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Abstract

This study treats cities as portfolios of industries and applies a portfolio frame-
work to jointly evaluate wage growth and time-series wage risk. Using U.S. data
from 1990 to 2020, it maps cities into a growth–risk space and constructs an
empirical efficient frontier, showing that larger cities lie closer to this frontier
primarily due to superior risk efficiency. A novel symmetric decomposition re-
veals that large cities’ growth advantage mainly reflects more favourable initial
industry composition, while their risk advantage is driven predominantly by lower
city-specific within-industry variance rather than cross-industry covariance, with
reallocation playing a secondary role. To shed light on the mechanisms suggested
by the decomposition, the analysis exploits U.S. trade liberalization with China
as a spatially varying exogenous shock. The results show that cities with greater
skill portability and more quality firms experience muted wage declines. Taken
together, the findings indicate that urban growth and risk outcomes reflect the
interaction between inherited portfolio structure and local adjustment capacity,
with the latter governing how industry shocks propagate over time.
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1 INTRODUCTION

Cities differ in how efficiently they balance wage growth and risk. Some sustain rapid wage growth

with little volatility, while others experience large swings with limited long-run gains. These differ-

ences become particularly salient during major aggregate shocks. When the 2008 financial crisis hit,

wages in Austin and Denver dipped mildly and volatility soon stabilized, whereas in Detroit and

Cleveland they fell sharply and remained unstable long after the recovery. What determines these

stark differences in cities’ risk-return performance?

Classic urban theories such as Marshallian agglomeration and labour market pooling highlight

how large cities achieve higher productivity and pool idiosyncratic firm-level risk through thicker

markets. Yet this emphasis on “urban advantages” leaves two facts insufficiently explained. First,

stability varies widely even among similarly large cities, with some exhibiting persistently high wage

volatility. Second, existing evidence centres on individual- or firm-level risk pooling, with limited

attention to two inherently aggregate margins operating at the city–industry level: industry-wide

shocks that affect all firms within a sector, and the co-movement of shocks across industries within

a city. These forces generate systematic wage risk that cannot be diversified through micro-level

mechanisms alone. Together, these limitations make it difficult to infer city-level resilience from

standard agglomeration mechanisms alone, motivating an approach that evaluates wage growth and

wage risk jointly and links aggregate volatility to cities’ industry-portfolio structure.

This paper views urban labour markets as portfolios of industries, akin to portfolios of assets

in financial markets. In this framework, city growth reflects both industry-level growth and the

evolution of industry weights, while aggregate wage volatility depends not only on the fluctuations of

individual industries but also on the covariance structure linking industries within a city. Unlike firm-

level risk pooling, which primarily mitigates firm-level idiosyncratic shocks, this portfolio perspective

directly captures how industry-wide shocks and their co-movement shape aggregate urban wage

risk. As in financial portfolio analysis, city performance cannot be summarized by wage growth

or wage volatility in isolation, but by how efficiently risk is transformed into return. We therefore

evaluate cities in a joint growth–risk space, analogous to the mean–variance framework in finance,

and measure efficiency by each city’s distance to an empirical efficient frontier. This portfolio-

based perspective provides a unified language for measuring, decomposing, and comparing cities’

growth–risk profiles, and helps explain both large cities’ growth–risk advantages and the persistence

of substantial differences in wage volatility among cities of similar size.

The portfolio lens also helps organize several long-standing urban debates that are often treated

separately. First, cross-city differences in industrial composition can be interpreted as differences in

portfolio strategy—diversification versus specialization—so the classic urbanization-versus-localization

question naturally becomes a return–risk question rather than a return-only one. Second, it reframes

the tension between structural path dependence and local adjustment: as in finance, where realized

performance reflects both passive exposure and active portfolio adjustment, cities with similar ini-

tial industry shares can nonetheless exhibit divergent growth–risk outcomes through differences in

subsequent industry reallocation and shock propagation. Third, it clarifies the limits of sectoral clas-

sifications as sufficient statistics for local economies. As in finance, where securities within the same

asset class differ in their risk and return profiles, an “industry” can embed distinct firm compositions

across cities, generating heterogeneous sources of growth and risk.
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The analogy to financial portfolios is informative but not literal, and its limits are central to

interpretation. First, unlike financial investors, cities do not freely choose or trade their “assets”:

industry composition emerge from firms’ location decisions and local equilibrium forces rather than

deliberate portfolio choice. Second, adjustment is also more costly and constrained, as reallocating

activity across industries requires firm entry and exit, worker mobility under institutional frictions,

making rapid reallocation far more limited than in financial markets. Third, industries are not

standardized assets: the same industry can embed different firm compositions and technologies

across cities, and there is no centralized market in which such claims are traded. Taken together,

these features imply that city performance reflects both industrial composition and locally mediated

adjustment, motivating a conceptual framework that measures efficiency without interpreting it as

frictionless optimization outcome. Finally, while this paper adopts an industry-based perspective, it

abstracts from other dimensions of urban performance—such as amenities and housing markets—

which may also shape cities’ growth–risk profiles and are natural extensions for future work.

