000 − 4999. In the cross-section, the log

skill ratio for 50 − 99 worker firms is −0.46, so 39% of the workforce is high-skill, but for

2000 − 4999 worker firms the skill ratio is 0.2, so 55% of the workforce is high-skill. In

contrast, when a firm grows from having 50− 99 workers to 2000− 4999 workers, on average

they reduce their share of high-skill workers from 44% to only 35%.

The coexistence of Facts 1 and 2 implies that upward-sloping part of Fact 1 is entirely due

to a composition effect: the firms that are larger tend to be more skilled, but they are not

simply small firms with more employment, because when firms increase their employment

they become less skilled. Explaining these two facts simultaneously requires a theory of firms

that are heterogeneous in at least two dimensions. With only one dimension of heterogeneity,

cross-sectional differences between firms and differences within a firm over time must be the

same; there is only one possible way that firms are different. With at least two dimensions, it

is possible for within-firm differences over time to be different from cross-sectional differences

between firms, as one dimension of heterogeneity can drive firm dynamics, and another
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Figure 3.4: Coefficients from regressions of the log skill premium on firm size, in the cross-
section

Note: from Table B.7

dimension may contribute to persistent (or permanent) differences between firms.

3.3 Fact 3: Skill premia increase more rapidly with size in the

cross-section than within firms

I repeat the above analyses considering skill premia within a firm, rather than the skill ratio.

The cross-section results relating firm size to (log) skill premium are in Table B.7 and Figure

3.4, and the within-firm results are in Table B.8 and Figure 3.5. In the cross-section, the

log skill premium is monotonically increasing firm size, but within firms there is a plateau

around the 200− 499 bin, and even a slight decrease afterwards. Furthermore, the increases

in the within-firm specification are only about 25% of the full increase in the cross-section.

Therefore, although large firms tend to have a college skill premium which is 20% higher

than small firms, when those same small firms grow to the size of the large firms, they tend

to only increase their skill premia by about 2%. For graduate workers, the largest firms have

skill premia which are 40% higher than the smallest firms, but when these smallest firms

grow to the same size of the large firms, they only increase their skill premia by about 11%.

These results again point toward differences between small and large firms being driven by

time-invariant differences in how firms are able to utilize workers of each skill type.
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Figure 3.5: Coefficients from regressions of the log skill premium on firm size, controlling for
firm

Note: from Table B.8
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CHAPTER 4

ESTIMATING FIRM-LEVEL LABOR SUPPLY BY WORKER

SKILL

Below, I explain the observed patterns of skill composition in a simple model, and a crucial

assumption is that labor supply is more elastic for low-skill workers. Estimating labor supply

to individual firms is notoriously difficult, as the decision to move between firms, and the

origin and destination wages, are all endogenous objects. One way to obtain a measure of

how sensitive workers are to wage differences is to consider the separation or quit elasticity, as

in Bassier et al. [2022] and Autor et al. [2023a]1. The motivating observation is that workers

are more likely to make an employment-to-employment transition when they currently have

a lower wage. Most models of on-the-job search along the lines of Burdett and Mortensen

[1998] will generate this pattern, as a lower wage will mean that a higher share of potential

job offers dominate the current wage and lead to job transition. To answer the question of

how responsive worker quit rates are to wages, I estimate the following specification.

EEit = δt + δj(i,t) + β lnwi,t−1 + ϵit (4.1)

where EEit is an indicator for an employment-to-employment transition between t− 1 and

t, wi,t−1 are worker earnings in t − 1, and δt and δj are time and firm fixed effects, which

I include to control for the fact that some firms j(i, t) may generally have higher poaching

rates. The results are in Table B.6. The interpretation of the coefficient is that a 1% increase

in a worker’s earnings will decrease by | β
100 | their probability of quitting to another firm.

To convert these measures to labor supply elasticities, I divide by the EE rate for each type

1. Another approach is to consider the recruiting elasticity as in Hirsch et al. [2022].
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of worker and multiply by −2, and report the results in Table 4.12. The estimates appear

reasonable, though are lower than the findings for the United States pre-pandemic reported

by Autor et al. [2023a].

Education Quit β EE rate Labor Supply Elas (−2× β
EE )

Less High School -0.040 0.174 0.460
High School -0.038 0.190 0.400

College -0.036 0.185 0.389
Graduate -0.035 0.180 0.389

Table 4.1: Construction of a measure of labor supply elasticity for each skill type.

Note: “Quit β" is the coefficient from equation 4.1 estimating the responsiveness of worker
quits to log earnings. “EE rate" is the employment-to-employment transition rate for each
worker type. “Labor Supply Elas" uses the two previous measures to construct a measure
of labor supply elasticity in accordance with models of dynamic monopsony a la Manning
[2013].

2. I review a simple model of dynamic monopsony following Manning [2013] in Appendix B.5 to show
why this is an appropriate construction.
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CHAPTER 5

FRAMEWORK TO RATIONALIZE EMPIRICAL FINDINGS

I start with a simple model able to qualitatively explain the observed patterns documented

above. I follow Lucas [1978] in assuming firms are heterogeneous, but depart in two ways.

First, instead of assuming firm technology is subject to decreasing returns to scale and the

labor market is competitive, I assume constant returns to scale production, but that firm-level

labor supply curves are upward-sloping, and that there are two types of labor. Second, firms

are heterogeneous, not only in total factor productivity (TFP) zjt, which is dynamic, but also

in skill-biased productivity (SBP) κj , which is fixed over time. These minimal assumptions

(two labor types and two productivity margins) generate an equilibrium distribution in both

firm size and worker composition. In order to be in line with the above empirical regularities,

I make one key assumption: labor supply is more elastic for low-skill workers, ηL > ηH . The

labor supply assumption will induce firms facing positive TFP shocks to scale up production,

but they will do so by shifting the composition of their labor force toward the relatively

easier to hire low-skill workers, so they “scale up by skilling down". Within a firm, this force

generates the negative relationship between firm high-skill share and size over time1. The

distribution of TFP and SBP across firms will generate the aggregate relationship between

firm size and skill share, as high SBP firms will tend to be larger and more-skilled. When the

SBP distribution is such that the between-firm difference in skill-share and size dominates

the within-firm negative relationship, the cross-sectional outcome above is generated: larger

firms tend to be more skilled. I relegate the algebra and computational details for this section

to Appendix A.

Technology A unit measure of firms produce with the following constant elasticity of sub-

1. A variation of this mechanism is key in Mertens and Schoefer [2024], where they show that firms scale
up production by substituting toward inputs, which are more elastically supplied than labor. I instead focus
on substitution between labor types and abstract from intermediates.
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stitution technology, where both zjt and κj are firm-specific, but κj ∈ {κL, κH} is fixed over

time, and zjt ∈ {zL, zH} evolves stochastically, transitioning from low state to high state at

rate λH and high state to low state at rate λL. The share of firms with κL is sL.

Y (z, κ, nL, nH) = zN(κ, nL, nH) (5.1)

N(κ, nL, nH) ≡
(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

(5.2)

Labor Supply Firms face constant elasticity of substitution labor supplies with elasticities

ηL and ηH and total market labor nL and nH = 1 − nL for low and high skill labor,

respectively,

nL(w) =

(
w

WL

)ηL
nL (5.3)

nH(w) =

(
w

WH

)ηH
nH (5.4)

The Wi are the market wage indices for each labor type i, and given by

Wi =

(∫
w
ηi
i dFi(wi)

) 1
ηi (5.5)

where Fi is the equilibrium distribution of wi in the economy. I provide a microfoundation

for these labor supply curves in Appendix A.1.

Firm Optimality The problem of firm j with (zjt, κj) at each instant2 is to maximize

2. There are no choices being made that depend on the expected future path of (z, κ), so the dynamic
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revenues net of labor costs, where the homogeneous good produced is the numeraire. To

do so, firms equate the marginal revenue product of labor with the marginal cost for each

worker type, accounting for the monopsony power afforded by the upward-sloping labor

supply curves. The optimality conditions may be found in Appendix A.3.

Equilibrium The market equilibrium is a set of wages wi(z, κ), employment levels ni(z, κ),

and distribution of firms over (z, κ) such that

(i) Given the wage indices implied by the distribution of firms and wi(z, κ), wage wi(z, κ)

implies labor quantity supplied ni(z, κ) for all i, z, κ.

(ii) Given the wage indices implies by the distribution of firms and wi(z, κ) and the implied

labor supply schedules, firm (z, κ) optimally hires ni(z, κ) at wi(z, κ) for all i

(iii) The distribution of firms across (z, κ) is consistent with the share of firms for each κ

and the dynamics of z

The above definition is one of partial equilibrium, but I explain in A.8 how to make

additional assumptions so that the goods market clears but does not distort labor decisions

away from the partial equilibrium outcome. The equilibrium of the economy cannot generally

be given in closed-form, but I detail how to solve the equilibrium numerically in A.4 and

prove the following proposition regarding qualitative comparative statics in A.5.

Proposition 1.

(i) In the limit as σ → ∞

(a) Fixing z, firms with larger κ are larger, i.e. N is larger

(b) Fixing z, firms with larger κ have higher skill shares, i.e. nH
nL

is greater

problem of the firm is simply a sequence of static problems. This result does not occur if it is costly to hire
and maintain labor, or if firms make entry and exit decisions, as in the quantitative model of Appendix E.
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(c) Fixing z, firms with larger κ have higher skill premia

(d) Fixing κ, as a firm’s z increases, they become larger

(e) Fixing κ, as a firm’s z increases, the share of their workforce that is high-skill

declines

(ii) There exists σ > 0 such that the above statements hold and, additionally,

(f) Fixing κ, as a firm’s z increases, their skill premium increases

The first part of the proposition regards the limiting case when labor types are perfect

substitutes. In this case, skill-biased productivity κ is irrelevant for a firm’s hiring of low-skill

labor, but increases the productivity of high-skill workers, incentivizing increased hiring. This

increase in hiring requires moving up the labor supply curve of high-skill workers, increasing

their wage, thus the skill premium. Total factor productivity incentivizes increased hiring of

both skill types, but particularly the more elastic low-skill, which lowers the ratio nH
nL

within

the firm. Intuitively, as TFP rises firms want to scale up production, but it is relatively more

difficult to hire high-skill workers, so fewer are hired. In the case of perfect substitutes, the

skill premium is invariant to TFP, however, as the relative MRPL between worker types only

depends on SBP. This knife-edge result motivates the final part of the proposition, which

says that allowing for some amount of imperfect substituability between worker types will

mean that firms prefer to scale up by increasing high-skill labor more, relative to the perfect

substitutes case. This occurs because firms recognize that changing the composition of labor

in the firm effects the scale of production, due to imperfect substitutability, and therefore

they are slower to shift their composition toward low-skill workers. The relatively slower shift

in skill composition means firms must move up the high-skill labor supply curve more, so skill

premia rise. Firms scale up partly by deskilling, and they do so because they must tradeoff

their desire to maintain a given skill composition, which increases the scale of output, with

the increased labor costs associated with scaling up any given labor composition, given that
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(a) Skill Ratios (b) Skill Premia

Figure 5.1: Skill Ratios and Premia Example

Note: The circles are the different firm types, with the solid lines connecting the two z
states a firm with a fixed κ may move between. The dashed line is a least-squares fit of the
relationship, using the cross-section of all firms.

differing elasticities between high- and low-skill labor supplies.

Note that the proposition is entirely concerned with the comparisons between firms with

different (z, κ), but silent on aggregate relationships. The reason is that the distribution of

firms across κ, as well as the transition rates for z, determine the firm (z, κ) distribution,

and in general aggregate relationships between size and high-skill share and skill premia are

not possible to find without a computer. To speak to the macro relationships, I solve the

parameterization of the model given in Table A.1 numerically and present the results in

Figure 5.1.

As expected, the relationship between high-skill share and size is negative within a firm,

but the macro relationship is positive, because the firms with larger κ tend to be larger and

have a higher skill share. The positive relationship is then driven by comparison between

firms with different κ, and in fact within-firm variation is a force in the opposite direction. A

naive researcher attempting to understand how a firm changes the composition of its labor

force as it grows would find a result of the wrong sign if they merely used a cross-section,

and assumed that large firms are a proxy for small firms that increased in size.

The skill premia result is less stark, because the signs match at the firm level and in the
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cross-section, but the magnitudes are completely different. While firms with higher κ tend

to be larger and pay a higher skill premium, each firm’s skill premium only slightly increases

as the firm grows. Again, a researcher seeking to understand the relationship between skill

premium and size over a firm’s lifecycle would wrongly conclude that firms dramatically

increase their skill premia as they scale up, if they only looked at a cross-section, whereas in

reality skill premia only slightly increase as each firms grows.

I can also directly consider what the above regression specifications will recover in the

model, using the distribution of firms and the firm optimality conditions. The skill ratio

of each firm is not a simple function of total employment and parameters alone, but the

optimality conditions can be rearranged to yield the following relationship between log total

employment and log skill ratio for each firm,

ln
nHjt

nLjt︸ ︷︷ ︸
skill ratio

=

(
σ

ηL
− σ

ηH

)
ln(nLjt + nHjt)︸ ︷︷ ︸

scale

+(σ − 1) lnκj︸ ︷︷ ︸
skill-bias

(5.6)

+
σ

ηL
ln

nLjt
nLjt + nHjt

− σ

ηH
ln

nHjt

nLjt + nHjt︸ ︷︷ ︸
substitution

+constant (5.7)

where the constant does not vary across firms. This form reveals that a firm’s log skill ratio

may be decomposed into the sum of four terms. The constant term captures aggregates that

affect all firms in the same manner, such as the total supplies of each skill, the wage indices,

and the markdowns3 4. The scale term captures the fact that scaling firms will change

their skill composition, and that this component decreases the skill share when ηL > ηH ,

and the effect is larger when the skills are more substitutable. The skill-bias term captures

3. The constant is σ
(
ln ηH+1

ηH
− ln ηL+1

ηL
+ 1

ηL
lnnL − 1

ηH
lnnH + lnWH − lnWL

)
4. It is worth noting that the fact that all firms operate with the same markdown for each labor type is an

endogenous outcome due to the constant elasticity supplies. In a more general setting where labor supplies
are not CES, the markdowns would also vary across firms and be another term in the decomposition.
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the fact that firms with higher skill-biased productivity choose higher skill ratios. The

skill substitution term is the residual that captures how skill shares affect the skill ratio,

accounting for the scale and skill bias terms.

Before considering the relevant case of ηL > ηH , it is instructive to consider the simpler

case of ηL = ηH ≡ η. Then the decomposition is

ln
nHjt

nLjt︸ ︷︷ ︸
skill ratio

= 0︸︷︷︸
scale

+(σ − 1) lnκj︸ ︷︷ ︸
skill-bias

(5.8)

+
σ

η
ln

nLjt
nHjt︸ ︷︷ ︸

substitution

+constant (5.9)

The optimal skill ratio is independent of the scale of employment, because when scaling

up it is equally costly to move up each supply curve5. In this case, as firms face TFP shocks,

they scale their workforce up or down accordingly, but always maintain the same composition,

because the cost-minimizing bundle of skills is scale-invariant. This is no longer true when

ηL > ηH , because as a firm scales production up, the least-cost bundle of labor skews towards

the more elastic low-skill type. This result may be derived from the optimality conditions,

but an intuitive way to understand this point is to imagine a firm is optimally producing,

then is tasked with doubling output. When ηL = ηH ≡ η, the firm will double both types

of labor, and costs will rise by 2
η+1
η . Any other choice which skews the composition towards

low- or high-skill labor will be more costly due to Jensen’s inequality, as total costs for each

skill type are convex, so the cost increase from hiring relatively more of one type of skill

are greater than the cost decrease from hiring relatively less of the other. When ηL > ηH ,

doubling both labor inputs would lead to high-skill labor costs increasing more quickly than

low-skill, so instead the firm will skew their hiring towards low-skill workers to minimize

5. This result can also be observed directly in the optimality conditions in A.3.
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costs.

The decomposition is most useful for understanding the recovered relationships between

size and skill ratio in the cross-section and within firms in Section 3. In a cross-sectional

regression of firm size on skill ratio, the skill-bias and skill substitution terms are omitted

variables which may statistically bias6 the coefficient on log employment up or down, de-

pending on the joint distribution of TFP and SBP. If firms which have high TFP also tend

to have high SBP, then log employment and κ will be positively correlated, and the coeffi-

cient on log employment will be statistically biased upward. More generally, for employment

levels where the average firm tends to have have higher SBP, the cross-sectional regression

will attribute the higher skill ratio to the employment level7. In particular, consider the

following cross-sectional regression of skill ratio on firm size, the analogue of equation 3.1.

ln
nHjt

nLjt
= α + f(ln(nLjt + nHjt)) + ϵjt (5.10)

where f is some function to be fitted, and in the empirical specifications above it is a piecewise

constant function with constants that vary by firm size bin. Within each bin, this regression

will attribute all differences in skill ratios to differences in total employment. Therefore,

if the smallest and largest firms tend to have higher κ than medium-sized firms, then the

U-shape above would be recovered, as the specification infers that the bins with more high

κ firms and a higher skill ratio are due to the employment level. I show this pattern of κ is

exactly what is recovered in the quantitative model below.

The statistical bias from the skill bias term also motivates the inclusion of firm-level

6. Unfortunately, “bias" has two meanings in this setting. I will say skill bias when referring to the
economic force that causes firms to prefer high-skill workers, and statistical bias when referring to econometric
estimators which are biased.

7. It is easy to check that, for any fixed total employment level, higher κ must generate higher skill ratios,
as the only way the equation can hold for a higher κ is if nH increases and nL decreases.
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fixed effects. Firm κj is time-invariant, so by controlling for each firm the skill bias term is

absorbed into the firm fixed effect, and the statistical bias introduced by the composition of κ

varying over the employment distribution is removed. Then the following regression recovers

the relationship between employment and skill ratio on average across firms, controlling for

differences in SBP, where f is as above.

ln
nHjt

nLjt
= αj + f(ln(nLjt + nHjt)) + ϵjt (5.11)

The recovered relationship between log employment and the log skill ratio will now be

unambiguously and uniformly negative. This can be seen by considering the above decom-

position and holding fixed any given κj . In this case, when employment increases within

a firm, the only way for the equation to hold is if the share of low-skill workers increases,

which is not true if differences in the distribution of κ across the employment distribution

are not controlled for, as in the specification of equation 5.10.

It is worth clarifying that having at least two degrees of firm heterogeneity is essential to

obtain differing signs between micro and macro relationships between size and skill compo-

sition. The reason is that, with only one dimension of heterogeneity, comparing large firms

to small firms is the same as comparing a firm to itself over time, because the cross-sectional

heterogeneity between firms is the same as the temporal heterogeneity within a firm. As

an example, suppose some exogenous process causes firms to vary their employment n over

time, and that they maintain skill composition sc as a function of firm size n according

to sc = 1
1+n . Then the relationship is negative within each firm, but also must be nega-

tive in the cross-section, and in fact will be the exact same function. Therefore to explain

the observed sign difference in the within-firm and cross-sectional relationships between size

and skill composition, it is not merely enough to embed a firm technology that combines

skills, such as Eeckhout and Pinheiro [2014], into a workhorse model of firm dynamics, such
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as Hopenhayn [1992]; there must also be firm heterogeneity in the skill bias of technology

across firms.

Related to the previous point, in order to generate the observed negative relationship

between size and high-skill share at the firm level, it is essential in the above model that

the firm dynamics are driven by TFP, the Hicks-neutral productivity shifter, because this

leads to firms skilling down as they scale up, due to the relatively more elastic low-skill

labor supply. If the model above instead stipulated that SBP κ were dynamic and z were

fixed, then firms would increase their high-skill share as they grow, yielding the opposite

prediction from what is observed. That a dynamic z is more in line with what I observe

than a dynamic κ is not surprising, as this is what would occur if firms tend to become

more efficient in general as they innovate, rather than simply more efficient in using skilled

workers.