The first part of the paper maps U.S. cities (CBSAs) into a growth–risk space by plotting

long-run wage growth against wage-growth volatility over 1990–2020, making the urban–finance

analogy operational. In this framework, industry wage growth plays the role of asset returns, while

citywide wage volatility reflects portfolio risk arising from both within-industry fluctuations and

cross-industry co-movement. Motivated by the mean–variance framework of Markowitz (1952), I

construct an empirical urban efficient frontier as the set of cities achieving the highest wage growth

for a given level of wage risk, and measure each city’s efficiency by its distance to this frontier. Two

patterns emerge. First, larger cities are consistently closer to the efficient frontier in every decade.

Second, the density gradient is more robust and economically meaningful for risk efficiency than for

growth efficiency.

I then develop a symmetric decomposition framework—akin to performance attribution in finance

(Brinson et al., 1986)—that decomposes both city growth and city risk into benchmark exposure,

industry reallocation, and an idiosyncratic residual, isolating the key margins underlying large cities’

efficiency advantage. The decomposition shows that large cities’ growth advantage primarily reflects

a more favourable initial industry mix. In contrast, their risk advantage is driven mainly by lower

idiosyncratic industry risk, with reallocation playing a secondary role. Further analysis indicates

that this lower idiosyncratic risk arises largely from a smaller aggregate contribution of within-

industry volatility rather than from cross-industry covariance. While diversification across industries

mechanically plays a central role in reducing the aggregate contribution of within-industry volatility,

within-industry characteristics—such as the number of establishments and the prevalence of medium-

to-large establishments—are also associated with lower risk. These decompositions are informative

about where large cities’ efficiency advantage comes from, but they do not by themselves establish

why some cities are better able to reallocate activity and absorb shocks, nor do the cross-sectional

correlations pin down causal mechanisms. Moreover, diversification and industry composition are

long-run equilibrium outcomes that primarily capture cities’ baseline exposure to shocks, rather

than their short-run adjustment capacity, making them difficult to interpret as causal mediators in

a short-run shock setting.

The second part of the paper therefore shifts from accounting to mechanisms, focusing on city

characteristics that govern adjustment capacity along the two margins motivated by the decomposi-

tion: skill portability, which facilitates employment reallocation across industries, and the prevalence

of medium-to-large establishments, which might buffer within-industry risk. I test these hypotheses

2



by exploiting U.S. trade liberalization with China, triggered by the granting of PNTR (Permanent

Normal Trade Relations), as an exogenous shock to local wage dynamics, using city-level exposure

measures constructed from the data in Pierce and Schott (2020). A dynamic difference-in-differences

approach reveals that by 2010, an interquartile-range (IQR) increase in skill portability attenuates

the wage decline associated with an IQR increase in PNTR exposure by approximately 1.8 log

points, offsetting roughly 49% of the baseline aggregate wage loss. A higher pre-shock prevalence

of medium-to-large establishments also buffers the shock, preserving about 1.0% of local wages and

insulating workers from 27% of the baseline effect. Complementary evidence from Compustat re-

veals that this within-industry resilience is fundamentally rooted in the micro-level financial and

operational advantages of corporate anchors, such as lower leverage and higher interest coverage.

Mediation analysis further demonstrates that these two structural channels account for over 75% of

the total scale-dependent resilience, effectively opening the “black box” of the urban size advantage.

By contrast, other city characteristics such as number of firms and industry diversification do not

exhibit statistically meaningful effects on wage responses to the China shock. This pattern suggests

that initial portfolio structure (industry mix and diversification) shapes cities’ long-run wage risk

through baseline exposure, while adjustment capacities related to human capital and firms govern

the short-run transmission of industry shocks. Observed urban outcomes reflect the interaction of

these two forces over time.

The paper contributes to several strands of the literature. First, it adds to the large body of

work on Marshallian agglomeration economies, labour market pooling and matching externalities

(Marshall, 1890; Duranton and Puga, 2004). To our knowledge, this is the first study to adopt an

urban portfolio perspective and to provide a unified framework that jointly quantifies the sources of

wage growth and wage risk, treating wage volatility as a margin of economic importance comparable

to mean growth. Existing studies explaining the volatility advantage of large labour markets mainly

emphasize more efficient worker–firm matching and lower adjustment costs (Conte et al., 2024;

Moretti and Yi, 2024), or the diversification of firms’ idiosyncratic productivity shocks (Krugman,

1991; Overman and Puga, 2010; Kikuchi and O’Connor, 2025). Whereas most existing studies

emphasize firm-level heterogeneity, this paper shifts attention to industrial composition as the key

determinant of urban growth and risk outcomes. In this respect, it is closely related to Heblich

et al. (2025), who documents the long-run productivity costs of early industrial specialization in

British cities, showing that a 0.1 increase in the Herfindahl index in 1881 is associated with about

a 24% reduction in productivity. While that study highlights the importance of initial industry

composition and path dependence—akin to initial portfolio weights—this paper further shows that,

beyond initial composition and diversification, cities’ long-run performance crucially depends on

adjustment margins such as skill portability and firm quality, which shape cities’ responses to adverse

industrial shocks and resemble active portfolio adjustment in finance.

Second, this paper contributes to the literature on the determinants of wage risk. Under in-

complete markets and borrowing constraints, uninsurable wage risk plays a central role in shaping

individuals’ life-cycle savings, consumption, and human capital investment (Levhari and Weiss,

1974; Aiyagari, 1994; Ganong et al., 2025), and can also amplify aggregate fluctuations in response

to economy-wide shocks (Debortoli and Gaĺı, 2024). Despite its importance, the existing literature

has focused predominantly on wage and earnings risk associated with individual characteristics such

as age and gender (Gottschalk et al., 1994; Gottschalk and Moffitt, 2009; Guvenen et al., 2017),

while paying relatively limited attention to the geographic dimension of wage risk. In particular,

how heterogeneity in local labour market structure generates systematic, place-based wage volatil-
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ity remains understudied. Recent urban models typically conceptualize uninsurable income risk

as individual-level productivity shocks evolving over the life cycle (Greaney et al., 2025). Even in

frameworks that explicitly incorporate location-specific income risk, such risk is usually taken as

an exogenous input rather than as an endogenous outcome of local economic structure and adjust-

ment processes (Ortalo-Magné and Prat, 2016; Hizmo, 2023), leaving the spatial origins of wage risk

dynamics largely unexplored.

Third, this paper relates to an emerging urban-finance literature that views location choice

as an intertemporal investment or self-insurance decision (Ortalo-Magné and Prat, 2016; Morten,

2019; Bilal and Rossi-Hansberg, 2021; Anstreicher, 2024). The closest related study is Bilal and

Rossi-Hansberg (2021), who model locations as “assets” that entail current housing costs and future

payoffs and whose positions can be adjusted through migration across places. We complement this

perspective by emphasizing that locations differ not only in expected growth opportunities but also

in the risk associated with those returns. Viewing cities as portfolios of industries, our framework

implies that individuals choosing a location effectively hold a share of a local portfolio, exposing

them to a distinct combination of expected growth and risk shaped by the city’s industrial structure

and its evolution over time.

The remainder of the paper is organized as follows. Section 2 maps cities into a growth–risk

space by viewing them as portfolios of industries, evaluates growth–risk efficiency, and decomposes

wage growth and risk using a symmetric attribution framework. Section 3 describes the data used

in the descriptive analysis and the event study. Section 4 exploits the China trade shock to examine

how city characteristics shape wage dynamics. Section 5 concludes.