While the above model relies heavily on the differing labor supply elasticities between

worker types to obtain that scaling and skilling are related, this result can also be achieved

with alternative technological assumptions. Even in the case where ηL = ηH , so there

is no supply-side motivation to skew towards low-skill workers, if the technology embeds

some scaling dependence into skill-bias, for example by replacing κ with a function κ(N),

where κ′(N) < 0, then the results above will be recovered. In this case, firms still skew

toward low-skill workers as they grow, but the reason is no longer simply that it becomes

relatively harder to move up the high-skill supply curve, but rather that, at any given skill

ratio, as the firm scales up, low-skill workers become relatively more marginally productive,

compared to high-skill workers. This factor likely also plays a role in reality, for example

in scaling a manufacturing operation. The first handful of PhD operations researchers are

incredibly helpful in determining how to organize production, but as production is scaled up,

more researchers add little to improving efficiency, whereas additional line workers remain

approximately equally marginally productive.
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CHAPTER 6

THE SOUTH AUSTRALIAN PAYROLL TAX CUT

The interdependence of scale and skill decisions for firms will mean that policies which cause

a firm to alter its scale of employment may also cause firms to alter their skill composition.

A recent policy change in South Australia provides a setting for assessing this prediction of

the above model. I below explain the details of the policy change, augment the simple model

to allow for taxes, use the augmented model to predict how firms should have reacted, and

validate the model predictions empirically.

In 2018, the newly elected Liberal Party of South Australia introduced a policy which

altered the payroll tax schedule for firms. In particular, prior to the January 1, 2019 imple-

mentation of the change, firms with a payroll exceeding $650K faced a marginal tax rate of

approximately 5% uniformly. After the policy went into effect, firms faced a 0% marginal

rate up to $1.5 million, at which point they faced a whopping 27% marginal tax rate up

to a payroll of $1.7 million, at which point the 5% rate resumed. I reproduce the figure of

Andrews et al. [2024] illustrating the change in the tax schedule in Figure 6.1.

While the ostensible purpose of the reform was to protect small businesses from pro-

hibitive tax burdens, the policy provided a small incentive for growth of firms that would

previously have operated with payrolls between $650 thousand and $1.5 million (where the

marginal tax rate fell from 5% to 0%), and a large disincentive for growth for firms that

would previously have operated with payrolls between $1.5 million and $1.7 million (where

the marginal tax rate increased from 5% to 27%). In line with these predictions, Andrews

et al. [2024] find bunching around the $1.5 million threshold, payroll increases for firms that

saw a decrease in their marginal tax rate, and payroll decreases for firms that saw an increase

in their marginal tax rate. They also find evidence that the policy reduced worker earnings,

in line with the predictions and findings of Garicano et al. [2016], which considered a similar

policy in France.
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Figure 6.1: Illustration of the payroll tax schedules faced by firms in South Australia in 2018
and 2020

Note: Reproduced from Andrews et al. [2024].

The policy should also have implications for firm skill composition and skill premia. To

make this point, I extend the above model by assuming that firms additionally pay taxes on

their payroll. The payroll tax schedule is described by the function T , which maps from the

pre-tax payroll of a firm to the payroll tax, so that if a firm’s total pre-tax wage bill were

x, then their total post-tax bill is x + T (x). I consider the following tax schedule, which is

visualized in Figure 6.2.

T (x) =



0 x ≤ x1

a1(x− x1) x1 < x ≤ x2

a1(x2 − x1) + a2(x− x2) x2 < x ≤ x3

a1(x2 − x1) + a2(x3 − x2) x > x3

(6.1)

I additionally impose x2 = a2x3−a1x1
a2−a1

. The policy T subsidizes small-to-medium-sized firms,
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T (x)
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Figure 6.2: Tax schedule illustration

Note: This tax schedule gives tax breaks to medium-sized firms. The schedule is regressive
over a large set of payrolls, then sharply progressive over a small set of payrolls.

but does so by lowering the marginal tax rate over a large region, then increasing the marginal

tax rate over a small region, exactly analogous to the tax change in Australia, as all that

matters for firm decisions are the changes in the marginal tax rates. To maintain simplicity,

I assume the policy is funded by lump-sum taxes, as discussed in Appendix A.8.

This policy change will have non-uniform effects in altering firm employment decisions.

For some small firms, the tax break makes operating at a higher scale profitable, where

it previously was not. For some large firms, it is now more profitable to descale to take

advantage of the sharp tax break. The following proposition, proven in Appendix A.7,

makes these points precise in partial equilibrium.

Proposition 2. Following a policy change from T0 = 0 to the T specified above, the partial

equilibrium response of firms, that is, the response that keeps wage indices at pre-policy

levels, may be characterized as follows. I use N as the measure of employment within a firm.

(i) Firms with payrolls less than x1 will either increase or not change their employment

(ii) Firms with payrolls in [x1, x2) will increase their employment

(iii) Firms with payroll at x2 will not change their employment

(iv) Firms with employment in (x2, x3] will decrease their employment

(v) Firms with payrolls greater than x3 will either decrease or not change their employment
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The proposition only speaks to partial equilibrium outcomes, as the general equilibrium

effects on wage indices are not simple to characterize, because they depend on the distribution

of firms, in addition to the parameters governing the tax policy, and the elasticities of labor

supply. Even absent monopsonistic forces (i.e., if ηL, ηH → ∞), the effects are unclear, as

labor demand from small firms will increase, and labor demand from large firms will decrease,

so equilibrium wages for each worker type could rise or fall1.

The partial equilibrium results are still useful empirically. Firms in [x2, x3] should reduce

their employment, and the only possible concern is that the change in relative wages for skill

types could push in the opposite direction, for example if in the new WH
WL

is much lower.

This seems unlikely to occur, because small firms scaling up will increase relative demand

for high-skill labor (recall that skill premia rises with scale), so for some large firms to also

scale up would need to mean that intermediate large firms scaled down to such an extent as

to reduce aggregate demand for high-skill labor. This does not seem plausible, and I suspect

it is impossible in this setting, though I have not been able to prove so.

Given the scaling results from above, and the relationships between scale, skill compo-

sition, and skill premia, I make the following predictions about the impact of the South

Australian tax policy change:

(i) Firms facing marginal tax rate increases should decrease their total employment, in-

crease their skill ratio, and decrease their skill premia.

(ii) Firms facing marginal tax rate decreases should increase their total employment, de-

crease their skill ratio and increase their skill premia.

All other firms will be affected by the policy as well, however, via the general equilibrium

net increase or decrease in labor demands. If sufficiently many firms are directly affected

1. Garicano et al. [2016] are able to obtain tighter results about GE, because they consider a tax change
that only penalizes firms becoming larger. The T above, on the other hand, rewards some firms for becoming
larger, while punishing others, relatively speaking. Their focus is also entirely on the scale margin.
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by the tax decrease, then aggregate labor demand should increase, driving up wages for all

workers. If sufficiently many firms are directly affected by the tax increase, then aggregate

labor demand should decrease, driving wages down. Also note that the convexity in the tax

change will be relevant: if equal shares of firms saw the tax increase and tax decrease, a

decrease in labor demand would be expected, as the increase is much more extreme than the

decrease. Nonetheless, for the purpose of making predictions I simply use the partial equi-

librium results, operating under the assumption that any countervailing general equilibrium

force should not dominate in this setting, an assumption which I above argued is plausible.

To test these hypotheses, I run the following specification, where y is skill ratio, skill

premium, or total employment at the firm level, ∆ is a two-year difference, s(j) is the state

of firm j, SA is the state of South Australia, and t is time.

∆ ln yjt = δs(j) + δt + β1{s(j) = SA, t = 2020}+ ϵjt (6.2)

The results are in Table 6.1. The identifying assumption is that there may be permanent

differences between South Australia and the rest of the Australian states in y, and there may

be differences over time in y, but the only difference between South Australia and the rest

of Australia which changed in fiscal year2 2019− 2020 was the change in payroll tax policy.

Under this assumption, the coefficient β is the impact on the growth of y due to the tax

change. A two-year difference is used, and the treatment period is fiscal year 2019 − 2020.

Both of these assumptions stem from the assumption that some degree of adjustment frictions

exist in reality, therefore directly comparing 2018− 2019 (when the policy was only in effect

for 6 months) to 2017 − 2018 might attenuate the results, but comparing 2019 − 2020 to

2017−2018 allows for sufficient adjustment. I estimate the equation separately for the subset

of firms with payroll between 1.5 and 1.7 million in 2018, and firms with payroll less than

2. Recall that an Australian fiscal year is July - July.
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Dependent Variables: ∆ ln(High Skill Ratio) ∆ ln(High Skill Ratio) ∆ ln(Employment) ∆ ln(Employment) ∆ ln(Skill Premium) ∆ ln(Skill Premium)
Model: (1) (2) (3) (4) (5) (6)

Variables
1{state = SA, time = 2020} 0.1483∗∗∗ -0.0010 -0.0339∗∗∗ 0.0175∗∗∗ -0.0673∗∗∗ 0.0038

(0.0124) (0.0044) (0.0063) (0.0039) (0.0057) (0.0035)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
state Yes Yes Yes Yes Yes Yes
Sample [1.5, 1.7] [0, 1] ∪ [2,∞) [1.5, 1.7] [0, 1] ∪ [2,∞) [1.5, 1.7] [0, 1] ∪ [2,∞)

Fit statistics
Observations 13,788 720,494 15,772 2,017,076 13,623 673,834
R2 0.01594 0.00302 0.00289 0.00026 0.00148 3.61× 10−5

Within R2 0.00045 1.3× 10−8 3.16× 10−5 6.75× 10−6 0.00011 1.41× 10−7

Clustered (state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 6.1: Results from difference-in-difference estimation

Note: The specification is in equation 6.2. The Sample row indicates the firm’s payroll in
2018, in millions of dollars, and the operator ∆ is a two-year difference.

1 million or more than 2 million. The first subset is designed to capture the set of firms

affected by the increase in marginal tax rates, under the assumption that these firms would

mostly operate around the same employment in 2020 if not for the policy change. The second

subset is designed to capture the set of firms that should not be affected by the marginal tax

increase, but which could be affected by the marginal tax decrease. I exclude the region of

firms with payrolls from 1 to 1.5 million or 1.7 to 2 million from either sample because it is

unclear how the policy might affect this subset, which teeters on the edge of being affected

by the marginal tax hike.

I start by considering the effect on the set of firms with 2017−2018 payrolls between $1.5

and $1.7 million, which saw an increase in their marginal tax rate. The results are reported

in columns 1, 3, and 5 in Table 6.1. In the first column of Table 6.1, I find an increase in the

average log skill ratio, in line with the prediction (i) above. In the third column, I verify that

these firms did decrease their total payroll. In the fifth column, I find that the skill premium

declined, also in line with prediction (i). Taken together, these results are in line with the

interpretation given by the model, that these firms chose to adjust their payroll downward

in response to the marginal tax hike, and in doing so they also adjusted their workforce
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composition, substituting towards a more skilled workforce, which is more cost-effective at

smaller scales.

Now I consider the effect of the policy on the firms with payrolls less than $1 million

or greater than $2 million. These effects of the tax change should be much weaker for this

group for two reasons. First, firms with payrolls of less than $650 thousand or more than

$1.7 million see no policy change, so the only effect on these firms comes from changes in

their production process which would otherwise move them into a treated region, and general

equilibrium effects, both of which should not be as strong as the direct effects for the above

subset of exclusively treated firms. Second, even for the firms with payrolls between $650

thousand and $1 million, the marginal tax decrease (5% to 0%) is much less significant than

then increases for the treated subset above (5% to 27%). As expected, in columns 2 and 4

I find null results for the skill ratio and skill premium, respectively. Additionally, in column

4, I find a muted but positive effect for total employment, in line with the prediction (ii).

One potential concern with the specification in equation 6.2 is the COVID pandemic

affecting Australia in early 2020. The time fixed effects control for uniform effects of the

pandemic nationally, so the only way for the pandemic to affect β would be if it differentially

affected South Australia, or if the pandemic interacted with the tax change. In these cases,

the coefficient would pick up the combined effect of the tax policy change, the region-specific

effects of COVID, and the interaction effect of COVID differentially affecting South Australia

due to the tax change. While further analysis into how the varied sectoral incidence of

the pandemic potentially translated into varied geographic incidence is warranted, it is not

obvious that the industrial composition of South Australia is different enough from the rest

of Australia to generate large effects. Thus, I do not view the pandemic as a significant

threat to the identification strategy.

While not the focus of this paper, these results speak to the concern that the distortive

effect of income taxation may be amplified in environments featuring monopsony, raised by
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Berger et al. [2024]. They point out that a progressive tax schedule causes firms to face a more

inelastic effective labor supply, and thus reduce employment. In an environment where firms

choose choose not only the scale of their workforce, but also the composition, changes in the

progressivity of the payroll tax schedule will have uneven impacts across worker types. When

scale and skill are inversely related at the firm level, as I find empirically, a more progressive

payroll tax schedule will decrease the wages of all workers, but high-skill workers will see

a more dramatic decline, as the within-firm skill premia will fall. The typical argument

for using progressive taxes is to reduce inequality between workers, and Storesletten et al.

[2020] use a framework with heterogeneous workers but a representative firm to clarify that a

planner should account for whether income differences are due to skill or residual inequality

when determining the progressivity of a tax. Accounting for differences in firm hiring across

skills reveals an additional motivation for progressive taxes for a utilitarian planner, in that

the progressivity will induce firms to stay smaller and lower their internal skill premia. I see

better understanding the effect of payroll taxes on earnings between workers as an interesting

avenue for future research.
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CHAPTER 7

QUANTITATIVE MODEL

Above, I established the empirical link between firm scale and skill composition, provided

a model to explain the cross-sectional and within-firm patterns, and provided evidence in

support of the model’s key assumptions. I now want to understand how the rising share of

educated workers in the Australian economy will affect the distributions of employment and

skill premia across firms. To do so, I now build a richer version of the model by allowing firms

to differ in the labor supply curves they face, in addition to TFP and SBP, and allowing for

an arbitrary distribution over firm-level parameters. First, I explain the model and define

equilibrium. Second, I show that within a restricted subset of the space of distributions,

I can invert the model to obtain the unique distribution which exactly matches the above

patterns of employment, skill ratio, and skill premia, by firm size in Australia. Finally, I

consider a counterfactual increase in the share of skilled labor in the aggregate economy and

examine the impact on the distributions of employment and earnings across firms.

7.1 Setup

Firms A measure M of firms operate. Each firm has total factor productivity parameter z,

skill-biased productivity parameter κ, and faces a labor supply shifters AL and AH . The pa-

rameters are jointly distributed according to measure G, so that
∫
(z,κ,AL,AH) dG(z, κ, AL, AH) =

M .

Workers A unit measure of workers earn labor income and profit income from owning the

firms. Share nL of workers are low skill, and nH = 1 − nL are high-skill. Each worker

supplies one unit of labor inelastically and has CES preferences over jobs, so solves the

following problem, where F is the distribution over wages and supply shifters A.
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max
n(w,A)

(∫
(wAn(w,A))

η
η+1 dF (w,A)

)η+1
η

1 =

∫
n(w,A)dF (w,A)

All workers earn the same profit income from an equal ownership share in all firms1.

Worker utility is increasing in goods, and there is no savings technology, so workers spend

their entire income on goods.

Technology Firms operate the same technology as in the simple model, in particular a con-

stant returns to scale technology which aggregates labor bundles2 according to an aggregator

with constant elasticity of substitution σ.

Y (z, κ, nL, nH) = zN(κ, nL, nH) (7.1)

N(κ, nL, nH) ≡
(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

(7.2)

All firms produce a homogeneous good which serves as the numeraire.

Labor Supply A firm with supply shifter Ai faces the following constant elasticity of sub-

stitution labor supply curve for type i.

1. It does not end up mattering how the profits are distributed across workers, as long as the profit
distribution does not affect labor supply decisions.

2. I abstract from capital for simplicity, so capital effects will show up through firm TFP, SBP, or labor
supply shifter in the model inversion. Integrating capital into this framework is interesting future work, as
the skill bias of capital is not clear. For example, Krusell et al. [2000] argue that capital is complementary to
skill, but Bloom et al. [2014] clarify that information tech improvements will increase the demand for low-skill
workers, whereas communication tech improvements will increase the demand for high-skill workers.
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ni(w) =

(
Aiw

Wi

)ηi
ni (7.3)

(7.4)

The appropriate wage indices are

Wi =

(∫
(Aiw)

ηidFi(w,Ai)

) 1
ηi (7.5)

where Fi is the joint distribution over wages and supply shifters A. In C.1 I derive the

above supply schedule from the worker problem, and in C.2 I explain how to augment the

microfoundations from A.2 to generate these supply curves in another way. The A shifters

are a means of explaining residual labor supplied to firms, and are useful for quantification

because they will allow an exact fit of the model to the data along the key dimensions of

firm scale, skill ratio, and skill premia. The economic motivation for including the A shifters

is that firms may differ in how they attract workers, holding constant the offered wage. One

reason could be amenities which are not captured in the wage, as discussed in detail by

Sorkin [2018]. Another potential reason is that firms differ in their search costs, so firms

which may post vacancies at a lower cost post more, and obtain more workers for any offered

wage3. I do not take a stand on the exact cause of the variation in A in the Australian

context, but believe unpacking this dimension of heterogeneity is interesting future work.

Optimality Firms maximize profits, so choose wages for each worker type to be a markdown
ηi

ηi+1 from marginal revenue productivity of labor. The optimality conditions are in C.3.

3. I posit a theory along these lines in C.4.
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Equilibrium The market equilibrium is the pair of functions of wages wi(z, κ, AL, AH) and

employment levels ni(z, κ, AL, AH) such that

(i) Given the wage indices implied by the wage functions and distribution of firms G, wage

wi(z, κ, AL, AH) implies labor quantity supplied ni(z, κ, AL, AH) for all firm types and

skill types

(ii) Given the wage indices implied by the wage functions and distribution of firms G, firm

(z, κ, AL, AH) optimally chooses wages wi(z, κ, AL, AH).

(iii) The goods market clears: Demand for goods by workers equals supply of goods by firms

The last condition will clear by Walras’ Law, and is trivial to see will hold when the

labor market clears: all firm income goes to either labor or profits, and this is exactly worker

income, so they will demand the quantity of goods which is supplied. Proving the existence

and uniqueness of an equilibrium is currently out of reach, as the optimality conditions

for the firm do not yield closed-form results which could potentially be used to reduce the

equilibrium to a pair of Hammerstein integral equations for the wage index, similarly to the

proof approach in Allen and Arkolakis [2014]. Nonetheless, every numerical simulation has

converged to a solution via a tatonnement process, and the solution has remained invariant

to the start value. I explain in more detail how to solve the model, below.

7.2 Calibration

Given parameters {ηL, ηH , nL, nH ,M, σ} and distribution G(z, κ, AL, AH) the equilibrium

of the model will imply a distribution of firm sizes, distribution of employment over firms,

distributions of skill ratios, distribution of earnings, and thus distribution of skill premia over

firms. The inverse problem is to find parameters and a distribution G which yield the above

outcomes that are observed in the data, in particular the distributions of firms and employ-

ment in Figure B.2, the college skill ratio in Figure B.3, the high school and college earnings
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in Figure B.4, and the skill premia in Figure B.5. The model is not non-parametrically

identified, as the dimension of G is larger than the dimension of the observed outcomes, so

I impose sufficiently restrictive parametric assumptions on G to recover identification.