2 MAPPING CITIES INTO THE GROWTH–RISK SPACE

2.1 Cities as portfolios

Each dot represents a portfolio

Optimal combinations 

of  risk and return

The Efficient Frontier (Markowitz, 1952) 

Risk (standard deviation 𝜎)

Expected

Return

E(r)

A

B C

Figure 1: Efficient frontiers in finance and urban world

Figure 1 introduces the central analogy of the paper by mapping both financial portfolios and
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cities into a common growth–risk space. The left panel illustrates the canonical mean–variance

framework in finance (Markowitz, 1952). Each point represents a feasible portfolio constructed from

the universe of risky assets, with expected return on the vertical axis and return volatility on the

horizontal axis. The efficient frontier traces the upper envelope of the opportunity set: it consists

of portfolios that achieve the highest expected return for a given level of risk, or equivalently, the

lowest risk for a given level of return. The right panel applies the same mapping to U.S. core-based

statistical areas (CBSAs) using data from Quarterly Census of Employment and Wages (QCEW),

plotting cumulative real wage growth against the time-series standard deviation of real wage growth

over 1990–2020. The urban efficient frontier is constructed empirically by tracing the upper envelope

of the city cloud: cities are sorted by risk, record-high growth observations define an outer frontier,

this is augmented with a second near-frontier layer for robustness, and a smooth cubic-spline curve

is fitted through the resulting hull points, which together define the set of empirically efficient cities.

The analogy becomes natural once cities are viewed as portfolios of industries. Industries corre-

spond to assets, and a city’s employment shares correspond to portfolio weights. Aggregate wage

growth reflects the weighted average of industry-level growth, while aggregate wage risk depends

jointly on within-industry volatility and cross-industry covariance. As in finance, diversification

reduces aggregate risk only to the extent that shocks are imperfectly correlated across industries.

Cities therefore occupy distinct positions in the growth–risk space, depending on both their exposure

to heterogeneous industry assets and the structure of co-movement across industries. As illustrated

in Figure 1, cities such as Seattle and Boston lie close to the urban efficient frontier, combining strong

long-run growth with moderate risk, whereas cities such as Detroit lie well inside the frontier, ex-

hibiting high wage volatility without commensurate returns. Interestingly, comparing the 50 largest

cities (orange) with the 50 smallest (blue) reveals a clear pattern: large cities lie systematically closer

to the efficient frontier, while smaller cities are more dispersed and farther from it.

Importantly, the portfolio analogy is descriptive rather than normative. Cities do not optimally

choose or freely rebalance portfolios as financial investors do; industrial composition evolves through

firm dynamics, worker mobility, and local adjustment frictions. The value of the analogy lies in

elevating wage volatility to a first-order object of comparison and in providing a coherent way to

trace its sources. Wage volatility is economically salient because it is the risk borne by workers:

by locating in a city, they pay housing and mobility costs in exchange for expected wage growth,

while remaining exposed to fluctuations in that wage path—much like investors holding a risky

asset. Evaluating cities in a joint growth–risk space offers a unified language for comparing urban

performance and sets the stage for the decomposition of growth and risk into exposure, reallocation,

and idiosyncratic components developed in subsequent sections. See Appendix A for details on the

rationale and empirical implementation of the efficient frontier.

2.2 Measuring City Portfolio Efficiency

To move beyond visual comparisons and quantify the growth-risk efficiency of city portfolios, this

paper introduces three related distance-based measures, drawing on insights from Kandel and Stam-

baugh (1995), Li et al. (2003), and Basak et al. (2002). As shown in the left panel of Fig 2, the first

is an overall measure—the efficiency gap—defined as the shortest Euclidean distance from a city

to the efficient frontier in the normalized growth–risk space, with smaller values indicating higher

growth–risk efficiency. Two complementary directional measures characterize where this inefficiency
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comes from. The growth gap is the vertical distance to the frontier and captures, for a given level

of wage risk, how much growth a city forgoes relative to its most efficient counterpart. The risk gap

is the horizontal distance and measures, for a given level of wage growth, the excess volatility borne

relative to the most efficient benchmark. While these two gaps are mechanically correlated, they em-

phasize distinct dimensions of inefficiency—foregone growth versus avoidable risk. Compared with

conventional portfolio efficiency measures in finance, such as the Sharpe ratio, these distance-based

metrics do not require a risk-free asset, making them particularly well suited to the urban context.

A natural question is whether large cities operate more efficiently than small ones when evaluated

in a joint growth–risk space. While the agglomeration literature primarily documents scale advan-

tages in levels or growth, it remains largely silent on how growth and volatility jointly scale with city

size. In the right panel of Figure 2, I address this question by estimating a simple cross-sectional

regression for the period 1990–2020, relating each efficiency measure to initial city size:

EffiGapc = β lnPopc + εc. (1)

I then plot the estimated coefficient β for each decade and for each of the three efficiency gaps. A

negative β indicates that larger cities lie closer to the efficient frontier, while a positive β implies

greater size inefficiency. For all three gap measures, the coefficient on initial log population is

negative and statistically significant. Larger cities therefore tend to be closer to the growth–risk

frontier. See Appendix A for more details.