There are potentially many ways to restrict the state space of G, so I suggest one which

admits simple inversion of model parameters4 5. In particular, I restrict the support of G to

only have n points, where n is the dimension of each set of statistics I wish to match. Then

each point in the support corresponds to a given firm measure, employment measure, skill

ratio, earnings for low-skill workers, and skill premium. I now detail the inversion.

The first step is to calibrate the parameters for labor supply elasticities, firm measure, and

elasticity of substitution between skill types in production6. I set ηL = 0.40 and ηH = 0.39

to match my estimates from above, and set M = 0.69 so that the average number of workers

per firm is ≈ 15, matching the data. I set σ = 2.2 as the midpoint of the range suggested

by Jerzmanowski and Tamura [2023].

I will use n = 10, so each of the employment bins from the empirical sections above

correspond to one of the mass points. Within each bin, I calculate the earnings of high-skill

4. In this empirical approach, of selecting and inverting a distribution of parameters to exactly match
a set of empirical moments of interest, I take motivation from the quantitative spatial literature, e.g. see
Ahlfeldt et al. [2015] and Rosenthal-Kay [2024] for urban settings, Allen and Arkolakis [2014] for a trade
setting, Monte et al. [2018], Sarte et al. [2014] for a regional setting, Monte et al. [2018] for a setting with
regional trade and commuting, Allen and Arkolakis [2022] for a setting with transportation infrastructure,
and Redding and Rossi-Hansberg [2017] for a review of this class of models. The unifying theme is that these
models contain enough free parameters to exactly match a large number of moments across space. Similarly,
I include enough points in the support of G, and include the supply shifters A, to exactly match moments
across the firm size distribution.

5. In Appendix D I consider a variation of the present model allowing for firm dynamics in TFP, and
entry and exit. This variation of the model then requires not directly calibrating the distribution of firms,
but calibrating the distribution of entering firms, and the stochastic process firms face. In Appendix E I
additionally consider microfounding the upward-sloping labor supplies with worker search. This variation
then requires additionally calibrating the parameters governing worker and firm search. In ongoing work I
am utilizing these extended models to think about how worker and firm dynamics are impacted by changes
in the distributions of worker skills or firm skill-biased productivities.

6. The skill shares ni will be pinned down by the distribution of total employment and skill ratios below.
This approach for calculating the skill shares yields nL = 0.39, which is slightly different than the 0.41
measure from directly looking at the share of workers in the sample, due to some bias from averaging across
logs.
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workers using the earnings of low-skill workers and scaling by the skill premium. I could

directly use the earnings of high-skill workers instead, and infer the skill premium in each

bin, but I want to target the average skill premium for a firm in each bin, not just the average

skill premium in the bin. In practice these two approaches do not differ much. I calculate

the number of workers of each type employed using the total number of workers employed,

nL + nH , and the skill ratio, nH
nL

, as

nL =
nL + nH
1 + nH

nL

(7.6)

nH =
(nL + nH)nHnL

1 + nH
nL

(7.7)

In this step I also calculate the skill share using the employment levels in each bin and

the share of firms in each bin: ni =
∫
ni(z, κ, AL, AH)dG(z, κ, AL, AH). Note that, because

I have restricted the state space and the data give the firm distribution, I do not need to

know what the (z, κ, AL, AH) are at each point for the previous calculation, as I only need

to know the distribution and the employment levels.

I can now find the labor supply shifters, Ai. The supply equations link earnings, employ-

ment levels, the distribution of employment, all pieces that have already been computed,

with A, so I find the A for each firm that satisfies the supply equations. In principle, this

would require solving a nonlinear system of equations, as the wage index depends on the A

choice, but A is only determined up to scale, so I pick the scale of A that makes the wage

index 1, and solve for A as

A =
(n
n

) 1
η 1

w
(7.8)
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The final part of the inversion is the only step where the parameters cannot be recovered

in closed-form from the data. To obtain TFP and SBP at each point, I solve for the (z, κ)

which are consistent with the firm’s optimality conditions, given the levels of employment

and A calculated above. The equations at each point are7

z
(nL
N

)− 1
σ
=

ηL + 1

ηL

(
nL
nL

) 1
ηL WL

AL
(7.9)

zκ
σ−1
σ

(nH
N

)− 1
σ
=

ηH + 1

ηH

(
nH
nH

) 1
ηH WH

AH
(7.10)

N =

(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

(7.11)

7.3 Inversion Results

I present the results of the inversion. In Figure 7.1 I show the recovered labor supply shifters

for each skill type. The Ai are monotonically increasing and fairly similar between types,

though larger firms see slightly higher levels of relative high-skill supply than small firms.

The reason for this positive relationship is that the labor supply elasticities and the difference

in earnings between large and small firms is not enough to justify their massive differences in

employment, alone. By imposing that labor supply for both worker types is highly inelastic,

I am forced to infer that the supply shifters are largely responsible for the differences in

employment between firms. Assuming larger values for ηi dampens the gradient in lnAi,

because then the supply elasticity is able to generate more responsive employment to the

earnings differences.

More interesting to note than the A patterns are the z and κ patterns in Figures 7.2 and

7.3. Small firms tend to have low TFP but high SBP, but medium-sized firms have higher

TFP and lower SBP. Therefore, while medium-sized firms are more productive in general,

7. I include the Wi for completeness, but recall the normalization of A above implies Wi = 1.
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Figure 7.1: Recovered (log) labor supply shifters A by equilibrium firm size and worker type

Figure 7.2: Recovered (log) total factor productivity z by equilibrium firm size and worker
type

which allows them to become larger, the smallest firms are better at using high-skill labor,

so they employ a higher skill ratio. The high-skill workers at small firms are not paid larger

skill premia, however, as the TFP in these firms is small, so the difference in productivity

between low- and high-skill workers is not as amplified. While the medium-sized firms have

lower SBP, their higher TFP is enough to amplify worker differences and lead to a higher

skill premium than in the small firms.

The comparison between medium-sized firms and large firms is most striking, and is

consistent with the notion that the largest firms are not simply the most productive, but

the most productive with high-skill labor. While the largest firms do not have noticeably

higher TFP, and in fact the absolute largest firms with 2000+ workers have lower TFP than
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Figure 7.3: Recovered (log) skill-biased productivity κ by equilibrium firm size and worker
type

slightly small firms, they do have higher SBP. This higher SBP is a force toward employing

a higher skill ratio, and for the large firms this force dominates the force toward a lower skill

ratio which comes from increases in TFP.

The above insights paint a novel picture of how firm size and productivity are related:

medium-sized firms are more productive than small firms in a general sense, but large firms

are not more productive than medium-sized firms in a general sense, but only more productive

in using high-skill labor. An implication of this result is that it is potentially possible to

understand the heterogeneity in firm growth rates noted by Luttmer [2011] in the context

of firms having permanent differences in SBP, but facing stochastic TFP. Firms with small

SBP may only choose to enter if they have sufficiently high TFP, and these firms will tend

to stay medium-to-small for their entire lifetime. In contrast, firms with high SBP may be

willing to enter even with low TFP, and when their TFP grows they also grow to become

large firms, as their high level of SBP supercharges the TFP growth. This also gives some

potential context to the findings of Hurst and Pugsley [2011] that many small businesses

never grow. If an entrepreneur wishes to enter a market, but they are not effective at using

high-skilled labor, then they may choose to never scale beyond being medium-sized.
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7.4 Counterfactual: Skilling Up the Workforce

The share of the Australian population with a bachelor’s degree or higher increased from 24%

in 2011 to 30% in 2020. This rise in high-skill supply, holding fixed technological changes,

should lead to changes in the distribution of employment across firms, as firms which are

particularly adept at utilizing high-skill labor will hire more, and also choose to scale up

their operations by hiring more low-skill labor. To quantify the magnitude of these effects, I

consider an increase in the share of high-skill workers from 39% to 50%, a not unreasonable

projection for what the educated share of the workforce might be in Australia the next few

decades.

Mechanically, I raise nL from 0.39 to 0.5, then solve the new parameterization of the

model, not changing any of the other parameters nor the firm distribution across (z, κ, AL, AH)

from the inverted values found above. This change in ni means that the supply of high-skill

workers has increased, and the supply of low skill workers has decreased. As explained in the

introduction, these forces have competing effects. On one hand, the adundance of high-skill

labor will make firms want to scale up total employment, but on the other hand the scarcity

of low-skill labor will make firms want to scale down. A firm’s SBP will determine whether

the combined effects lead to a net reduction in marginal costs, so the firm scales up, or net

increase in marginal costs, which will cause the firm to descale. The results in Figures 7.4

and 7.5 are then unsurprising: employment moves toward the firms with the relatively larger

κ, and those are the smallest and largest firms. The results are quite large within firms, as

documented in 7.4 with the smallest firms increasing employment by 2%, the largest firms

increasing employment by 3%, and some medium-sized firms seeing employment declines of

5%. In Figure 7.5 I instead consider how total employment in each bin changes, and find

that 0.4% of employment moves toward the smallest firms, and 0.9% of employment moves

toward the largest firms (1000+ employees).

The skill shift increases average earnings for both skill types, decreases skill premia
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Figure 7.4: Change in log employment within each firm by baseline firm size, following
increase in high-skill share of labor force

Figure 7.5: Change in share of total employment within each firm size bin, following increase
in high-skill share of labor force
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Figure 7.6: Change in log earnings within each firm by baseline firm size and skill type,
following increase in high-skill share of labor force.

within all firms, but increases the aggregate skill premium. The first result occurs because

the addition of high-skill workers and removal of low-skill workers is not zero-sum; with

more high-skilled workers, the productive capacity of the economy has increased. Some of

these gains accrue to high-skill labor, and some accrue to low-skill labor who are now more

marginally productive, and the remainder of the gains are firm profits. The decrease in

skill premia within every firm is also not surprising, and follows from the simple economic

logic that the supply curves facing the firm for low- and high-skill labor shift in opposite

directions, so the relative cost of high skill labor falls, as in Katz and Murphy [1992]. I

display the changes in earnings by firm size, broken by skill, in Figure 7.6.

The rise in the aggregate skill premium is surprising, given the fall in skill premia within

every firm. The key is that the distributions of low- and high-skill labor across firms are

not the same, and the magnitudes of earnings vary across firms. Firms which tend to

employ more high-skill workers in the baseline see larger absolute gains in earnings in the

counterfactual. Additionally, firms which see the largest rise in employment (by all skill

types) have the largest difference between low- and high-skill wages in absolute terms in the

baseline. Lastly, there is an interaction term, in that the firms which see the largest increases

in employment also see the largest increases in wages. These statements can be made precise

in the following decomposition of changes in the aggregate wage for skill type i
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where i indexes a firm type. The decompositions for change in earnings by each labor type

are as follows, in annual Australian dollars

101︸︷︷︸
agg L(100%)

= 71︸︷︷︸
wage L(70%)

+ 27︸︷︷︸
distribution L(27%)

+ 4︸︷︷︸
interaction L(4%)

(7.13)

187︸︷︷︸
agg H(100%)

= 133︸︷︷︸
wage H(71%)

+ 51︸︷︷︸
distribution H(27%)

+ 4︸︷︷︸
interaction H(2%)

(7.14)

The decomposition indicates that the majority of earnings gains comes from increases in

worker earnings at firms which employ more workers, one-quarter of the gains come from

workers reallocating towards firms which pay more, and a tiny contribution is due to the

firms with the largest earnings increases gaining workers. The aggregate growth in earnings

for high-skill workers is 0.3%, and the growth for low-skill workers is 0.2%, hence the skill

premium rises by 0.1%.

The rise in aggregate skill premium in response to an increase in high-skill share of

workers means the economy exhibits a notion of what Acemoglu [2007] terms “strong absolute

equilibrium" skill bias. The original idea is that productivity of factors responds to changes

in the supplies of factors, through changes in technological innovation decisions, and that

if the responses are strong enough, an increase in supply of a factor leads to an increase

in its price. In the present model, the increase in the relative average wage of high-skill

workers in response to their increase in supply occurs because supply changes affect labor

demand differently across the distribution of firms. Firms which have higher skill-biased
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productivity react by scaling up their employment of all worker types, and this increases the

average earnings of high-skill workers more than low-skill workers, because these same firms

tend to pay higher skill premia. The theoretical result that an increase in skill may induce

enough reallocation of labor to generate an increase in the skill premium is interesting in

its own right, but the above empirical exercise documenting that such an outcome could

plausibly occur in Australia in coming decades provides an even more pressing motivation

for the present study.
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CHAPTER 8

CONCLUSION

I have argued empirically and theoretically that the distribution of worker skill impacts the

distribution of firm sizes. Empirically, small and large firms tend to be the most skilled, but

this is entirely due to fundamental firm differences: within a firm, growth is associated with

deskilling. I provided a simple model to make sense of these findings, wherein firms differ

in both total factor productivity (TFP) and skill-biased productivity (SBP), and dynamics

in TFP generate the within-firm negative relationship between size and skill, but the distri-

bution of SBP across firms may generate a positive relationship. I supported the model’s

assumptions by estimating labor supply elasticities, which I found to be qualitatively in line

with what the theory required. I made use of a natural policy experiment to support the

predictions of the model. Finally, I quantified an augmented version of the model to infer the

distribution of TFP and SBP across firm sizes, and found that the key difference between

small and medium-sized firms is TFP, but the key difference between medium-sized and large

firms is SBP. I used the quantitative model to predict what the effect of rising education

shares in the Australian workforce may mean for the distribution of employment and earn-

ings across firms. I found that employment and earnings increase for the firms with highest

SBP, leading to 1% of employment shifting toward large firms and an aggregate increase in

the skill premium, despite decreases in skill premia within each firm.

The labor market is rapidly evolving to adapt to technological change. Workers are

becoming more educated, and innovations in information, communications, and technology

(ICT), including the ascent of artifical intelligence (AI) are changing the productive potential

of workers and firms. These advancements will no doubt alter both the skill supply of workers

and the labor demand for workers across firms. By demonstrating the link between firm size

and skill composition, I have clarified that we should expect the impact of these technologies

on the productive potential of workers to impact the concentration of workers across firms.
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But I have only scratched the surface, and I look forward to continued work improving our

understanding of how changes in the skill composition of workers, and the technological

capacities of firms, will impact the distributions of employment and earnings.

52



REFERENCES

John M Abowd, Francis Kramarz, and David N Margolis. High wage workers and high wage
firms. Econometrica, 67(2):251–333, 1999.

Daron Acemoglu. Good jobs versus bad jobs. Journal of labor Economics, 19(1):1–21, 2001.

Daron Acemoglu. Technical change, inequality, and the labor market. Journal of economic
literature, 40(1):7–72, 2002.

Daron Acemoglu. Patterns of skill premia. The Review of Economic Studies, 70(2):199–230,
2003.

Daron Acemoglu. Equilibrium bias of technology. Econometrica, 75(5):1371–1409, 2007.

Daron Acemoglu and David Autor. Skills, tasks and technologies: Implications for employ-
ment and earnings. In Handbook of labor economics, volume 4, pages 1043–1171. Elsevier,
2011.

Daron Acemoglu and William B Hawkins. Search with multi-worker firms. Theoretical
Economics, 9(3):583–628, 2014.

Daron Acemoglu and Pascual Restrepo. Tasks, automation, and the rise in us wage inequal-
ity. Econometrica, 90(5):1973–2016, 2022.

Daniel Ackerberg, Kevin Caves, and Garth Frazer. Identification properties of recent pro-
duction function estimators. Econometrica, 83(6):2411 – 2451, 2015.

Gabriel M Ahlfeldt, Stephen J Redding, Daniel M Sturm, and Nikolaus Wolf. The economics
of density: Evidence from the berlin wall. Econometrica, 83(6):2127–2189, 2015.

Ufuk Akcigit and Sina Ates. What happened to u.s. business dynamism. Journal of Political
Economy, forthcoming.

Ufuk Akcigit and Sina T Ates. Ten facts on declining business dynamism and lessons from
endogenous growth theory. American Economic Journal: Macroeconomics, 13(1):257–298,
2021.

Treb Allen and Costas Arkolakis. Trade and the topography of the spatial economy. The
Quarterly Journal of Economics, 129(3):1085–1140, 2014.

Treb Allen and Costas Arkolakis. The welfare effects of transportation infrastructure im-
provements. The Review of Economic Studies, 89(6):2911–2957, 2022.

Simon P Anderson, André De Palma, and Jacques-Francois Thisse. The ces is a discrete
choice model? Economics Letters, 24(2):139–140, 1987.

Dan Andrews and David Hansell. Productivity-enhancing labour reallocation in australia.
WP, 2021.

53



Dan Andrews, Chiara Criscuolo, and Peter Gal. The best versus the rest: Divergence across
firms during the global productivity slowdown. WP, 2019a.

Dan Andrews, Nathan Deutscher, Jonathan Hambur, and David Hansell. Wage growth
in australia: Lessons from longitudinal microdata. Technical report, Treasury Working
Paper, 2019b.

Dan Andrews, Nathan Deutscher, Jonathan Hambur, and David Hansell. Wage growth in
australia: Lessons from longitudinal microdata. WP, 2019c.

Dan Andrews, Jack Buckley, and Rachel Lee. A counterproductive tax cut? how size-based
payroll taxes can create a roadblock to firm growth. Micro Note 23, e61 Institute, August
2024. URL https://e61.in/wp-content/uploads/2024/08/A_Counterproductive_T
ax_Cut_.pdf. Accessed: 2024-10-10.

Australian Bureau of Statistics. Australian and new zealand standard industrial classification
(anzsic), 2006 (revision 2.0), 2006. URL https://www.abs.gov.au/statistics/clas
sifications/australian-and-new-zealand-standard-industrial-classificatio
n-anzsic/2006-revision-2-0/nature-and-objectives-classification. Accessed:
2024-10-10.

Australian Bureau of Statistics. Business activity statements, business income taxation
forms, pay-as-you-go statements, australian business register. Technical report, Findings
based on use of BLADE data 2011 - 2020, accessed 2024, 2024a.

Australian Bureau of Statistics. 2016 census, pay-as-you-go summaries, personal income tax
statements. Technical report, Findings based on use of PLIDA data 2011 - 2020, accessed
2024, 2024b.

David Autor, David Dorn, Lawrence F Katz, Christina Patterson, and John Van Reenen.
The fall of the labor share and the rise of superstar firms. The Quarterly Journal of
Economics, 135(2):645–709, 2020.

David Autor, Arindrajit Dube, and Annie McGrew. The unexpected compression: Competi-
tion at work in the low wage labor market. Technical report, National Bureau of Economic
Research, 2023a.

David Autor, Christina Patterson, and John Van Reenen. Local and national concentration
trends in jobs and sales: The role of structural transformation. Technical report, National
Bureau of Economic Research, 2023b.

Matej Bajgar, Giuseppe Berlingieri, Sara Calligaris, Chiara Criscuolo, and Jonathan Timmis.
Industry concentration in europe and north america. Industrial and Corporate Change,
page dtac059, 2023.

Simcha Barkai. Declining labor and capital shares. Journal of Finance, 75(5):2421 – 2463,
2020.

54

https://e61.in/wp-content/uploads/2024/08/A_Counterproductive_Tax_Cut_.pdf
https://e61.in/wp-content/uploads/2024/08/A_Counterproductive_Tax_Cut_.pdf
https://www.abs.gov.au/statistics/classifications/australian-and-new-zealand-standard-industrial-classification-anzsic/2006-revision-2-0/nature-and-objectives-classification
https://www.abs.gov.au/statistics/classifications/australian-and-new-zealand-standard-industrial-classification-anzsic/2006-revision-2-0/nature-and-objectives-classification
https://www.abs.gov.au/statistics/classifications/australian-and-new-zealand-standard-industrial-classification-anzsic/2006-revision-2-0/nature-and-objectives-classification


Ihsaan Bassier, Arindrajit Dube, and Suresh Naidu. Monopsony in movers: The elasticity
of labor supply to firm wage policies. Journal of Human Resources, 57(S):S50–s86, 2022.

Gary S Becker. A theory of marriage: Part i. Journal of Political economy, 81(4):813–846,
1973.

David Berger, Kyle Herkenhoff, and Simon Mongey. Labor market power. American Eco-
nomic Review, 112(4):1147–1193, 2022.

David Berger, Kyle Herkenhoff, Simon Mongey, and Negin Mousavi. Monopsony amplifies
distortions from progressive taxes. In AEA Papers and Proceedings, volume 114, pages
555–560. American Economic Association 2014 Broadway, Suite 305, Nashville, TN 37203,
2024.

Adrien Bilal and Hugo Lhuillier. Outsourcing, inequality and aggregate output. Technical
report, National Bureau of Economic Research, 2021.

Adrien Bilal, Niklas Engbom, Simon Mongey, and Giovanni L Violante. Firm and worker
dynamics in a frictional labor market. Econometrica, 90(4):1425–1462, 2022.

Adrien Bilal, Niklas Engbom, Simon Mongey, and Giovanni Violante. Labor market dynam-
ics when ideas are harder to find. Handbook of Creative Destruction, forthcoming.

Nicholas Bloom, Luis Garicano, Raffaella Sadun, and John Van Reenen. The distinct effects
of information technology and communication technology on firm organization. Manage-
ment Science, 60(12):2859–2885, 2014.

Nicholas Bloom, Fatih Guvenen, Benjamin S Smith, Jae Song, and Till von Wachter. The
disappearing large-firm wage premium. In AEA Papers and Proceedings, volume 108,
pages 317–322. American Economic Association 2014 Broadway, Suite 305, Nashville, TN
37203, 2018.

Job Boerma, Aleh Tsyvinski, and Alexander P Zimin. Sorting with team formation. Technical
report, National Bureau of Economic Research, 2021.

Stephane Bonhomme, Thibaut Lamadon, and Elena Manresa. A distributional framework
for matched employer employee data. Econometrica, 87(3):699 – 739, 2019.

Stephane Bonhomme, Kerstin Holzheu, Thibaut Lamadon, Elena Manresa, Magne Mogstad,
and Bradley Seltzer. How much should we trust estimates of firm effects and worker
sorting? Journal of Labor Economics, 41(2):699 – 739, 2023.

Katarına Borovicková and Robert Shimer. Assortative matching and wages: The role of
selection. 2024.

Charles Brown and James Medoff. The employer size-wage effect. Journal of political Econ-
omy, 97(5):1027–1059, 1989.

55



Johannes Brumm and Simon Scheidegger. Using adaptive sparse grids to solve high-
dimensional dynamic models. Econometrica, 85(5):1575–1612, 2017.

Carter Bryson. Declining business dynamism and worker mobility. WP, 2022.

Jack Buckley. Productivity in motion: The role of job switching. Micro Note 14, e61
Institute, November 2023. URL https://e61.in/wp-content/uploads/2023/11/Produ
ctivity-in-motion-the-role-of-job-switching.pdf. Accessed: 2024-10-10.

Kenneth Burdett and Dale Mortensen. Wage differentials, employer size, and unemployment.
International Economic Review, pages 257–273, 1998.

Pierre Cahuc, Fabien Postel-Vinay, and Jean-Marc Robin. Wage bargaining with on-the-job
search: Theory and evidence. Econometrica, 74(2):323–364, 2006.

Santiago Caicedo, Robert Lucas, and Esteban Rossi-Hansberg. Learning, career paths, and
the distribution of wages. American Economic Journal: Macroeconomics, 11(1):49–88,
2019.

Lorenzo Caliendo and Esteban Rossi-Hansberg. The impact of trade on organization and
productivity. The quarterly journal of economics, 127(3):1393–1467, 2012.

Lorenzo Caliendo, Ferdinando Monte, and Esteban Rossi-Hansberg. The anatomy of french
production hierarchies. Journal of Political Economy, 123(4):809–852, 2015.

Lorenzo Caliendo, Giordano Mion, Luca David Opromolla, and Esteban Rossi-Hansberg.
Productivity and organization in portuguese firms. Journal of Political Economy, 128
(11):4211–4257, 2020.

David Card, Jörg Heining, and Patrick Kline. Workplace heterogeneity and the rise of west
german wage inequality. The Quarterly journal of economics, 128(3):967–1015, 2013.

Melvyn Coles and Dale Mortensen. Equilibrium labor turnover, firm growth, and unemploy-
ment. Econometrica, 84(1):347 – 363, 2016.

Steven Davis and John Haltiwanger. Labor market fluidity and economic performance.
Technical report, National Bureau of Economic Research, 2014.

Steven Davis, John Haltiwanger, Ron Jarmin, and Javier Miranda. Volatility and dispersion
in business growth rates: Publicly traded versus privately held firms. NBER Macroeco-
nomics Annual, 21, 2006.

Steven Davis, Jason Faberman, and John Haltiwanger. The establishment-level behavior of
vacancies and hiring. The Quarterly Journal of Economics, 128(2):581–622, 2013.

Steven J Davis and John Haltiwanger. On the driving forces behind cyclical movements in
employment and job reallocation. American Economic Review, 89(5):1234–1258, 1999.

56

https://e61.in/wp-content/uploads/2023/11/Productivity-in-motion-the-role-of-job-switching.pdf
https://e61.in/wp-content/uploads/2023/11/Productivity-in-motion-the-role-of-job-switching.pdf


Jan De Loecker and Frederic Warzynski. Markups and firm-level export status. The Amer-
ican Economic Review, 102(6):2437 – 2471, 2012.

Shubhdeep Deb, Jan Eeckhout, Aseem Patel, and Lawrence Warren. Market power and
wage inequality. Technical report, IFS Working Papers, 2022.

Nathan Deutscher. Job-to-job transitions and the wages of Australian workers. Number
2019-07. Treasury Working Paper, 2019.

Jan Eeckhout and Philipp Kircher. Assortative matching with large firms. Econometrica,
86(1):85–132, 2018.

Jan Eeckhout and Roberto Pinheiro. Diverse organizations and the competition for talent.
International Economic Review, 55(3):625–664, 2014.

Lukas Freund. Superstar teams. Technical report, Tech. rep., Cambridge University, 2024.

Luis Garicano. Hierarchies and the organization of knowledge in production. Journal of
political economy, 108(5):874–904, 2000.

Luis Garicano and Esteban Rossi-Hansberg. Inequality and the organization of knowledge.
American Economic Review, 94(2):197–202, 2004.

Luis Garicano and Esteban Rossi-Hansberg. Organization and inequality in a knowledge
economy. The Quarterly journal of economics, 121(4):1383–1435, 2006.

Luis Garicano, Claire Lelarge, and John Van Reenen. Firm size distortions and the produc-
tivity distribution: Evidence from france. American Economic Review, 106(11):3439–3479,
2016.

John Gibson and Steven Stillman. Why do big firms pay higher wages? evidence from an
international database. The Review of Economics and Statistics, 91(1):213–218, 2009.

Émilien Gouin-Bonenfant. Productivity dispersion, between-firm competition, and the labor
share. Econometrica, 90(6):2755–2793, 2022.

John Grigsby. Skill heterogeneity and aggregate labor market dynamics. WP, 2022.

Andreas Gulyas. Firm dynamics with labor market sorting. Technical report, University of
Bonn and University of Mannheim, Germany, 2020.

Marshall Hall and Nicolaus Tideman. Measures of concentration. Journal of the American
Statistical Association, 62(317):162 – 168, 1967.

John Haltiwanger, Julia Lane, and James Spletzer. Productivity differences across employers:
The roles of employer size, age, and human capital. American Economic Review, 89(2):
94–98, 1999.

57



John Haltiwanger, Henry Hyatt, and Erika McEntarfer. Who moves up the job ladder?
Journal of Labor Economics, 36(S1):S301–S336, 2018.

John Haltiwanger, Henry Hyatt, and James Spletzer. Industries, mega firms, and increasing
inequality. WP, 2022.

Jonathan Hambur. Did labour market concentration lower wages growth pre-COVID? Num-
ber 2023-01. Treasury Working Paper, 2023.

Kyle Herkenhoff, Jeremy Lise, Guido Menzio, and Gordon M Phillips. Production and
learning in teams. Econometrica, 92(2):467–504, 2024.

Boris Hirsch, Elke J Jahn, Alan Manning, and Michael Oberfichtner. The wage elasticity of
recruitment. 2022.

Hannah J Hogben, Matthew Krzystyniak, Gareth TP Charnock, Peter J Hore, and Ilya
Kuprov. Spinach–a software library for simulation of spin dynamics in large spin systems.
Journal of Magnetic Resonance, 208(2):179–194, 2011.

Hugo A Hopenhayn. Entry, exit, and firm dynamics in long run equilibrium. Econometrica:
Journal of the Econometric Society, pages 1127–1150, 1992.

Arthur J Hosios. On the efficiency of matching and related models of search and unemploy-
ment. The Review of Economic Studies, 57(2):279–298, 1990.

Chang-Tai Hsieh and Esteban Rossi-Hansberg. The industrial revolution in services. Journal
of Political Economy Macroeconomics, 1(1):3–42, 2023.

Erik Hurst and Benjamin Wild Pugsley. What do small businesses do? Technical report,
National Bureau of Economic Research, 2011.

Gregor Jarosch, Jan Sebastian Nimczik, and Isaac Sorkin. Granular search, market structure,
and wages. Review of Economic Studies, page rdae004, 2024.

Michal Jerzmanowski and Robert Tamura. Aggregate elasticity of substitution between skills:
estimates from a macroeconomic approach. Macroeconomic Dynamics, 27(6):1597–1627,
2023.

Greg Kaplan, Giani La Cava, and Tahlee Stone. Household economic inequality in australia.
Economic Record, 2018.

Lawrence F Katz and Kevin M Murphy. Changes in relative wages, 1963–1987: supply and
demand factors. The quarterly journal of economics, 107(1):35–78, 1992.

Matthias Kehrig and Nicolas Vincent. The micro-level anatomy of the labor share decline.
The Quarterly Journal of Economics, pages 1031 – 1087, 2021.

Nobuhiro Kiyotaki and Ricardo Lagos. A model of job and worker flows. Journal of political
Economy, 115(5):770–819, 2007.

58



Benny Kleinman. Wage inequality and the spatial expansion of firms. WP, 2023.

Benny Kleinman. Wage inequality and the spatial expansion of firms. 2024.

Per Krusell, Lee E Ohanian, José-Víctor Ríos-Rull, and Giovanni L Violante. Capital-skill
complementarity and inequality: A macroeconomic analysis. Econometrica, 68(5):1029–
1053, 2000.

Ilya Kuprov. Diagonalization-free implementation of spin relaxation theory for large spin
systems. Journal of Magnetic Resonance, 209(1):31–38, 2011.

Jeremy Lise and Fabien Postel-Vinay. Multidimensional skills, sorting, and human capital
accumulation. American Economic Review, 110(8):2328 – 2376, 2020.

Jeremy Lise and Jean-Marc Robin. The macrodynamics of sorting between workers and
firms. American Economic Review, 107(4):1104 – 1135, 2017.

Jeremy Lise, Costas Meghir, and Jean-Marc Robin. Matching, sorting and wages. Review
of Economic Dynamics, 19:63–87, 2016.

Robert Lucas. On the size distribution of business firms. The Bell Journal of Economics,
pages 508–523, 1978.

Erzo GJ Luttmer. On the mechanics of firm growth. The Review of Economic Studies, 78
(3):1042–1068, 2011.

Alan Manning. Monopsony in motion: Imperfect competition in labor markets. Princeton
University Press, 2013.

Sean McCrary. A job ladder model of firm, worker, and earnings dynamics. WP, 2022a.

Sean McCrary. A job ladder model of firm, worker, and earnings dynamics. Worker, and
Earnings Dynamics (November 4, 2022), 2022b.

Alisdair McKay and Christian Wolf. Optimal policy rule in hank. WP, 2022.

Marc J Melitz. The impact of trade on intra-industry reallocations and aggregate industry
productivity. econometrica, 71(6):1695–1725, 2003.

Marc J Melitz and Gianmarco IP Ottaviano. Market size, trade, and productivity. The
review of economic studies, 75(1):295–316, 2008.

Guido Menzio and Shouyang Shi. Efficient search on the job and the business cycle. Journal
of Political Economy, 119(3):468 – 510, 2011.

Matthias Mertens and Bernardo Mottironi. Do larger firms exert more market power?
markups and markdowns along the size distribution. Technical report, IWH-CompNet
Discussion Papers, 2023.

59



Matthias Mertens and Benjamin Schoefer. From labor to intermediates: Firm growth, input
substitution, and monopsony. Working Paper, 2024.

Benjamin Moll. Hopenhayn model in continuous time. Technical report, Princeton Univer-
sity, 2023. URL http://www.princeton.edu/~moll/HACTproject/option_simple.pdf.
This note translates the Hopenhayn (1992) model of firm dynamics, exit, and entry into
continuous time.

Benjamin Moll, Lukasz Rachel, and Pascual Restrepo. Uneven growth: automation’s impact
on income and wealth inequality. Econometrica, 90(6):2645–2683, 2022.

Ferdinando Monte, Stephen J Redding, and Esteban Rossi-Hansberg. Commuting, migra-
tion, and local employment elasticities. American Economic Review, 108(12):3855–3890,
2018.

Dale Mortensen and Christopher Pissarides. Job creation and job destruction in the theory
of unemployment. The Review of Economic Studies, 61(3):397 – 415, 1994.

Giuseppe Moscarini and Fabien Postel-Vinay. Stochastic search equilibrium. Review of
Economic Studies, 80(6):1545 – 1581, 2013.

Walter Y Oi and Todd L Idson. Firm size and wages. Handbook of labor economics, 3:
2165–2214, 1999.

G. Steven Olley and Ariel Pakes. The dynamics of productivity in the telecommunications
equipment industry. Econometrica, 64(6):1263 – 1297, 1996.

Serdar Ozkan, Jae Song, and Fatih Karahan. Anatomy of lifetime earnings inequality: Het-
erogeneity in job-ladder risk versus human capital. Journal of Political Economy Macroe-
conomics, 1(3), 2023.

Markus Poschke. The firm size distribution across countries and skill-biased change in en-
trepreneurial technology. American Economic Journal: Macroeconomics, 10(3):1–41, 2018.

Fabien Postel-Vinay and Jean-Marc Robin. Equilibrium wage dispersion with worker and
employer heterogeneity. Econometrica, 70(6):2295–2350, 2002.

Fabien Postel-Vinay and Helene Turon. On-the-job search, productivity shocks, and the
individual earnings process. International Economic Review, 51(3):599–629, 2010.

Stephen J Redding and Esteban Rossi-Hansberg. Quantitative spatial economics. Annual
Review of Economics, 9(1):21–58, 2017.

Kevin Rinz. Labor market concentration, earnings, and inequality. Journal of Human
Resources, 57(S):S251–S283, 2022.

Jean-Marc Robin. On the dynamics of unemployment and wage distributions. Econometrica,
79(5):1327 – 1355, 2011.

60

http://www.princeton.edu/~moll/HACTproject/option_simple.pdf


Richard Rogerson, Robert Shimer, and Randall Wright. Search-theoretic models of the labor
market: A survey. Journal of Economic Literature, 43:959 – 988, 2005.

Sherwin Rosen. Authority, control, and the distribution of earnings. The Bell Journal of
Economics, pages 311–323, 1982.

Jordan Rosenthal-Kay. Urban costs around the world. 2024.

Pierre-Daniel Sarte, Fernando Parro, Esteban Rossi-Hansberg, and Lorenzo Caliendo. The
impact of regional and sectoral productivity changes on the us economy. In 2014 Meeting
Papers, number 426. Society for Economic Dynamics, 2014.

Andreas Schaab and Allen Zhang. Dynamic programming in continuous time with adaptive
sparse grids. Available at SSRN 4125702, 2022.

Edouard Schaal. Uncertainty and unemployment. Econometrica, 85(6):1675 – 1721, 2017.

Robert Shimer. The cyclical behavior of equilibrium unemployment and vacancies. The
American Economic Review, 95(1):25 – 49, 2005.

Robert Shimer and Lones Smith. Assortative matching and search. Econometrica, 68(2):
343–369, 2000.

Jae Song, David J Price, Fatih Guvenen, Nicholas Bloom, and Till Von Wachter. Firming
up inequality. The Quarterly journal of economics, 134(1):1–50, 2019.

Isaac Sorkin. Ranking firms using revealed preference. The quarterly journal of economics,
133(3):1331–1393, 2018.

Martin Souchier. The pass-through of productivity shocks to wages and cyclical competition
for workers. Working Paper, 2023.

Kjetil Storesletten, Jonathan Heathcote, and Giovanni Violante. How should tax progres-
sivity respond to rising income inequality. Technical report, CEPR Discussion Papers,
2020.

Chad Syverson. Market structure and productivity: A concrete example. Journal of political
Economy, 112(6):1181–1222, 2004.

James Traina. Is aggregate market power increasing? production trends using financial
statements. Production Trends Using Financial Statements (February 8, 2018), 2018.

61



APPENDIX A

DETAILS FOR SIMPLE MODEL

As its name suggests, solving the simple model does not require complex machinery math-

ematically nor computationally. Nonetheless, I explain the full details required to solve for

an equilibrium in this section, and prove Proposition 1.

A.1 Labor Supply Microfoundation with CES

One microfoundation for the constant elasticity of substitution labor supply curves given is

that each worker has a unit of labor they spread across firms in order to maximize a CES

aggregate of earnings. Workers then take the distribution of wages F as given1 and solve2

W ≡ max
n(w)

(∫ ∞

0
(wn(w))

η
η+1 dF (w)

)η+1
η

1 =

∫ ∞

0
n(w)dF (w)

The first-order condition for the worker for wage w is

W
1

η+1w
η

η+1n(w)
− 1

η+1 = λ

where λ is the Lagrange multiplier for the total labor constraint. Multiplying both sides

by n(w) and integrating yields W = λ, so each worker’s labor supply curve is

1. I drop type subscripts here for clarity of notation.

2. Note that this form is different than the one used by Berger et al. [2022], which assume that workers
have CES disutility across firms. In contrast, I am assuming workers have CES utility across earnings at
firms.
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n(w) =
( w

W

)η
Using this condition in the definition of W yields

W =

(∫ ∞

0
wηdF (w)

) 1
η

There are n total workers, hence total labor supplied to a firm offering w is

n(w) =
( w

W

)η
n

A.2 Labor Supply Microfoundation with Continuous Choice

Along the same logic of Anderson et al. [1987], which showed that that CES and one form of

discrete choice problem yield the same demand, it is possible to view choosing an employer as

a discrete choice problem and yield the same CES supplies as above. Rather than assuming a

measure of n of representative workers that each supply a distribution labor across all firms,

assume each worker selects a single firm to supply their unit of labor, and has idiosyncratic

preferences across firms. In particular, suppose a worker receives utility wϵ from working

at firm offering w, where ϵ is independent and identically distributed Frechet(η). Then the

probability of selecting any given firm offering w is

n(w) =
wη∫

(w′)ηdF (w′)
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This is the same as the labor supply curves in the previous section3.