Measures of  city portfolio efficiency

Risk (𝜎 of  real wage growth)

Real wage 
growth Efficient frontier

Growth gap

Risk gap NYC

Efficiency 
gap

Detroit

Shortest distance to efficient frontier as 
a measure of  city’s efficiency

Figure 2: Efficiency measures and density gradients of efficiency gaps. The left panel illus-
trates three efficiency measures in normalized growth–risk space: the overall efficiency gap
(Euclidean distance to the efficient frontier), the growth gap (vertical distance), and the risk
gap (horizontal distance). The right panel reports coefficients from cross-sectional regressions
of each efficiency measure on initial log city population.
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2.3 Decomposing City Growth and Risk

2.3.1 Decomposition analysis

Equipped with our measure of portfolio efficiency, we unpack the drivers behind cities’ growth and

risk. A broad urban literature emphasizes that larger and more diversified cities benefit from agglom-

eration economies, thicker labour markets, knowledge spillovers, and a wider set of risk-sharing and

adjustment margins that foster both higher growth and greater resilience. Yet these mechanisms

do not readily deliver a quantitative accounting of how much of a city’s subsequent performance

reflects (i) its inherited industry composition—i.e., path dependence—versus (ii) the endogenous

re-weighting of industries in response to shocks and evolving opportunities. A key contribution of

our viewing cities as industry portfolios is that it allows us to import the portfolio performance

attribution framework from finance (Brinson and Fachler, 1985; Brinson et al., 1986), providing a

transparent quantitative structure to evaluate city portfolios’ performance and to separate baseline

composition effects from dynamic reallocation and idiosyncratic components.

Before moving to the decomposition, it is useful to note that, at any point in time t, the expected

return (i.e., real wage growth) Gc,t and variance (i.e., the variance of real wage growth) σ2
c,t of a city

portfolio are given by

Gc,t =
∑
i

si,c,t gi,c,t and σ2
c,t = s′c,t Ωc,t sc,t, (2)

where si,c,t denotes the employment share of industry i ∈ J in city c at time t, and gi,c,t is the

expected growth of industry i at time t, which can be decomposed into a national common component

and a city–industry-specific component, gi,c,t = gNi,t+ g̃i,c,t. sc,t is the vector of industry employment

shares in city c at time t, and Ωc,t is the J × J covariance matrix of industry real wage growth,

whose diagonal elements capture industries’ own variances and whose off-diagonal elements capture

pairwise covariances across industries. We further allow Ωc,t to consist of a national common

component, reflecting industry-level variance–covariance patterns at the national level, and a city-

specific component that captures deviations from this national benchmark: Ωc,t = ΩN
t + Ω̃c,t.

We now turn to the evolution of city portfolios over time and decompose real wage growth and

risk using an approach borrowing the insights from the portfolio performance attribution framework

pioneered by the Brinson model (Brinson et al., 1986). 1 The cumulative real wage growth over the

1Three remarks clarify the relationship between our decomposition and the Brinson framework. First, our approach
is inspired by Brinson-style performance attribution but is not identical: the original Brinson model decomposes
returns rather than risk. Risk-adjusted attribution methods exist (e.g., Ankrim, 1992), but they typically build on
CAPM-style beta and link systematic risk to expected returns. In the urban setting, however, risk need not be priced
in the same way because industry “assets” are not frictionlessly traded. We therefore decompose wage-growth risk
symmetrically to wage growth itself. Second, whereas Brinson benchmark weights are interpreted as long-run policy
weights chosen by an investment manager, our benchmark uses initial industry shares, reflecting that cities do not
commit to an explicit long-run portfolio policy. Third, for parsimony we combine the Brinson selection component,
si,c,0(gi,c,t−gNi,t), and the interaction component, (si,c,t−si,c,0)(gi,c,t−gNi,t), into a single idiosyncratic-growth term.
This is consistent with the view that the interaction term is not a distinct margin of active decision-making and is
often grouped with selection in practice (Campisi, 2004; Bacon, 2019).
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horizon T can be decomposed into:

Gc,T =
∑
i,t

si,c,0 g
N
i,t︸ ︷︷ ︸

Benchmark growth

+
∑
i,t

(si,c,t − si,c,0) g
N
i,t︸ ︷︷ ︸

Reallocation gain

+
∑
i,t

si,c,t (gi,c,t − gNi,t)︸ ︷︷ ︸
Idiosyncratic growth

, (3)

where the first term captures benchmark growth, defined as the cumulative wage growth a city

would experience if it retained its initial industry employment shares at t = 0 while each indus-

try grew at its national rate gNi,t. This component corresponds to the passive return in portfolio

performance attribution, reflecting the contribution of initial portfolio weights evaluated at bench-

mark returns; for example, cities such as San Jose or San Francisco, with large initial exposure to

nationally fast-growing technology and professional service sectors, exhibit high benchmark growth

even absent local adjustment. The second term captures the excess return or loss generated by

changes in employment shares, si,c,t − si,c,0, across industries i ∈ J , evaluated at national industry

growth rates over the period. This component represents an active return analogous to timing or

tactical asset allocation, reflecting cities’ ability to reallocate labour across industries subject to

skill specificity and adjustment frictions. Manufacturing-intensive cities such as Detroit, where hu-

man capital is highly industry-specific and reallocation costs are high, exhibit limited rebalancing,

whereas cities like Austin might face lower adjustment frictions and more swiftly shift employment

toward expanding sectors. The third term captures idiosyncratic growth, defined as within-industry

performance relative to national benchmarks gi,c,t− gNi,t and weighted by contemporaneous industry

shares, and is directly analogous to security selection in portfolio performance attribution—namely,

how assets within a given sector perform relative to their benchmark index.2 Its sign and magnitude

are a priori ambiguous and may vary with city size: large cities may exhibit stronger within-sector

outperformance due to density economies and higher-quality firms, while smaller cities may display

more pronounced within-sector convergence (catch-up) dynamics.

In parallel, it is not hard to show that total wage growth risk over the same horizon can be

approximated by an analogous decomposition into three components:

σ2
c,T ≈ s′c,0Ω

N
T sc,0︸ ︷︷ ︸

Benchmark risk exposure

+
(
s′c,t Ω

N
T sc,t − s′c,0 Ω

N
T sc,0

)
︸ ︷︷ ︸

Reallocation risk

+ s′c,t(Ωc,T −ΩN
T )sc,t︸ ︷︷ ︸

Idiosyncratic risk

, (4)

where the first term, s′c,0Ω
N
T sc,0, captures benchmark risk exposure, defined as the variance of real

wage growth a city would face if it retained its initial industry employment shares sc,0 throughout the

horizon and were exposed to the national variance–covariance structure of industry wage growth,ΩN
T .

This component reflects passive risk exposure inherited from initial industrial composition: for ex-

ample, cities initially specialized in highly volatile or strongly co-moving industries—such as energy-

oriented cities like Houston or manufacturing-intensive cities like Detroit—mechanically exhibit

higher benchmark risk even absent any local adjustment. The second term captures reallocation-

driven risk changes and is defined as the difference between the time-averaged quadratic form

s′c,tΩ
N
T sc,t and the benchmark exposure s′c,0Ω

N
T sc,0. Holding the national covariance matrix fixed

isolates the contribution of changes in industry weights, highlighting how cities actively mitigate

or amplify wage risk through reallocation: cities able to shift employment away from negatively

shocked, highly volatile, or strongly co-moving industries toward more stable or weakly correlated

2Notable, throughout the paper, “idiosyncratic” growth and risk are defined relative to national industry bench-
marks, rather than as micro-level noise that can be diversified away.
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sectors—such as diversified service-oriented metros—can reduce overall risk, whereas cities facing

high adjustment frictions remain exposed to adverse risk structures. The third term captures id-

iosyncratic risk, defined as the time-averaged quadratic form s′c,t(Ωc,T −ΩN
T )sc,t, which reflects

city-specific deviations in the variance–covariance structure of industry wage growth. This com-

ponent captures how local production networks and shock-transmission mechanisms—often more

constrained in smaller or less diversified cities—shape realized wage risk beyond what is implied by

national industry risk alone.