A.3 Firm Optimality

The problem of firm (z, κ) is

max
ni

z

(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

−
∑

i∈{L,H}

(
ni
ni

) 1
ηi
Wini

The first-order condition for employment of each worker type is

zN
1
σn

− 1
σ

L =
ηL + 1

ηL

(
nL
nL

) 1
ηL

WL (A.1)

zN
1
σκ

σ−1
σ n

− 1
σ

H =
ηH + 1

ηH

(
nH
nH

) 1
ηH

WH (A.2)

These conditions may be combined with the definition of the labor supply curves to relate

firm-level employment to skill premia, as

wH(z, κ)

wL(z, κ)
=

ηH
ηH+1
ηH

ηH+1

κ
σ−1
σ

(
nH(z, κ)

nL(z, κ)

)− 1
σ

(A.3)

This condition says that optimizing firms’ skill premia are entirely determined by their

skill ratio and SBP κ. Note, however, that when ηL > ηH , firms will decrease their skill ratio

as they change their scale of operation (say due to TFP shocks), and thus increase their skill

premia.

3. Again, this form is different than the one offered by Berger et al. [2022]. They assume that workers
face a choice problem across firms, but conditional on a firm work more or less to obtain a given level of
earnings. Instead, I assume workers face a choice problem across firms, but always provide a single unit of
labor, conditional on selecting a firm.
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A.4 Solving for Equilibrium

Finding the equilibrium requires finding the set of wages, employment levels, and distribution

of firms that is consistent with the labor supply schedules, labor demand induced by firm

optimality, the given shares of firms across κ, and the flow of firms between z.

The distribution of firms is exogenous, so easiest to start with. The measure of firms in

state (z, κ) is the product of the share of firms in z and κ in the stationary distribution. The

share of firms with κL is sL and therefore the share of firms with κH is sH = 1 − sL. The

stationary distribution of firms across z, call it h, satisfies the stationary KF equation and

the requirement of being a proper distribution

0 = ḣ =

−λH λL

λH −λL

h

1 =
∑

i∈{L,H}
hi

The solution is

hL

hH

 =

 λL
λL+λH
λH

λL+λH


Next, the labor supply curves provide closed-form mappings from wages to labor quan-

tities, given the firm distributions from above, hence for any guess of wages I can calculate

the implied labor supplied.

Lastly, I check that the labor supplied is consistent with the labor demanded given by

the firm optimality conditions.

The full algorithm for solving the model is
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(I) Calculate the exogenous distribution of firms over (z, κ), where state (zi, κj) has mea-

sure si
λj

λL+λH
.

(II) Using a nonlinear equation solver, find the set of wages w(z, κ) that clear all labor

markets

(i) Guess wi(z, κ)

(ii) Compute the wage indices Wi

(iii) Compute labor quantities supplied ni(z, κ) =
(
wi(z,κ)
Wi

)ηi
.

(iv) Compute the residual demand equations by using ni(z, κ) in the firm optimality

conditions (C.1) and (C.2).

A.5 Proof of Proposition 1

Proof. (i) Note that in the limiting case the optimality conditions are

z =
ηL + 1

ηL

(
nL
nL

) 1
ηL

WL

zκ =
ηH + 1

ηH

(
nH
nH

) 1
ηH

WH

(a) The optimality conditions imply nL is invariant to κ, and nH is increasing in κ,

therefore N = nL + κnH increases.

(b) From above, nH is increasing but nL is constant, hence nH
nL

is increasing.

(c) The skill premium is

wH

wL
=

ηH
ηH+1
ηL

ηL+1

κ
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Therefore increases in κ increase the skill premium (note that z does nothing in

this limit case).

(d) The optimality conditions imply that both labor types should increase with z, thus

N increases.

(e) The optimality conditions imply the following relationships

d lnnL
d ln z

= ηL > ηH =
d lnnH
d ln z

Therefore nH
nL

is decreasing in z.

(ii) The optimality conditions are compositions of functions which are continuous in σ,

provided the indeterminate case σ = 1 is allowed to be the natural Cobb-Douglas

limit. Therefore the equilibrium ni are continuous functions of σ, and the comparative

static results are also continuous in σ. Therefore, given the results for the σ → ∞

case, it must be that there is a σ sufficiently large that the above results hold, as they

all refer to signs of comparative statics, so breaking any of the results would require

discontinuity.

(f) The skill premium within a firm is

wH

wL
=

γH
ηH+1
ηL

ηL+1

κ
σ−1
σ

(
nH
nL

)− 1
σ

From above, the skill ratio is falling in z, thus the skill premium is rising. Note

that this result holds for any σ ∈ (0,∞), thus it is possible to maintain a large

enough σ that all the above results go through, as argued above, but still generate

this result.
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A.6 Adding Payroll Taxes

Accounting for the payroll tax, the problem of firm (z, κ) is

max
ni

z

(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

−
∑

i∈{L,H}

(
ni
ni

) 1
ηi
Wini − T

 ∑
i∈{L,H}

(
ni
ni

) 1
ηi
Wini


The first-order condition for employment of each worker type is

zN
1
σn

− 1
σ

L =
ηL + 1

ηL

(
nL
nL

) 1
ηL

WL

1 + T ′

 ∑
i∈{L,H}

(
ni
ni

) 1
ηi
Wini

 (A.4)

zN
1
σκ

σ−1
σ n

− 1
σ

H =
ηH + 1

ηH

(
nH
nH

) 1
ηH

WH

1 + T ′

 ∑
i∈{L,H}

(
ni
ni

) 1
ηi
Wini

 (A.5)

When the first-order conditions are sufficient for optimality, equation A.3 from above

holds as is, because the payroll tax is on the entire wage bill, therefore, conditional on a

given set of relative wages, the payroll tax does nothing to skew hiring toward either skill

type. However, the payroll does increase the cost of operating at a larger scale, assuming

T ′ ≥ 0 globally, and firms make scale and composition decisions jointly, so firms will adjust

their skill composition. Intuitively, suppose an economy where T = 0, but then a new tax

schedule is introduced satisfying T ′ > 0, T ′′ > 0. For any given set of wage indices Wi, all

firms will see their marginal costs increase and scale back hiring of both labor types. The

higher elasticity of low-skill labor supply will mean that it takes relatively larger reductions in

low-skill employment than high-skill employment to decrease the wage bill4, so in descaling

4. Why not simply reduce the wage bill entirely by decreasing high-skill employment, which is least
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the relative share of high-skill workers will increase.

The caveat about first-order conditions being sufficient above is critical. If the tax sched-

ule is not convex, then second-order conditions may not hold. I now consider a particular

tax schedule that is similar to the one I study empirically, but which is not convex. Suppose

T (x) =



0 x ≤ x1

a1(x− x1) x1 < x ≤ x2

a1(x2 − x1) + a2(x− x2) x2 < x ≤ x3

a1(x2 − x1) + a2(x3 − x2) x > x3

This tax schedule imposes that firms below threshold x1 pay zero taxes, then face a

marginal tax rate a1 up to x2, then face marginal tax rate a2 up to x3, beyond which

they pay no additional taxes. To determine their optimal employment, firms may solve the

problem piecewise as follows. First, find the optimal choice that would be made if T ′ = 0

globally, and compute the implied profits under that choice, but using the tax schedule.

Next, do the same for T ′ = a1 and T ′ = a2. Last, check the three corners xi. The optimal

decision is the one that delivers the maximal profits out of these five potential candidates.

A.7 Proof of Proposition 2

Proof.

(i) For firms below x1 originally, the tax does not affect the optimality conditions, hence

there is no reason why a firm in this region would decrease employment, because if that

policy were optimal, they would have pursued in under T0.

elastic? Pursuing this policy would also reduce output at a higher rate. Reducing low-skill labor is less
detrimental to output.
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(ii) These firms’ optimality conditions have will no longer hold, because the payroll subsidy

has lowered the right side of each equation. Therefore payroll must rise to equalize,

which means N must rise, because if it were possible for N to fall and the payroll rise,

the firm would have chosen to operate at a lower payroll with higher N originally.

(iii) If x maximizes two different functions, then x maximizes their sum. In this case, the

two different functions are the profit function of the firm before the tax policy change,

and the negative of the total tax burden schedule, −T .

(iv) As above, the optimality conditions no longer hold, but now the right side is too high.

The firm must lower payroll, which means decreasing N , as argued already.

(v) As in the first point, if it were optimal for these firms to increase employment, then

they would have done so under the T0.

A.8 General Equilibrium in the Simple Model

The primary purpose of the simple model is for understanding the distribution of firms and

the labor markets of workers, therefore abstracting from the product market clearing does

not seem unreasonable. Nonetheless, it is easy to add assumptions about how profits are

disbursed which allow the goods market to clear due to Walras’ Law. The only requirement

is that the profit disbursement is nondistortive. To this end, suppose all workers own a

portfolio of the firms which pays constant profits. Importantly, where a worker works, per

the microfoundations in A.1 or A.2, does not affect their profit earnings. Then assume that

each worker lives hand-to-mouth and uses the entirety of their earnings to buy goods. Then

none of the decisions or outcomes in the main paper change, and the goods market will

clear because the total income of all firms is exactly equal to the total income of all workers,

accounting for both labor and profits.
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It is also possible to maintain goods market clearing once a payroll tax or subsidy is

added. One way to do so is for the government to levy a lump-sum tax on (or pay a

lump-sum transfer to) all workers. As above, this lump-sum addition will do nothing to

distort worker decisions, so all of the analysis in the main text goes through, and the goods

market will clear because the sum of all worker and firm taxes and subsidies is zero, and the

remaining income earned by firms exactly equals the income of workers.

A.9 Simple Model Parametrization

Parameter Description Value
σ Elasticity of substitution between nL and nH in production 1.8
κL Low type skill-biased productivity 1
κH High type skill-biased productivity 1.1
zL Low type total factor productivity 1
zH High type skill-biased productivity 1.1
λL Transition rate to zL 0.5
λH Transition rate to zH 0.5
sL Share of firms with κL 0.5
nL Share of low-skill workers 0.6
ηL Elasticity of labor supply for low-skill workers 0.8
ηH Elasticity of labor supply for high-skill workers 0.7

Table A.1: Parameters in simple model
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APPENDIX B

ADDITIONAL EMPIRICAL DETAILS

B.1 Disclaimer

The results of these studies are based, in part, on data supplied to the ABS under the

Taxation Administration Act 1953, A New Tax System (Australian Business Number) Act

1999, Australian Border Force Act 2015, Social Security (Administration) Act 1999, A New

Tax System (Family Assistance) (Administration) Act 1999, Paid Parental Leave Act 2010

and/or the Student Assistance Act 1973. Such data may only used for the purpose of

administering the Census and Statistics Act 1905 or performance of functions of the ABS

as set out in section 6 of the Australian Bureau of Statistics Act 1975. No individual

information collected under the Census and Statistics Act 1905 is provided back to custodians

for administrative or regulatory purposes. Any discussion of data limitations or weaknesses is

in the context of using the data for statistical purposes and is not related to the ability of the

data to support the Australian Taxation Office, Australian Business Register, Department

of Social Services and/or Department of Home Affairs’ core operational requirements.

Legislative requirements to ensure privacy and secrecy of these data have been followed.

For access to PLIDA and/or BLADE data under Section 16A of the ABS Act 1975 or enabled

by section 15 of the Census and Statistics (Information Release and Access) Determination

2018, source data are de-identified and so data about specific individuals has not been viewed

in conducting this analysis. In accordance with the Census and Statistics Act 1905, results

have been treated where necessary to ensure that they are not likely to enable identification

of a particular person or organisation.
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B.2 Data Construction

I use data from administrative tax records for workers and firms and the Australian Cen-

sus, all provided by the Australian Bureau of Statistics and accessed in the secure DataLab

environment, for fiscal years1 2011− 2020. The firm data comes from the Business Longitu-

dinal Analysis Data Environment (BLADE). The subset of BLADE I employ in this project

sources data from Australian Business Register and the Australian Tax Office. The worker

data comes from the Person Level Integrated Data Asset (PLIDA)2. The subset of PLIDA

I employ sources data from the Australian Bureau of Statistics (ABS), the Australian Tax

Office (ATO), and the 2016 Census3.

I construct firm-level variables from BLADE (Australian Bureau of Statistics [2024a]).

This dataset covers the universe of businesses registered for the goods-and-services tax

(GST), indexed by Australian Business Number (BN), but does not include sole traders

nor partnerships that submit personal income tax returns instead of business income tax

returns. All firms with total sales exceeding $75,000 dollars must register. To maintain

consistency with the ABS, Department of the Treasury, and previous work, such as Andrews

et al. [2019b], Buckley [2023], and Hambur [2023], I use an enterprise group (BG) as the

definition of a firm, which may include multiple BNs, and do so because this aggregation

is meant to capture the set of legal entities under common control, including conglomerates

that may include multiple subsidiaries, but where decisions are made jointly, in line with

the notion of a firm I use throughout this paper. Firm turnover (total sales), wage bills,

and other expenses come from Business Activity Statements that firms are legally required

to file with the ATO. Additionally, firms file Business Income Taxation forms which report

1. An Australian fiscal year is July to July. To be in line with the time indexing of the ABS, I refer to
the year 2010− 2011 as fiscal year 2011.

2. The worker data sources were referred to as the Multi-Agency Data Integration Project (MADIP) until
2023, when the rename to PLIDA occurred.

3. It is also possible to access the 2011 Census instead of the 2016 Census, but no project may access
both simultaneously.
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more detailed breakdowns of taxable income or loss. The ATO Pay-As-You-Go (PAYG)

statements from each firm for each employee are also aggregated by the ATO to construct

a measure of total headcount for each firm. The ABS also calculates a “full-time equiva-

lent" (FTE) measure of employment, using a combination of headcount, firm wage bill, and

firm industry, which is meant to capture the fact some workers are part-time, so comparing

headcounts may not be the best way to compare effective employment. I use this measure of

FTE for computing labor productivity within a firm, but the choice between headcount and

FTE appears to be inconsequential. Firm industry comes from Cross-Sectional Indicative

data from the Australian Business Register. Industry is determined by Australian and New

Zealand Standard Industrial Classification (ANZSIC) codes. These industries are partitioned

according to “supply-side based industry definitions and groupings", and thus are “business

units in a particular class will use similar inputs and apply similar transformation processes

to produce similar outputs" (Australian Bureau of Statistics [2006]).

I construct worker-level variables from PLIDA (Australian Bureau of Statistics [2024b]).

As mentioned above, each firm provides a payment summary for each worker each year to the

ATO for use in calculating PAYG tax contributions4. These statements includes the gross

payments to each worker, which are summed to calculate annual earnings, and are used to

link workers to ABNs. I use Personal Income Tax (PIT) statements for determining worker

location and occupation. Worker location is determined by residence5, and at the level of

Mesh Code, which I then aggregate into a geography of Statistical Area Level 4 (SA4) +

Greater Capital City Statistical Areas (GCCSAs). SA4s are meant to capture local labor

markets of most cities, but in the largest cities (e.g. Sydney) it may be the case that a labor

market is more accurately a GCCSA, so in the Greater Capital Cities I aggregate SA4s up

4. These are analogous to W-2 forms in the United States.

5. Some analyses use job-level location data, such as Hambur [2023], but only residential data is available
to researchers outside the Treasury, and in any case it seem unlikely that the difference should matter, as
SA4+GCCSA is a sufficiently coarse geographic measure. The distinction would be essential for understand-
ing urban patterns (e.g. commuting), but that is not my focus in this paper.
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Figure B.1: Distribution of education for employed Australians, 2011 - 2020

to GCCSAs. The 2016 Census provides individual birth dates, and thus ages, as well as

level of highest educational attainment, which I group into four exhaustive categories: Less

than High School, High School, College, and Graduate. I show the share of workers in each

category in Figure B.1.

Lastly, I drop all observations where: firm FTE is less than 1, total sales are negative,

labor productivity (value-added/worker) is negative, cost of goods sold is negative, workers

are younger than 25 or older than 60. I observe approximately 55 million worker-years, and

approximately 4 million firm-years.

Firm ages are constructed using firm birth years derived from a combination of Business

Activity Statements and the ABS Businesss Registers. The birth date data has a few issues,

however, which I detail in Appendix B.6. Fortunately, for my sample period of 2011 - 2019,

these issues are not a problem when focusing on firms less than 10 years old, so for each year

I can simply assign firms with age greater than 10 to a “10+" bin and obtain a useful and

accurate measure of age.

Firm location is not simple to measure, as discussed in Hambur [2023], where a notion

of plant is used instead, because around half of firms operate in multiple regions. I am

concerned with the skill composition within a firm, which may vary widely between firm

headquarters and plants, as argued by Kleinman [2024], so in fact “the" location of many

firms is not even well-defined. Nonetheless, for my purposes I assign each firm to the location
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of a randomly chosen worker in the firm, which I view as a fairly agnostic way of deciding

where to allocate firms.

To construct a measure for value-added, I subtract the cost of goods sold (COGS) from the

total income of the firm. To construct COGS, I consider total expenses net of depreciation,

rent and leasing expenses, external labor and contractors, interest payments, bad debts,

royalties, wages for internal labor, and supperannuation. This approach is meant to be as

close as possible to capturing COGS in accordance with accounting for Selling and General

Administration costs, following Traina [2018]. Lastly, all values are deflated according to

industry-level price deflators constructed by the ABS.

In the knowledge hierarchy extension of the quantitative model, firms must decide how to

organize workers into layers of expertise6. I follow previous empirical work of Caliendo et al.

[2015] and Caliendo et al. [2020] to assign workers within a firm to a layer of the organiza-

tion according to their occupation. Worker occupations are determined at the worker-year

level, though workers may hold multiple occupations in a given year. Workers report the

occupation in which they earned the most income. Occupations are determined by the Aus-

tralian and New Zealand Standard Classification of Occupations (ANZSCO), which defines

an occupation as a set of jobs that require the performance of similar or identical sets of

tasks. I then classify each occupation into its hierarchy layer, which is meant to capture

the degree to which each occupation requires expertise and/or capacity to manage workers.

Workers in occupations with ANZSCO less then 120000 are in level 4, which is the subset

of managerial occupations that are top managers and experts in a firm, such as CEOs. The

next layer is the remaining managerial occupations, such as sales managers and CFOs. The

third layer includes all professionals, such as software programmers. The final layer is all

residual occupations, so is fairly broad but generally meant to capture jobs that not entail

6. I prefer to think of upper layer workers as experts rather than managers, as it seems more natural to
me that when less skilled workers ask for help from more-skilled workers, this is because they are experts,
not necessarily superior at management.
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Figure B.2: Distribution of firms and employment across employment size bins

management or expert advising, such as trade workers and labourers. I first classify each

worker according to their layer per the above scheme, but then within each firm reclassify

the layer of the worker according to the total number of layers with a firm. For example, a

firm containing 10 construction workers, 3 architects, and a CEO, contains layers 1,2, and

4, so only three unique layers, and the CEO will be reclassified as layer 3 worker, and the

firm will be considered to only have 3 layers.

B.3 Tables

I display below the regression tables referenced in the main text, and used to construct the

main text figures and tables.

B.4 Additional Summary Statistics

I summarize a variety of cross-sectional patterns present in the data. First, I bin firm size

and display the distribution of firms and employment in Figure B.2. As expected, I find that

most firms are small, with 81% of firms employing 10 or less workers, but that employment

is much more dispersed, with 42% of workers employed in firms with 500 or more workers.