Under this decomposition, we now turn to the empirical drivers of growth and risk efficiency in

large versus small cities over the 1990–2020 period. Figure 3 summarizes the evidence on real wage

growth. Panel (a) reports cumulative real wage growth for large cities (CBSAs with employment

above 0.1 million) and small cities (CBSAs with employment below 0.1 million), documenting a

modest growth advantage associated with city size. Panel (b) decomposes this advantage by plotting

the large–small difference in each of the three components of Eq. 2.3.1. The figure shows that

large cities outperform primarily through higher benchmark growth—reflecting a more favourable

initial industry mix, but not through a larger idiosyncratic growth component or reallocation.3

Panel (c) plots the cumulative contribution of each component separately for large and small cities,

showing that benchmark growth associated with initial industry mix accounts for the largest share

of overall city growth, echoing evidence from finance that benchmark portfolio weights explain most

realized returns (on average 93.6% in Brinson et al. (1986)). Taken together, Figure 3 indicates that

benchmark growth is the dominant component of city wage growth and accounts for most of the

large-city growth advantage.

We treat the second moment of wage growth as a margin of importance comparable to mean

wage growth. Figure 4 summarizes the three components of risk in Eq. 2.3.1 and delivers two key

insights. First, large cities are not ex ante safer under the national industry variance–covariance

matrix: across the three decades, they exhibit higher benchmark risk exposure, indicating greater

exposure to systematic covariance risk embedded in the national industry structure. Second, large

cities nonetheless display lower realized wage volatility ex post, mainly because they have lower

idiosyncratic risk and, to a lesser extent, lower reallocation risk. This implies that the risk advantage

of large cities is driven primarily not by lower benchmark exposure, but by smaller city-specific

departures from the national variance–covariance benchmark in the industry pairs most relevant to

their employment portfolios.

2.3.2 Discussion of mechanisms

Given that lower idiosyncratic risk—defined as the contribution of city-specific deviations in the

variance–covariance structure of industry wage growth from the national benchmark—is the primary

driver of large cities’ relative risk efficiency, it is natural to ask how large cities “manage risk”

beyond their inherited exposure under initial industry composition. Figure 5 further decomposes

this idiosyncratic risk component into overall contributions from industries’ own variances and from

pairwise covariances across industries. Formally, the idiosyncratic risk term in Eq. 2.3.1 can be

3Lower idiosyncratic growth component may appear counter-intuitive, as one might expect stronger within-industry
growth in large cities due to superior firm quality and density economies. We reconcile this finding with inter-
city growth convergence documented in Ganong and Shoag (2017). Indeed, conditional on initial wage levels, the
idiosyncratic growth component is higher in large cities.
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(a) (b)

(c)

Figure 3: Decomposition analysis of real wage growth. Panel (a) plots cumulative real wage growth
for large and small CBSAs over 1990–2020. Panel (b) shows the cumulative large–small gap in
each component from Eq. 2.3.1. Panel (c) reports the cumulative contributions of benchmark,
reallocation, and idiosyncratic growth by city size. Real wage growth is constructed from QCEW
data. All series are unweighted city averages, reflecting the behavior of the typical city rather than
population-weighted aggregates. Large (small) cities are CBSAs with initial (1990) employment
above (below) 0.1 million.
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Figure 4: Risk decomposition of real wage growth risk, measured as the time-series variance of
real wage growth by city size. The figure reports the benchmark, reallocation, and idiosyncratic
risk components defined in Eq. 2.3.1. Bars show unweighted averages across CBSAs over 1990-
2020, plotted separately for large and small cities. Data are from the QCEW.

Figure 5: Decomposition of idiosyncratic wage-growth risk into within-industry and inter-
industry components by city size. The figure reports the idiosyncratic risk term in Eq. 2.3.1,
further decomposed into idiosyncratic within-industry variance (diagonal elements) and id-
iosyncratic inter-industry covariance (off-diagonal elements). Bars show unweighted averages
across CBSAs over 1990-2020, plotted separately for large and small cities. Data are from the
QCEW.
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written as:

s′c,t(Ωc,T −ΩN
T )sc,t =

∑
i

s2i,c,t
(
σ2
i,c,T − σ2,N

i,T

)
︸ ︷︷ ︸

Idiosyncratic variance

+
∑
i̸=j

si,c,tsj,c,t
(
σij,c,T − σN

ij,T

)
︸ ︷︷ ︸

Idiosyncratic covariance

, (5)

where si,c,t denotes the employment share of industry i in city c at time t, σ2
i,c,T and σij,c,T denote,

respectively, the local variance of industry i and the covariance between industries i and j over

horizon T , and superscript N indicates their national counterparts. The first term therefore captures

within-industry variance deviations (idiosyncratic variance), while the second captures inter-industry

covariance deviations (idiosyncratic covariance). A key observation from Figure 5 is that the lower

idiosyncratic risk observed in large cities is driven primarily by systematically lower within-industry