The measure of skill used throughout is worker education, where

I consider the measure of skill composition within a firm that I will use throughout the

remainder of the paper, which is the log of the skill ratio, defined as the number of workers
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Dependent Variables: ln(High Skill Ratio) ln(College Skill Ratio) ln(Graduate Skill Ratio)
Model: (1) (2) (3) (4) (5) (6)

Variables
employment ∈ 10-19 -0.3449∗∗∗ -0.3963∗∗∗ -0.5506∗∗∗

(0.0092) (0.0097) (0.0053)
employment ∈ 20-49 -0.5030∗∗∗ -0.5777∗∗∗ -1.095∗∗∗

(0.0159) (0.0167) (0.0102)
employment ∈ 50-99 -0.4611∗∗∗ -0.5626∗∗∗ -1.570∗∗∗

(0.0186) (0.0196) (0.0107)
employment ∈ 100-199 -0.3162∗∗∗ -0.4370∗∗∗ -1.757∗∗∗

(0.0176) (0.0170) (0.0200)
employment ∈ 200-499 -0.1209∗∗∗ -0.2633∗∗∗ -1.713∗∗∗

(0.0312) (0.0304) (0.0379)
employment ∈ 500-999 -0.0708∗∗∗ -0.2202∗∗∗ -1.681∗∗∗

(0.0185) (0.0179) (0.0253)
employment ∈ 1000-1999 0.0965∗∗∗ -0.0819∗∗ -1.397∗∗∗

(0.0304) (0.0297) (0.0366)
employment ∈ 2000-4999 0.2009∗∗∗ -0.0161 -1.223∗∗∗

(0.0278) (0.0262) (0.0344)
employment ∈ 5000+ 0.2855∗∗∗ 0.0187 -1.023∗∗∗

(0.0385) (0.0364) (0.0454)
ln(employment) -0.1660∗∗∗ -0.2053∗∗∗ -0.4459∗∗∗

(0.0066) (0.0066) (0.0049)

Fixed-effects
time Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 1,557,864 1,557,864 1,485,797 1,485,797 485,895 485,895
R2 0.03678 0.02886 0.05353 0.04736 0.23191 0.21326
Within R2 0.03574 0.02781 0.05255 0.04638 0.23107 0.21240

Clustered (time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.1: Regressions of firm log skill ratio on firm size

Note: The firm log skill ratio is regressed on firm size bins in columns 1,3, and 5, and on log
employment in columns 2,4, and 6, all including time fixed effects. High-Skill workers are
college or graduate educated.
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Dependent Variables: ln(High Skill Ratio) High Skill Ratio ln(College Skill Ratio) ln(Graduate Skill Ratio)
Model: (1) (2) (3) (4) (5) (6)

Variables
employment ∈ 10-19 -0.3122∗ -0.3699∗∗ -0.5328∗∗∗

(0.1411) (0.1317) (0.1115)
employment ∈ 20-49 -0.4416∗∗ -0.5228∗∗ -1.016∗∗∗

(0.1899) (0.1805) (0.2210)
employment ∈ 50-99 -0.3991∗ -0.5053∗∗ -1.433∗∗∗

(0.1867) (0.1775) (0.2604)
employment ∈ 100-199 -0.2763 -0.3994∗∗ -1.613∗∗∗

(0.1775) (0.1686) (0.2723)
employment ∈ 200-499 -0.1099 -0.2515 -1.586∗∗∗

(0.1491) (0.1400) (0.2559)
employment ∈ 500-999 -0.0770 -0.2253∗ -1.568∗∗∗

(0.1158) (0.1097) (0.2197)
employment ∈ 1000-1999 0.0165 -0.1545 -1.363∗∗∗

(0.1377) (0.1284) (0.2463)
employment ∈ 2000-4999 0.0652 -0.1384 -1.254∗∗∗

(0.1908) (0.1575) (0.3327)
employment ∈ 5000+ 0.0652 -0.1833 -1.137∗∗

(0.2485) (0.1794) (0.4124)
ln(employment) 0.1879 -0.1934∗∗ -0.4149∗∗∗

(0.1734) (0.0742) (0.0729)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
industry Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 1,557,864 1,557,864 1,485,797 1,485,797 485,895 485,895
R2 0.19546 0.11983 0.20084 0.19787 0.35683 0.34480
Within R2 0.03288 0.01120 0.05095 0.04743 0.22558 0.21110

Clustered (time & industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.2: Regressions of firm log skill ratio on firm size, including ANZSIC division fixed
effects

Note: The firm log skill ratio is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time and ANZSIC division fixed effects.
High-Skill workers are college or graduate educated.
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Dependent Variables: ln(High Skill Ratio) ln(College Skill Ratio) ln(Graduate Skill Ratio)
Model: (1) (2) (3) (4) (5) (6)

Variables
employment ∈ 10-19 -0.2864∗∗∗ -0.3463∗∗∗ -0.5226∗∗∗

(0.0688) (0.0643) (0.0544)
employment ∈ 20-49 -0.3871∗∗∗ -0.4708∗∗∗ -0.9874∗∗∗

(0.0937) (0.0893) (0.1008)
employment ∈ 50-99 -0.3346∗∗∗ -0.4428∗∗∗ -1.378∗∗∗

(0.0988) (0.0942) (0.1205)
employment ∈ 100-199 -0.2274∗∗ -0.3497∗∗∗ -1.558∗∗∗

(0.1006) (0.0953) (0.1301)
employment ∈ 200-499 -0.0925 -0.2304∗∗ -1.549∗∗∗

(0.0953) (0.0907) (0.1385)
employment ∈ 500-999 -0.0733 -0.2171∗∗ -1.531∗∗∗

(0.0733) (0.0704) (0.1191)
employment ∈ 1000-1999 -0.0172 -0.1792∗ -1.378∗∗∗

(0.0869) (0.0808) (0.1434)
employment ∈ 2000-4999 0.0558 -0.1376 -1.267∗∗∗

(0.1433) (0.1131) (0.2429)
employment ∈ 5000+ 0.0793 -0.1624 -1.121∗∗∗

(0.1967) (0.1349) (0.3294)
ln(employment) -0.1365∗∗∗ -0.1805∗∗∗ -0.4052∗∗∗

(0.0401) (0.0372) (0.0353)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
industry Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 1,557,864 1,557,864 1,485,797 1,485,797 485,895 485,895
R2 0.24325 0.23969 0.24667 0.24527 0.39815 0.38876
Within R2 0.02660 0.02202 0.04315 0.04137 0.21382 0.20154

Clustered (time & industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.3: Regressions of firm log skill ratio on firm size, including ANZSIC 3-digit fixed
effects

Note: The firm log skill ratio is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time and ANZSIC 3-digit fixed effects.
High-Skill workers are college or graduate educated.
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Dependent Variables: ln(High Skill Ratio) ln(College Skill Ratio) ln(Graduate Skill Ratio)
Model: (1) (2) (3) (4) (5) (6)

Variables
employment ∈ 10-19 -0.3401∗∗∗ -0.3944∗∗∗ -0.5548∗∗∗

(0.0692) (0.0616) (0.0456)
employment ∈ 20-49 -0.5092∗∗∗ -0.5860∗∗∗ -1.107∗∗∗

(0.1102) (0.1015) (0.0837)
employment ∈ 50-99 -0.4904∗∗∗ -0.5913∗∗∗ -1.588∗∗∗

(0.1457) (0.1360) (0.1451)
employment ∈ 100-199 -0.3766∗∗ -0.4937∗∗∗ -1.789∗∗∗

(0.1544) (0.1445) (0.1740)
employment ∈ 200-499 -0.2097 -0.3461∗∗ -1.757∗∗∗

(0.1430) (0.1356) (0.1808)
employment ∈ 500-999 -0.1852 -0.3260∗∗ -1.744∗∗∗

(0.1113) (0.1063) (0.1575)
employment ∈ 1000-1999 -0.0489 -0.2150∗∗∗ -1.498∗∗∗

(0.0565) (0.0549) (0.0926)
employment ∈ 2000-4999 0.0571 -0.1488∗∗ -1.317∗∗∗

(0.0695) (0.0554) (0.1117)
employment ∈ 5000+ 0.1214∗ -0.1335∗ -1.141∗∗∗

(0.0549) (0.0669) (0.0583)
ln(employment) -0.1751∗∗∗ -0.2152∗∗∗ -0.4572∗∗∗

(0.0537) (0.0508) (0.0477)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
SA4+GCCSA Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 1,542,376 1,542,376 1,471,037 1,471,037 481,071 481,071
R2 0.09083 0.08524 0.10139 0.09778 0.26744 0.25109
Within R2 0.03841 0.03250 0.05689 0.05309 0.24458 0.22772

Clustered (time & SA4+GCCSA) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.4: Regressions of firm log skill ratio on firm size, including SA4++GCCSA fixed
effects

Note: The firm log skill ratio is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time and SA4++GCCSA fixed effects.
High-Skill workers are college or graduate educated.
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Dependent Variables: ln(High Skill Ratio) ln(College Skill Ratio) ln(Graduate Skill Ratio)
Model: (1) (2) (3) (4) (5) (6)

Variables
employment ∈ 10-19 -0.1132∗∗∗ -0.1401∗∗∗ -0.2519∗∗∗

(0.0082) (0.0082) (0.0110)
employment ∈ 20-49 -0.1867∗∗∗ -0.2252∗∗∗ -0.4705∗∗∗

(0.0136) (0.0137) (0.0220)
employment ∈ 50-99 -0.2368∗∗∗ -0.2772∗∗∗ -0.6501∗∗∗

(0.0189) (0.0182) (0.0335)
employment ∈ 100-199 -0.2857∗∗∗ -0.3247∗∗∗ -0.7778∗∗∗

(0.0249) (0.0235) (0.0435)
employment ∈ 200-499 -0.3557∗∗∗ -0.3890∗∗∗ -0.8941∗∗∗

(0.0323) (0.0302) (0.0503)
employment ∈ 500-999 -0.4409∗∗∗ -0.4628∗∗∗ -0.9854∗∗∗

(0.0438) (0.0400) (0.0658)
employment ∈ 1000-1999 -0.5066∗∗∗ -0.5298∗∗∗ -1.031∗∗∗

(0.0483) (0.0441) (0.0768)
employment ∈ 2000-4999 -0.6375∗∗∗ -0.6549∗∗∗ -1.155∗∗∗

(0.0669) (0.0624) (0.0933)
employment ∈ 5000+ -0.7684∗∗∗ -0.7754∗∗∗ -1.294∗∗∗

(0.0902) (0.0868) (0.1130)
ln(employment) -0.1862∗∗∗ -0.2368∗∗∗ -0.3885∗∗∗

(0.0070) (0.0058) (0.0115)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
firm Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 1,557,864 1,557,864 1,485,797 1,485,797 485,895 485,895
R2 0.84931 0.85086 0.83871 0.84146 0.90089 0.90376
Within R2 0.00518 0.01536 0.00759 0.02455 0.03401 0.06205

Clustered (time & firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.5: Regressions of firm log skill ratio on firm size, including firm fixed effects

Note: The firm log skill ratio is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time and firm fixed effects. High-Skill
workers are college or graduate educated.
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Dependent Variables: EE EN EE + EN
Model: (1) (2) (3) (4) (5) (6)

Variables
ln(earnings) × 1{LessHighSchool} -0.0479∗∗∗ -0.0400∗∗∗ -0.0650∗∗∗ -0.0712∗∗∗ -0.1129∗∗∗ -0.1112∗∗∗

(0.0046) (0.0038) (0.0063) (0.0068) (0.0108) (0.0102)
ln(earnings) × 1{HighSchool} -0.0455∗∗∗ -0.0377∗∗∗ -0.0657∗∗∗ -0.0717∗∗∗ -0.1112∗∗∗ -0.1094∗∗∗

(0.0044) (0.0036) (0.0064) (0.0068) (0.0106) (0.0101)
ln(earnings) × 1{College} -0.0447∗∗∗ -0.0363∗∗∗ -0.0651∗∗∗ -0.0707∗∗∗ -0.1098∗∗∗ -0.1070∗∗∗

(0.0043) (0.0035) (0.0063) (0.0067) (0.0105) (0.0100)
ln(earnings) × 1{Graduate} -0.0442∗∗∗ -0.0347∗∗∗ -0.0645∗∗∗ -0.0698∗∗∗ -0.1087∗∗∗ -0.1046∗∗∗

(0.0043) (0.0034) (0.0063) (0.0067) (0.0105) (0.0098)

Fixed-effects
time Yes Yes Yes Yes Yes Yes
firm Yes Yes Yes

Fit statistics
Observations 42,286,829 42,286,829 42,286,829 42,286,829 42,286,829 42,286,829
R2 0.03875 0.14785 0.61283 0.64901 0.26790 0.36411
Within R2 0.01533 0.00851 0.08489 0.07709 0.07543 0.05888

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.6: Regressions of employment-to-employment, employment-to-nonemployment, and
combined transitions on log earnings, including time and firm fixed effects.

Note: High-Skill workers are college or graduate educated.

of a given skill (college, graduate, or college+graduate) over the number of workers with less

than a college education, within a firm. This measure is appealing because it can be related

to skill premia in my simple model 7, and aids in comparing my results with the frictionless

frameworks of Katz and Murphy [1992] and Acemoglu [2002]8.

In Figure B.3 I document the relationship between skill ratio and firm size. For both

college and graduate workers, the patterns is U-shaped, but the trough occurs for larger

firms for the most skilled workers, so that firms in the 20− 49 bin have the lowest skill ratio

for the college measure, but firms in the 100−199 have the lowest skill ratio for the graduate

measure. These patterns remain if I instead weight the log skill ratios by firm employment,

7. See Appendix A.3.

8. There is also an appealing notion of symmetry in terms of measuring skill composition with the log skill
ratio for any aggregation of firms, which occurs because logs transform ratios into differences. For example,
if I wished to measure the skill composition of 1000 firms, and 500 firms had 2 high-skill workers and 1
low-skill, while the remaining 500 had 1 high-skill and 2 low-skill, I would like for my measure to report that
the aggregate skill ratio is 1. With simple weighting of the ratios I would measure 500

1000 · 2 + 500
1000 · 1

2 = 1.25,
but with logs I have 500

1000 · ln 2 + 500
1000 · ln 1

2 = 0 = ln 1.
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Dependent Variables: log(Skill Premium College) log(Skill Premium Graduate)
Model: (1) (2) (3) (4)

Variables
employment ∈ 10-19 0.0068∗∗∗ -0.0533∗∗∗

(0.0017) (0.0041)
employment ∈ 20-49 0.0412∗∗∗ -0.0444∗∗∗

(0.0022) (0.0037)
employment ∈ 50-99 0.0930∗∗∗ 0.0204∗∗

(0.0024) (0.0091)
employment ∈ 100-199 0.1332∗∗∗ 0.0858∗∗∗

(0.0028) (0.0123)
employment ∈ 200-499 0.1736∗∗∗ 0.2099∗∗∗

(0.0041) (0.0182)
employment ∈ 500-999 0.2011∗∗∗ 0.2950∗∗∗

(0.0052) (0.0140)
employment ∈ 1000-1999 0.2160∗∗∗ 0.3160∗∗∗

(0.0057) (0.0217)
employment ∈ 2000-4999 0.2319∗∗∗ 0.3688∗∗∗

(0.0078) (0.0215)
employment ∈ 5000+ 0.2346∗∗∗ 0.3957∗∗∗

(0.0068) (0.0147)
log(employment) 0.0271∗∗∗ 0.0273∗∗∗

(0.0008) (0.0029)

Fixed-effects
time Yes Yes Yes Yes

Fit statistics
Observations 1,469,215 1,469,215 481,912 481,912
R2 0.00204 0.00173 0.00992 0.00685
Within R2 0.00132 0.00102 0.00424 0.00116

Clustered (time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.7: Regressions of firm log skill premia on firm size

Note: The firm log skill premia is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time fixed effects. High-Skill workers
are college or graduate educated.
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Dependent Variables: log(Skill Premium College) log(Skill Premium Graduate)
Model: (1) (2) (3) (4)

Variables
employment ∈ 10-19 0.0160∗∗∗ 0.0043

(0.0027) (0.0051)
employment ∈ 20-49 0.0332∗∗∗ 0.0322∗∗∗

(0.0049) (0.0081)
employment ∈ 50-99 0.0449∗∗∗ 0.0721∗∗∗

(0.0063) (0.0108)
employment ∈ 100-199 0.0486∗∗∗ 0.1058∗∗∗

(0.0079) (0.0154)
employment ∈ 200-499 0.0435∗∗∗ 0.1231∗∗∗

(0.0108) (0.0179)
employment ∈ 500-999 0.0307∗∗ 0.1174∗∗∗

(0.0128) (0.0205)
employment ∈ 1000-1999 0.0195 0.0966∗∗∗

(0.0161) (0.0236)
employment ∈ 2000-4999 0.0140 0.1096∗∗∗

(0.0182) (0.0309)
employment ∈ 5000+ 0.0201 0.1087∗∗

(0.0254) (0.0364)
log(employment) 0.0204∗∗∗ 0.0374∗∗∗

(0.0028) (0.0051)

Fixed-effects
time Yes Yes Yes Yes
firm Yes Yes Yes Yes

Fit statistics
Observations 1,469,215 1,469,215 481,912 481,912
R2 0.66476 0.66477 0.71178 0.71180
Within R2 8.8× 10−5 0.00011 0.00025 0.00030

Clustered (time & firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table B.8: Regressions of firm log skill premia on firm size and firm fixed effects

Note: The firm log skill premia is regressed on firm size bins in columns 1, 3, and 5, and on
log employment in columns 2,4, and 6, all including time and firm fixed effects. High-Skill
workers are college or graduate educated.
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Figure B.3: Average skill ratios for each firm size bin, broken by skill type.

Note: The skill ratio for skill type X is defined as the number of workers will skill X divided
by the number of workers with high school or less education. High-skilled workers have a
college or graduate education.

though the largest bin exhibits a marked decrease. As I argue below, these nonmonotonic

patterns may be explained by a combination of a within-firm factor, which pushes the skill

ratio downward with size, and a between-firm factor, which pushes the skill ratio upward

with size.

I compute worker earnings by skill and firm size. In Figure B.4, I compute the average

earnings for each worker type in each firm, then take the average across firms. The patterns

exhibit the large firm premium discussed by Brown and Medoff [1989] and Oi and Idson

[1999] for each worker type, implying that the entirety of the large firm premium cannot be

explained by differences in educational composition9.

In Figure B.5 I document how log skill premia vary with firm size. Whereas the above

trends in earnings revealed that all worker types tend to earn more at larger firms, the fact

that skill premia are rising with firm size reveals that high-skill workers see their earnings rise

relatively more than low-skill workers. This pattern is consistent with larger firms operating

more skill-biased technology, as I posit below.

I now summarize by firm age. In Figure B.7 I show the distribution of firms and em-

9. For more on the large firm premium internationally, see Gibson and Stillman [2009] and Bloom et al.
[2018].
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Figure B.4: Average earnings within each firm size bin, broken by skill

Figure B.5: Average skill premia within each firm size bin, broken by skill.

Note: The X measure of skill premia within a firm is the ratio of the average earnings of
workers with education X to the average earnings of a high school worker within the firm.

Figure B.6: Coefficients from regressions of the log skill ratio on firm size, controlling for
SA4+GCCSA

Note: from B.4
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Figure B.7: Distribution of firms and employment by firm age

ployment by age, where I bin all firms with age ≥ 11 together, for the reasons explained in

Section 2. Most firms are at least a decade old, and most workers are employed in these

same firms.

In Figure B.8 I display the log skill ratios of firms by firm age. The measure is fairly flat

across young ages, then declines more steeply for older ages. Similarly to the size patterns, I

argue below this aggregate pattern is consistent with a combination of two forces: firms tend

to decrease their skill ratio as they age, and firms with an initially higher skill ratio tend

to survive longer. For young ages, these two forces approximately cancel out, with exiting

firms raising the skill ratio, but surviving firms counteracting by shifting toward lower skill

ratios. For older ages, the exit effect is less prevalent, so the deskilling effect within firms

dominates.

In Figure B.9 I consider worker earnings by firm age, broken by skill. Workers tend to

earn more in older firms, however, turning to Figure B.10 I find that skill premia are fairly

constant across the age distribution.

As discussed in B.2, the availability of worker occupation allows me to sort workers into

a hierarchy within each firm. Given these hierarchies, it is then possible to consider how

measures of skill ratio and skill premia vary with firm organizational structure. This work

is ongoing, and will be a separate project.
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Figure B.8: Average skill ratios for each firm age, broken by skill type.

Note: The skill ratio for skill type X is defined as the number of workers will skill X divided
by the number of workers with high school or less education. High-skilled workers are simply
workers that have a college or graduate education.

Figure B.9: Average earnings for each firm age, broken by skill

Figure B.10: Average skill premia within each firm size bin, broken by skill.

Note: The X measure of skill premia within a firm is the ratio of the average earnings of
workers with education X to the average earnings of a high school worker within the firm.
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Figure B.11: Coefficients from regressions of the log skill ratio on firm size, controlling for
industry division

Note: from Table B.2

B.5 Motivating the Separation Elasticity

The baseline simple and quantitative models assume upward-sloping labor supply curves,

which yield tractability, but are static models of monopsonistic competition. In contrast,

there is evidence that in reality at least some share of labor market monopsonistic (or oligop-

sonistic, as in Jarosch et al. [2024]) forces are dynamic, following the terminology in Manning

[2013] , in the sense that worker movement between firms is frictional, and this is what al-

lows firms to markdown wages. To understand this, consider a simple model10 where firms

post wages, and homogeneous workers search for jobs. In the stationary distribution, the

measure of recruits, R(w), at each firm offering w each instant must exactly offset the mea-

sure separating, n(w)s(w), so R(w) = n(w)s(w). Then defining ϵx(w) ≡ d lnx(w)
d lnw , it must

be that ϵn(w) = ϵR(w) − ϵs(w), so the labor supply elasticity is the difference between the

recruiting and separation elasticities. Furthermore, if it is assumed that every recruit at one

firm is a separation from another firm (so ignoring recruitment from nonemployment), then

the average recruit elasticity must equal the average separation elasticity. If it is further as-

sumed that these elasticities are constant across firms, then it must be the case that ϵR = ϵs,

so ϵn = −2ϵs. This result motivates estimating the labor supply elasticity via estimating

10. I follow Hirsch et al. [2022] in making these points.
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the separation (or quit) elasticity as I do in Section 4. The assumptions made to arrive

at this conclusion may not be benign, however, and thus I view this exercise as closer to a

back-of-the-envelope calculation than a robust measure of the labor supply elasticities firms

face.

B.6 Measured firm age distribution

Firm ages are constructed using firm birth years derived from a combination of Business

Activity Statements and the ABS Businesss Registers, but the measure is imperfect. First,

the earliest birth date recorded in the data is the 1992 − 1993 fiscal year, leading to a

winsorizing for older firms at that birth year. Second, and more problematic, is that the

introduction of the goods and services tax (GST) in the year 2000 changed what qualified

as a business entity, and thus many firms that previously did not file taxes were required to

start that year, and in turn many firms were “born" that year. These two issues combine to

yield an “age" distribution with two discrete jumps.

To understand how these measurement issues should affect the observed age distribution

for my sample period, consider a simple model of firm entry and exit, where a fixed measure

mt of firms enter each year t, then exit at rate δ. Then in year t, there are (1− δ)mt−1 firms

of age 1, and (1 − δ)amt−a firms of age a. The observed firm age distribution can then be

roughly approximated by assuming mt is constant in every year except for FY 1993, where

mt is larger, and FY 2001, where mt is much larger. With these assumptions I generate the

age distribution in Figure B.12.

The two bumps in mass can be observed, and by selecting an appropriate δ the model

does surprisingly well at replicating the patterns overall. The only feature missed is the tail

of super young firms. The reason for this is that the exogenous exit pattern assumed is

invalid for the youngest firms, which often enter and then promptly exit, so it is as if δ is

quite high in the first year.
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Figure B.12: Observed and predicted firm age distributions

Note: Model assumes firms are “born" due to measurement error in FY 1993 and 2001.
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APPENDIX C

ADDITIONAL DETAILS FOR QUANTITATIVE MODEL

C.1 Augmented Labor Supply Microfoundation with CES

It is possible to generate the CES supply curves in Section 7 using the microfoundation in

A.1, but additionally allowing for differences in supply shifter A differences across firms. The

relevant problem for workers is then

W ≡ max
n(w,A)

(∫
(wAn(w,A))

η
η+1 dF (w,A)

)η+1
η

1 =

∫
n(w,A)dF (w,A)

The solution is the following labor supply schedule and appropriate wage index, where

the integral now must account for the joint distribution F (w,A).

n(w,A) =

(
Aw

W

)η

n

W =

(∫
(Aw)ηdF (w,A)

) 1
η

There are two ways to think about the exact way the A shifters are incorporated to

generate the workers’ preferences above. One way is to assume that A are firm amenities, so

instead of valuing only the earnings w at a firm, workers value the product of the earnings

and the shifter, Aw, then have love-of-variety. In this interpretation, firms with better A

face greater supplies of workers purely because workers are more willing to work at these

firms.

The second interpretation is to assume workers continue to value all jobs equally, but
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that firms post Aη unique vacancies. Then firms recognize that posting wage w will result

in
( w
W

)η
n hires per vacancy, so total supply is

(
Aw
W

)η
n. In this interpretation, firms with

better A are able to offer more job variety to workers, so may post a lower wage to obtain

any desired labor quantity.

It is worth clarifying that, under both interpretations presented here, the advantages

conferred to firms with higher A are exogenous and costless to the firm. However, it is

possible to endogenize these outcomes, say due to heterogeneous vacancy-posting, and I

detail this mechanic in C.4 below.

C.2 Augmented Labor Supply Microfoundation with Continuous

Choice

The continuous choice interpretation of the labor supply curves from A.2 may also be ex-

tended to include the A shifters, and again there are two possible interpretations. In the

amenity interpretation, workers receive utility Awϵ, where ϵ is iid Frechet(η), so more workers

choose to work at firms with higher A. In the second interpretation, firms post Aη vacancies,

so for a given wage workers are no more likely to value a job at a high A firm versus a low

A firm, but high A firms have more jobs.

C.3 Firm Optimality Conditions

Similarly to the A.3, the problem of firm (z, κ, AL, AH) is

max
ni

z

(
n

σ−1
σ

L + (κnH)
σ−1
σ

) σ
σ−1

−
∑

i∈{L,H}

(
ni
ni

) 1
ηi Wi

Ai
ni

The first-order condition for employment of each worker type is
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zN
1
σn

− 1
σ

L =
ηL + 1

ηL

(
nL
nL

) 1
ηL WL

AL
(C.1)

zN
1
σκ

σ−1
σ n

− 1
σ

H =
ηH + 1

ηH

(
nH
nH

) 1
ηH WH

AH
(C.2)

In this form, it is clear that having a higher Ai is equivalent to observing a lower wage

index Wi, a notion which makes precise the intuition that higher A firms face less competi-

tion.

C.4 Generating heterogeneous A with heterogeneous vacancy

costs

When firms face heterogeneous vacancy-posting costs, it is as if the firms with lower costs

face increased supply curves. I clarify this notion.

Suppose the following timing for firms making employment decisions

(i) Firms learn their vacancy cost parameters Ãi, but do not know (z, κ)

(ii) Firms choose how many vacancies to post, subject to cost c(v, Ã)

(iii) Firms learn (z, κ)

(iv) Firms decide wages wi for their posted vacancies

The problem of choosing vacancies may be solved by backward induction. The last

step is to make the employment decisions discussed in the main text. Let the value of

these outcomes, given (z, κ) draw and vacancies (vL, vH), be V (z, κ, vL, vH). Then let

V(vL, vH) ≡ EF [V (z, κ, vL, vH)] be the ex ante expected value of posting vacancies (vL, vH),

given distribution F (z, κ). The vacancy-posting problem of the firm is then
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max
vL,vH

V(vL, vH)− c(vL, ÃL)− c(vH , ÃH)

As V is convex1, assume that c is sufficiently convex so that the problem has a well-

defined solution. That solution satisfies

VL = c2(ÃL, vL)

VH = c2(ÃH , vH)

If higher Ã lowers the marginal cost of vacancies, i.e. c12 < 0, then firms with higher Ãi

will post higher vi. Then the result is achieved, that heterogeneity in firm vacancy costs Ã

generates endogenous differences in posted vacancies v. As this justification is not required

for any of the results in the main text, and including it would distract from the main points,

I simply say Ai ≡ vi(ÃL, ÃH)ηi and avoid discussing vacancies altogether.

1. Consider scaling both vi by λ ∈ R. Then a firm can post the same wages as before and scale their
revenues and costs by λ, but in general it will not be optimal to do so, and they will adjust their wages, so
V will scale by more than λ.
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APPENDIX D

MODEL WITH FIRM DYNAMICS: ENTRY AND EXIT

In the main text, my quantitative model is static, and simply a distribution of firms over

parameters governing productivity and labor supply. I now build a richer version of the

model which allows for more general distributions of TFP and SBP, and accounts for firm

entry and exit decisions.

I opt for constant elasticity of substitution labor supplies, which lends tractability to the

analysis. These forms allow for relatively simple computation of the profit function during

solving for the equilibrium, and generate simple to compute wage distributions across and

within firms. Nonetheless, the CES assumption is rather strong, so in Appendix D.5 I discuss

alternative assumptions which generate labor supply curves with variable markdowns. It is

also possible to microfound the upward-sloping labor supply curves firms face via worker

search, and I explain how this may be done in E. The fact that a firm’s hiring decisions will

depend on the firm’s current skill composition means that changes in the distribution of skill

will impact worker dynamics, such as EE flows, and job creation and destruction. These

worker dynamics are not the focus of this paper, but I am considering these questions in

other work.

I now explain the model.

D.1 Setup and Equilibrium

Overview Time is continuous. Workers have preferences across firms which generate monop-

sonistic competition in each labor market. An infinite pool of potential firms exists, which

may enter by paying entry cost ce, and all firms are risk-neutral. Upon entering, firms draw

(z, κ) ∼ H, then face an exogenous and idiosyncratic stochastic process for z, which follows

a geometric Brownian motion with drift, and κ is permanent. Firms may exit at will.
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Workers Each worker has a permanent type i ∈ {L,H} and is endowed with one unit of

labor. There are νi workers of type i, so the labor supply curves faced by each firm are1

νi(w) =

(
w

Wi

)ηi
νi (D.1)

Wi =

(∫ ∞

0
wηidGi(w)

) 1
ηi (D.2)

where Gi is the equilibrium distribution of wages for type i. Workers own the firms, and in

particular each worker owns the same index of all firms, so that profits are the same for all

workers2. This assumption is a simple way to make sure that profit incentives do not distort

labor supply decisions. There is no saving technology, so workers spend the entirety of their

combined labor and profit income on goods each instant.

Firms Every instant, firms must decide whether to continue operating, and if they continue

operating they must decide how much of each type of labor to employ. Conditional on

operating, a firm maximizes profits, accounting for the monopsonistic power afforded by the

upward sloping labor supply curves from workers.

π(z, κ) = max
νi

z

(
ν
σ−1
σ

L + (κνH)
σ−1
σ

) σ
σ−1α

−
∑

i∈{L,H}
wi(νi)νi − cf

1. I offer two possible microfoundations for these supply curves in Appendices A.1 (CES love-of-variety
in earnings) and A.2 (continuous choice with preference shocks).

2. Some firms are unprofitable, and in these cases the workers are making investments that never earn a
positive return. For example, when firms enter, workers invest ce to start the firm, but some of these firms
immediately realize they do not expect to turn a profit, so exit. Other firms operate because they initially
expect to turn a profit, but after a series of unlucky TFP draws no longer expect profits, so exit.
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where wi(νi) are the inverse labor supply curves, cf is the fixed operating cost, and α governs

the returns to scale for the labor bundle in producing output. The firm optimality conditions

for choosing labor are derived in A.3, and imply that each firm will hire each worker type

up to the point where the marginal revenue product of labor equals the marked down wage,

where the markdowns are ηi
ηi+1 . In the relevant case where ηL ̸= ηH , there is no closed-form

solution for (νL, νH).

To determine whether or not to exit, firms must evaluate the expected present discounted

value of continuing to operate, accounting for the fact that future exit decisions will be

optimally made, given the exogenous stochastic process for z3. They discount the future at

rate ρ, therefore the problem in sequence form is

v(z0, κ) = max
τ

E
{∫ τ

0
e−ρtπ(zt, κ)dt

}
(D.3)

d ln zt = µdt+ σdWt (D.4)

In D.3 I show how to derive the recursive form of this problem, which is the following

Hamilton-Jacobi-Bellman-Variational-Inequality.

0 = min{v, ρv(z, κ)− π(z, κ)− µzvz(z, κ)−
σ2

2
z2vzz(z, κ)} (D.5)

Firms deciding whether to enter must assess whether the expected profitability of entrance

covers the entry cost. In other words, firms will continue to enter as long as
∫
v(z, κ)dH(z, κ) >

ce. When the inequality goes the other direction, no firms will enter. The expected value

of entering goes to infinity as the measure of operating firms goes to zero, as there is no

3. My formulation and solution of this augmented Hopenhayn [1992] model of firm dynamics follows the
continuous-time approach suggested in Moll [2023].
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competition for workers in that case, and the expected value of entering goes to zero as the

measure of operating firms goes to infinity, as all profits are competed away in that case.

Therefore, in equilibrium the expected value of entrance will exactly offset the entry cost.

Given the entry and exit decisions of firms, it is possible to calculate the implied distri-

bution of operating firms via the following stationary Kolmogorov Forward equation, which

holds for (z, κ) ∈ O where firms do not exit.

0 = −∂z [µzg(z, κ)] + ∂zz

[
σ2

2
z2g(z, κ)

]
+mh(z, κ) (D.6)

The measure of firms entering each instant is m4. Outside the region O, where firms

operate, it must be the case that g(z, κ) = 0.

Equilibrium A stationary equilibrium of the model is a set {νi(z, κ), wi(z, κ), v(z, κ), g(z, κ),O,m},

where νi are labor quantities, wi are wages, v are firm valuations, g is the distribution of

operating firms, O is the subset of (z, κ) space such that firms continue operating, and m is

the measure of entering firms, such that

(i) Given the wages and distribution of firms over (z, κ), workers supply the labor quantities

νi(z, κ)

(ii) Given the wages and distribution of firms over (z, κ) for all other firms, the firm at

(z, κ) offers wages wi(z, κ) an employs labor νi(z, κ), provided they are operating

(iii) Given the exogenous process for TFP and the profits from optimally demanded labor

as specific above, firm valuation satisfies the optimality condition in equation D.5, and

yields operating subset O

4. Note that I am using the convention that m only includes firms that enter after observing their initial
draw. This terminology is not always clear and consistent in work building on Hopenhayn [1992] and Melitz
[2003].
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(iv) Given the operating region O and entry rate m, the distribution of firms satisfies the

Kolmogorov Forward equation D.6.

(v) Potential firms are indifferent between entering and not entering:
∫
v(z, κ)dH(z, κ) =

ce

(vi) The goods market clears, meaning that every good produced is purchased by some

worker.

The stationary equilibrium is block recursive in the sense that the only aggregates workers

and firms care about are the wage indices. So it is possible to make a guess of the Wi, then

in the first “block" calculate the implied employment and entry and exit decisions of firms,

and in the second “block" use those decisions to calculate the implied wage indices. I detail

how to compute the equilibrium in ??.

D.2 Markdowns

The model also generates predictions for markdowns for every worker type at every firm

type. The CES specification further simplifies calculation, as a worker of type i will earn a

constant markdown of ηi
ηi+1 from their marginal revenue productivity of labor5. Then the

average markdown within a firm is simply the weighted average of the markdowns of the

worker types, and the cross-sectional and firm-level markdown patterns mirror the skill ratio

results. Higher skill ratios mean more weight is placed on the larger markdown, therefore as

firms grow they tend to mark down average wages less, but in the cross-section the average

markdown within a firm is inverse U-shaped with respect to firm employment.

The interaction of scale and skill consideration in theory, and the observed empirical

patterns, add two new considerations to the recent discussion concerning the markdown

distribution across firms. First, firm-level markdowns depend on the composition of workers,

5. I review and prove this simple fact in Appendix D.4.

101



and the markdowns paid to each worker type. If high-skill workers tend to accept larger

markdowns, then firms which employ a higher share of high-skill workers will tend to have

larger markdowns. Second, the skill composition of a firm is not, in general, orthogonal to

the scale choice of a firm. Therefore at least part of the larger markdown in larger firms

documented in Mertens and Mottironi [2023] may be due not to falling labor elasticity as

firms are observed further up the supply curve for each worker type, but to falling average

labor elasticity in larger firms as they tend to employ a higher share of inelastic labor.

Understanding the difference between the cross-sectional and firm-level results is also

crucial for policy. Consider a policymaker with the objective of reducing wage markdowns.

Based on the cross-sectional observation that larger firms pay lower markdowns, they im-

plement a progressive payroll tax, with the thought the firms paying the largest markdowns

will be most incentivized to descale, and thus decrease the gap between wages and MRPL.

Beyond the fact that the presence of monopsonistic competition will amplify tax distortions,

as argued in Berger et al. [2024], the policy will do the exact opposite of its intended purpose,

as all firms will reduce their scale, but in doing so raise the share of their workforce which

is high-skill, and thus marked down most aggressively, raising their firm-level markdown.

This is exactly the opposite prediction from what would be obtained in models similar to

Melitz and Ottaviano [2008], with falling labor supply elasticities, because in those mod-

els the cross-sectional differences between firms are identically the differences within a firm

over time, or “large firms are just small firms that get big". Instead, once I account for the

differences in skill-biased productivity across firms, large and small firms are fundamentally

different in how productive they find each skill, and so policies that incentivize descaling will

not necessarily cause large firms to look like small firms.

The above argument points to a potentially troubling tradeoff for policymakers: when

firms scale up, between-worker inequality within the firm rises, but so does the worker share

of earnings. The manager of a firm only cares about total profits, so after a positive TFP
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shock they raise profits by scaling up production, raising the wage bill even more than profits,

and within that wage bill the relative increase in high-skill payments rises more than the

payments to low-skill workers.

It is worth noting that the CES assumption means the entirety of the differences in skill

premia across firms come from (equilibrium) differences in MRPL between worker types.

Firms with higher TFP will tend to skew the employment toward low-skill workers, where

supply is more elastic, and in doing so will lower the MRPL of these workers relatively more

than the MRPL of high-skill workers, but the contribution from markdown differences to

skill premia is unaffected. This strong result is easily broken, for example by any supply

curve with variable elasticity, and in Appendix D.5 I explain how this would then allow a

portion of skill premia differences between firms to come from changes in markdowns within

firm type.

D.3 Sequence to recursive form of firm problem

Recall the sequence formulation of the problem

v(z0, κ) = max
τ

E0

{∫ τ

0
e−ρtπ(zt, κ)dt

}
(D.7)

d ln zt = µdt+ σdWt (D.8)

In order to derive the recursive form, first generalize the problem to allow for time

dependence in the value function, as
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v(zt, κ, t) = max
τ

Et

{∫ τ

t
e−ρ(s−t)π(zs, κ)ds

}
(D.9)

d ln zs = µds+ σdWs (D.10)

Differentiate both sides with respect to t

vt = −π(zt, κ) + ρv(zt, κ, t)− µzvz(zt, κ, t)−
σ2

2
z2vzz(zt, κ, t)

The left side is straightforward. The first term on the right side comes from the change in

the lower bound of integration, and the second term comes from the change in the discounting

term. The third and fourth terms account for the change in expectation of z which occurs

in with marginal change in time, according to the geometric Brownian motion process. In

the stationary equilibrium vt = 0 and v does not depend on t, and rearranging the equation

yields the recursive form for firms that continue to operate.

ρv(z, κ) = π(z, κ) + µzvz(z, κ) +
σ2

2
z2vzz(z, κ)

As it stands, the above equation simply values a firm that operates forever, as the option

value of exiting has been ignored. To account for the exit option, I also require v(z, κ) ≥ 0

everywhere. Then the full description of firm value is that it satisfies the above equation

except if that would imply v < 0, in which case v = 0 instead. The flow value for a given

state (z, κ) is ρv(z, κ), and when v ≥ 0 this equals the right side of the above equation,

but when v = 0 the value provided by the right side of the equation must be less than or

equal to zero, else the firm would not exit. Then the value satisfies one of the following
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complementarity conditions.

ρv(z, κ) = π(z, κ) + µzvz(z, κ) +
σ2

2
z2vzz(z, κ), v(z, κ) ≥ 0

ρv(z, κ) ≥ π(z, κ) + µzvz(z, κ) +
σ2

2
z2vzz(z, κ), v(z, κ) = 0

The above form reveals that finding v is a linear complementarity problem (LCP). Fortu-

nately, LCPs are well understood and the solution is not difficult to find computationally6.

A compact way to write the condition is

0 = min{v, ρv(z, κ)− π(z, κ)− µzvz(z, κ)−
σ2

2
z2vzz(z, κ)}

This is the form of a Hamilton-Jacobi-Bellman-Variational-Inequality.

D.4 CES implies constant markdown

Consider a production function y(n) and a labor supply curve n(w). The problem of a firm

is

max
w

y(n(w))− wn(w)

The optimality condition is

6. I use the Julia function mcpsolve from the NLsolve library.
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y′(n(w))n′(w) = n(w) + wn′(w)

Recognizing that y′(n) is the marginal revenue productivity of labor (MRPL) and defining

η(w) ≡ d lnn(w)
d lnw =

n′(w)w
n(w)

as the elasticity of labor supply, the above expression may be

rearranged to yield

w =
η(w)

η(w) + 1
MRPL

This fairly general result, that the wage markdown may be written as a function of the

labor supply elasticity alone, only requires the assumption that firms are profit maximizing.

The CES result is then trivial, as n(w) =
( w
W

)η
n implies the elasticity is constant for any

point on the supply curve: d lnn(w)
d lnw = η.

D.5 Variable Markdowns

In this section, I discuss the implications of allowing firms to face supply curves with variables

elasticities of substitution, a la Melitz and Ottaviano [2008] and discussed for goods demand

in the appendix of Autor et al. [2020]. This flexibility creates an additional force through

which markdowns may differ across firms, as the average markdown within a firm will not

depend not only on the composition of employment, as in the CES case, but also on the

scale of employment, as firms must move up labor supply curves and the elasticities for each

worker type vary.

Consider a worker seeking to maximize their earnings subject to a linear-quadratic con-

straint on their total amount of labor. In particular, their problem is
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max
n(w)

∫
wn(w)dF (w)

1 = αE[n(w)] +
β

2
V[n(w)]

E[n(w)] ≡
∫

n(w)dF (w)

V[n(w)] ≡
∫

(n(w))2 dF (w)

The optimality conditions are

w − λ (α + βn(w)) = 0

where λ is the Lagrange multiplier for the total labor constraint. Rearranging reveals linear

supply curves

w = α̃ + β̃n(w)

where the tildes are to indicate the changes in the constants due to the Lagrange multiplier.

The elasticity of supply on these curves is

d lnn(w)

d lnw
=

n′(w)w
n(w)

=

1
β̃
w

1
β̃
(w − α̃)

=
w

w − α̃

Unless α̃ = 0, the elasticity varies as firms move along the curve. When α̃ > 0, the
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elasticity approaches 1 from above, and when α̃ < 0, the elasticity approaches 1 from below.

By the reasoning in the previous section, that the wage markdown depends on the labor

supply elasticities alone, it is the case that markdowns also vary along the supply curve.

With supply curves like these, firms make scale and composition decisions accounting for the

fact that moving up supply curves may allow for increased or decreased optimal markdowns.

For example, in the CES case firms would never choose to scale down in order to obtain

more surplus per labor input, but with variable supply elasticities firms may consider this

option.
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APPENDIX E

MODEL WITH FIRM DYNAMICS AND WORKER DYNAMICS

I now build a model of the aggregate labor market of Australia, able to speak to patterns of

worker job and earnings dynamics, as well as firm dynamics in scale and skill composition.

The most novel aspect of the model is that the firm-level labor supply elasticity differences

between skill types arise endogenously, due to the interaction between worker search and

the equilibrium distribution of labor demands from other firms. Intuitively, all firms prefer

to employ high-skill workers, so it is, on average, more difficult to poach a high-skill worker

than a low-skill worker. Growing firms then skew their hiring toward low-skill workers.

Overview Time is continuous. Workers and firms are risk-neutral. Workers search when

unemployed and on-the-job for wage contracts that maximize their expected present dis-

counted value (EPDV) of earnings. Firms search for workers and offer contracts in order

to maximize their EPDV of profits. Potential firms enter whenever the EPDV of profits is

positive, and incumbent firms exit when their EPDV of continuing is negative.

Workers There is a unit mass of workers. The shares of low and high skill workers are

νL and νH . I will use ν to denote the vector of labor within a firm, with the convention

ν ≡ (νL, νH).

Firms There is an infinite mass of potential firms, all ex-ante identical. Upon choosing to

enter, a firm pays entry cost ce to draw initial skill-biased productivity (SBP) κ ∼ Hκ and

initial total factor productivity (TFP) z ∼ Hz, and start with ν0 > 0 workers1. The firm may

then continue operating indefinitely or exit at will, and at rate δf will exogenously dissolve,

1. In principle, there is no reason why firms could not start with ν0 = 0, but the vacancy cost formulation
I use below will imply that firms with zero workers face an infinite vacancy-posting cost, so it is more
tractable to assume firms start with some workers to keep these costs finite.
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sending their entire labor force to unemployment. The draw for SBP κ is permanent, and

the stochastic process for z is idiosyncratic across firms and obeys the infinitesimal generator

A. All firms produce an identical good, which is the numeraire, according to

Y (ν, z, κ) = z

(
ν
σ−1
σ

L + (κνH)
σ−1
σ

) σ
σ−1α

where σ ∈ (1,∞) is the elasticity of substitution between worker skill types and α ∈ (0, 1)

governs the returns to scale. Instantaneous profits are

π(ν, z, κ) = Y (ν, z, κ)− cf −W (·)

where cf are fixed operating costs. The wage bill W is not generally a function of (κ, ν)

alone, as there will be path dependence in wage determination, but I defer discussion of the

determination of wages to below.

Operating firms are continuously deciding who to hire, by determining vacancy-posting

toward each skill type of worker, and whether it makes sense to exit. In general, firms must

account for how the wage distribution of their labor force will evolve in making hiring, firing,

and exit decisions. However, the wage contracting structure I impose below allows me to

solve the model in allocations, and thus sidestep having to keep track of wage distributions.

Search and Wage Contracting I now specify the mechanics of the labor market. First,

I specify how workers and firms search and meet. Second, I describe the space of feasible

wage contracts, and how this restriction simplifies computing the equilibrium. Third, I lay

out the relevant Hamilton-Jacobi-Bellman and Kolmogorov Forward equations sufficient for

determining in equilibrium in allocations. Fourth, I show that the specified contract space
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allows for simple simulation of wage paths.

Workers search for firms when unemployed and on-the-job. Unemployed workers search

with a unit of search intensity, and employed workers search with ξ < 1 units of search

intensity, so that total search unit of type i are s = ui + (1 − ui)ξ, where ui is the un-

employment rate. Firms determine the number of vacancies to post in each labor market

i ∈ {L,H}, so aggregate vacancies are vi =
∫
v(x)dH(x), where H is the measure of firms

with state x, which I leave unspecified at present, but will below argue x = (ν, z, κ) under

the my specified wage contracting environment. The rate at which matches occur is deter-

mined by constant returns to scale matching technology m(v, s) = Avβs1−β . Therefore,

search is random within each skill market, but semi-directed in the sense that firms may

choose the number of vacancies for each skill. Thus, defining θi = vi
si as the tightness in

a market, workers find firms at rate p(θ) =
m(v,s)

s = Aθβ per unit of search and firms

find q(θ) =
m(v,s)

v = Aθβ−1 workers per vacancy posted, and for each match the probabil-

ity that the worker is unemployed is ϕi ≡ ui
si . At rate δ, workers exogenously separate to

unemployment.

Upon meeting, a Bertrand competition for the worker occurs, in the tradition of Postel-

Vinay and Robin [2002], where the incumbent firm and challenging firm may each offer

the worker a take-it-or-leave-it wage contract (if the worker is unemployed, unemployment

“offers" the wage contract of continued unemployment). I restrict the space of permissible

wage contracts as follows: A wage contract (V, ν, z, κ) is a legally binding agreement between

a worker and firm with the following conditions:

(i) The firm may fire the worker at will.

(ii) The worker may quit at will, including quitting to unemployment or to another firm.

(iii) Workers may not enter into any contractual agreements with other workers2.

2. This condition rules out workers forming legally binding contracts which then raise credible threats.
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(iv) As the state of the firm (ν, z, κ) evolves, the firm will update the worker’s wage so the

job continues to deliver value V to the worker, with the caveat

• If the firm can ever credibly show that firing the worker is preferred to maintaining

V , but that there exists V ′ ∈ (0, V ) such that the firm would maintain the worker,

then the contract is updated to (V ′, ν, z, κ), where V ′ the maximal value for which

the firing threat is credible.

(v) The firm will post vacancies in a “privately efficient" manner, meaning that the vacancy-

posting policy will maximize the sum of the surpluses of the firm and all of its workers.

This contract structure satisfies the assumptions prescribed in Bilal et al. [2022], in

particular limited commitment, mutual consent, external negotiation, internal negotiation,

and privately efficient vacancy-posting. It is similar in spirit to the contracts permitted in

Postel-Vinay and Turon [2010] and Lise et al. [2016], except in those settings all “firms" are

simply jobs, and thus the complexities that come from dealing with multiworkers firms are

sidestepped.

Generally, solving for the equilibrium wage contract (or lack thereof) between an arbitrary

worker and firm meeting is not possible in this class of models, as the wage contract may

depend on the entire wage distribution of workers within and between all firms. However,

the fact that the allocations of workers may be solved in terms of the joint surplus alone

allows for also solving for the equilibrium contracts between workers and firms at any given

meeting. The logic is to view the firm problem of hiring as a mean field game with HJB and

KF equations, and then realize that the KF equation is already solved, and the HJB is trivial

to solve given the joint surplus solution. For the HJB, at each meeting the firm and worker

take as given the stochastic process for (ν, z, κ) within the firm, as well as the joint marginal

For example, worker A could contract with worker B that if A does not receive an improved contract in
horizon ∆t, then A must quit. After ∆t has elapsed, the quitting threat is real, due to the contract, and if
the marginal value of the worker to the firm exceeds V ′, the worker will then receive the improved contract,
even though there is no real outside threat other than the arbitary internal contract.
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surplus from matching, and use these objects to value wage contracts and worker flows.

Then wage contracts may be found by solving the HJBs. For the contract and allocation

decisions to be optimal and feasible, the implied decisions from all meetings must generate

worker flows consistent with the assumed process for (κ, ν). As the wage contract structure

is already known to be consistent with the allocations from the solution of the joint surplus

alone, the KF must hold. This logic, of breaking the problem into choosing aggregate flows

and individual contracts, then checking they are consistent, is particular to the limitations

put on the wage contract space here, because the surplus problem is comparatively easy to

solve, whereas in general the surplus problem required to be solved for the KF will require

the distribution of wages as part of the state space, and thus be intractable.

A wage contract is a promise to update worker wages constantly so that worker value

of the job remains at a constant value, with renegotiation off the table unless either party

can credibly threaten to dissolve the match otherwise. Generally, solving for the equilibrium

wage contract (or lack thereof) between an arbitrary worker and firm meeting is not possible

in this class of models, as the wage contract may depend on the entire wage distribution

of workers within and between all firms. However, the fact that the allocations of workers

may be solved in terms of the joint surplus alone allows for also solving for the equilibrium

contracts between workers and firms at any given meeting. The logic is to view the firm

problem of hiring as a mean field game with HJB and KF equations, and then realize that the

KF equation is already solved, and the HJB is trivial to solve given the joint surplus solution.

For the HJB, at each meeting the firm and worker take as given the stochastic process for

(ν, z, κ) within the firm, as well as the joint marginal surplus from matching, and use these

objects to value wage contracts and worker flows. Then wage contracts may be found by

solving the HJBs. For the contract and allocation decisions to be optimal and feasible, the

implied decisions from all meetings must generate worker flows consistent with the assumed

process for (κ, ν). As the wage contract structure is already known to be consistent with
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the allocations from the solution of the joint surplus alone, the KF must hold. This logic, of

breaking the problem into choosing aggregate flows and individual contracts, then checking

they are consistent, is particular to the limitations put on the wage contract space here,

because the surplus problem is comparatively easy to solve, whereas in general the surplus

problem required to be solved for the KF will require the distribution of wages as part of

the state space, and thus be intractable.

It is instructive to work through the situations in which a wage contract will be renego-

tiated, before viewing the relevant value equations which determine how wages are set.

(i) Suppose a worker meets a challenging firm.

(a) If the challenger cannot profitably offer a contract which dominates their current

contract, no renegotiation will occur.

(b) If the challenger can profitably offer a dominating contract, but not enough so to

poach the worker, renegotiation will occur and yield an improve contract that is

minimally acceptable to keep the worker.

(c) If the challenger can profitably offer a dominating contract which the incumbent

cannot match, the worker will move to the challenging firm, and receive a contract

that is as valuable to them as the best possible contract the incumbent could have

offered.

(ii) Suppose (ν, z, κ) changes.

(a) If the marginal surplus from the match is negative, the match will dissolve, as no

wage contract can satisfy both the firm and the worker.

(b) If the marginal surplus share of the worker falls below zero, because future opportu-

nities for better wage contracts have worsened, but the total marginal surplus of the

match remains positive, the worker can credibly threaten to quit, so renegotiation

occurs, minimally improving the contract for the worker to prevent quitting.
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(c) If the marginal surplus share of the firm falls below zero, because future production

opportunities with the worker have worsened, but the total marginal surplus of the

match remains positive, the firm can credibly threaten to fire, so renegotiation

occurs, minimally improving the contract for the firm to prevent firing.

As the marginal surplus of a match is equal to the sum of the marginal worker value

and the marginal firm value (including all incumbent workers at the firm), it is sufficient to

consider the worker values for determining when and how contracts are updated. The value

of a contract V at firm (ν, z, κ) to a worker3 satisfies

ρV = w(V, ν, z, κ)− b+ (δ + δf )[0− V ]

+ ξp(θ)

∫ ∞

V
[min{Sν(ν, z, κ), S′

ν} − V ]dH(S′
ν)

+ B(ν, z, κ)[V ]

Discounting is at rate ρ. The first term is the flow surplus the worker earns from the

job, which is the wage net of the unemployment benefit they would earn if unemployed.

The second term accounts for exogenous separation by workers and exogenous dissolution of

firms. The third term accounts for the increases in value a worker may earn from meeting

other firms, where the maximal gain is the total marginal surplus of the current firm, but

other offers may induce a wage contract negotiation that raises the value at the current job

between the current value and maximal value of incumbent marginal surplus. The final term

accounts for flows in (ν, z, κ) that may affect the marginal value of the worker, accounting

for the asymmetry in how V may change so that when Sν increases V is unchanged, but

when Sν falls below V , then V will be updated to Sν . For a concrete example, suppose there

3. I drop type dependence here, to simplify notation, with the understanding that the logic applies to
each worker type.
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are only 3 points in the state space, with values a < b < c, and transitions occur according

to the following transition rate matrix.

B =


−0.1 0.05 0.05

0.2 −0.3 0.1

0.1 0.4 −0.5


If V ∈ (a, b) and at state b, then V will transition to value a at rate 0.2 as b → a, but will

remain unchanged if b → c. If V ∈ (a, b) and at state c, then V will transition to a at rate

0.1 but otherwise remaning unchanged if c → b. If V ∈ (b, c) and at state c, then V will

transition to b at rate 0.4 and to a at rate 0.1.

The above value equation determines wages. Upon any meeting or state change at a firm

for a worker, the new value for the worker is determined (i.e. when a challenger approaches,

the new value for the worker is either the current value, the full challenger surplus, or the

full incumbent surplus, when the firm state change, the new value is the minimum of the

previous value and marginal surplus of the worker). This value can then be used in the

above equation (along with the relevant (ν, z, κ), depending on where the worker works after

the negotiations are complete) to find the wage w(V, ν, z, κ) that satisfies the equation. This

approach allows for simple wage path simulation: draw worker meetings, separations, and

state changes, then determine how worker values are updated, then find the wages that yield

the values. The surplus equation is already solved, which allows for easy comparison of

worker value and marginal surplus for any challenger or state change.

Externalities It is worth clarifying all the externalities that exist in the quantitative model.

The first and most obvious externality arises due to congestion in vacancy-posting, as dis-

cussed by Hosios [1990]. Firms do not account for the fact that their vacancy-posting deci-
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sions contribute to aggregate vacancies, and tighten labor markets, thus resources are wasted

by overposting4. This first externality is concerned with inefficiently allocating workers be-

tween employment and unemployment.

The second externality is that firms do not internalize that their vacancy-posting choices

affect the type of firm a worker finds, as in Acemoglu [2001], and therefore low-productivity

firms do not internalize that their vacancies cause workers to find high-productivity firms at

a lower rate. This second externality is concerned with inefficiently allocating employment

across heterogeneous firms.

The third and final externality is the most subtle, and is that firms and workers do not

internalize that their decision to consummate a match affects the distributions of workers

and firms searching. The key idea raised by Kiyotaki and Lagos [2007] is that, conditional

on a meeting, a match will be consummated if positive surplus is generated for the meeting

parties, but this will impact the pool of worker and firm matches in the economy, which

affects the matching opportunities of all other workers and firms. In the present setting, the

concern is that some workers meet firms and, given the pool of workers and firms available, it

is optimal to consummate, but in fact a utilitarian planner would prefer that the match not

occur, as this will alter the distribution of matches in a way that generates better matches,

and to a large enough degree to justify missing out on the private gains. It is important to

note, however, that in contrast to the above two externalities regarding inefficient vacancy-

posting, this third externality concerns inefficient consummating of matches, conditional on

meeting, and would be present even with exogenous contact rates, as in Herkenhoff et al.

[2024].

The above discussion clarifies that there is potential for policy to improve upon the

decentralized allocation. Policies which alter the surplus share between firms and workers

would alter the incentives for vacancy-posting, and so could be useful in addressing the first

4. There could also be underposting, if workers received some share of the surplus when poached, but in
the present case the entirety of the surplus accrues to the firm.
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and second externalities, and a program aimed at coordinating matching between workers

and firms, such as through subsidizing firm search for workers that will generate the most

social surplus, could address the second and third externalities. The focus of this paper is

to document and explain the patterns of skill composition across firms, not to answer what

policies could reduce the inefficiencies in the labor market. I see further exploration on the

policy front as a fruitful for avenue for future work.
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APPENDIX F

KNOWLEDGE HIERARCHY EXTENSION

In the baseline model a firm’s workers are imperfectly substitutable by assumption, but it

is possible to provide a microfoundation for a firm to value teams of workers via production

in a knowledge hierarchy. Beyond providing a more satisfactory theoretical explanation

for why firms require teams of workers, as opposed to just collections of parallel jobs, this

addition brings predictions for the organizational structure of firms, which I can observe in

the microdata. This extension requires a fair amount of machinery not present in the main

text, and I am in the process of moving this work into a completely separate project.
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