variance, rather than by weaker inter-industry covariance. This pattern suggests that large cities

exhibit lower risk primarily through more stable within-industry outcomes, rather than through a

reshaping of cross-industry co-movement.4

To understand the relatively small contribution of within-industry variance in Eq. 2.3.2, it is

useful to recall a basic diversification logic from portfolio theory. As industry employment shares

become more dispersed, the contribution of assets’ own variance mechanically declines with diversi-

fication: as shares spread across industries, the term
∑

i s
2
i,c,t decreases, reducing the weight placed

on industry-specific variance and shifting importance toward covariance terms. Importantly, diver-

sification is not the only force shaping overall contribution of within-industry risk. Even holding the

degree of diversification fixed, cities may differ in their exposure to idiosyncratic variance if their

constituent industries are, on average, more volatile relative to national benchmarks. To separate

these two channels, we rewrite the within-industry idiosyncratic risk component as the product of an

HHI-based measure of industry concentration and a concentration-adjusted average excess industry

variance. This decomposition allows us to distinguish the mechanical effect of diversification from

differences in the volatility profile of industries that shapes overall within-industry risk:

∑
i

s2i,c,t
(
σ2
i,c,T − σ2,N

i,T

)
=

∑
i

s2i,c,t︸ ︷︷ ︸
HHI

×
∑

i s
2
i,c,t

(
σ2
i,c,T − σ2,N

i,T

)∑
i s

2
i,c,t︸ ︷︷ ︸

HHI-adjusted excess variance

. (6)

and Figure 6 plots the two components in Eq. 6. Large cities exhibit both greater industry diversity

(lower HHI) and lower HHI-adjusted excess variance. Even conditional on diversity level—which ac-

counts for most of the variation (a slope of -0.025)—constituent industries in larger cities on average

are less volatile relative to national benchmarks (a slope of 0.001). This echoes the labour-market

pooling view that thicker local labour markets allow establishments within a sector to better ab-

sorb idiosyncratic establishment shocks (Krugman, 1991; Overman and Puga, 2010). More broadly,

the within-industry risk advantage might operate through two channels: a larger number of estab-

lishments, which generates diversification of establishment-level shocks within sectors, and higher

establishment quality, which dampens the pass-through of sectoral shocks to wages through richer

internal adjustment margins such as reorganization and product-mix adjustment. The latter hypoth-

4Appendix B.2 provides additional evidence based on city–industry–level regressions. The results show that,
conditional on industry, within-industry wage-growth variance is on average lower in larger cities, whereas, conditional
on an industry pair, cross-industry covariance is on average higher in larger cities. This pattern is consistent with
stronger inter-industry linkages and home-market effects in large cities, which tend to raise co-movement across related
sectors.
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esized channel aligns with recent work showing that larger and less distorted firms optimally invest

more in risk management, as the gains from reducing productivity risk scale with firm size whereas

parts of the organizational and risk-management costs are largely size-invariant, leading to lower pro-

ductivity volatility and weaker comovement with aggregate conditions (Kopytov et al., 2025). Using

Spanish data, (Kopytov et al., 2025) show that larger firms are more likely to have Chief Risk Officer

and implement Enterprise-wide Risk Management systems. Figure 7 documents a negative relation-

ship between the HHI-adjusted excess variance and both the number of establishments (panel a)

and establishment quality—proxied by the city employment share in medium-to-large establishments

with more than 100 employees (panel b), consistent with the relevance of both channels.

Taken together, the decomposition shows that benchmark exposure largely governs the level

of city growth and risk through path dependence embedded in initial industry composition. At

the same time, large cities distinguish themselves through superior active adjustment, reflected in

stronger reallocation gains in wage growth and systematically lower idiosyncratic components of

wage-growth volatility. These two margins map naturally into distinct underlying mechanisms.

Reallocation gains hinge on cities’ ability to redeploy labour across industries, a process constrained

by the across-industry portability of workers’ skills, which determines how easily displaced workers

can move from declining and volatile industries to more stable and expanding ones without large

productivity losses or prolonged unemployment spells, thereby shaping both average wage growth

and the volatility of wage adjustments. By contrast, the idiosyncratic risk advantage of large cities

reflects weaker local amplification of industry-specific shocks, operating primarily through more

stable within-industry outcomes rather than reduced cross-industry co-movement, and is plausibly

linked to establishment-level characteristics such as firm scale and internal adjustment capacity.

While the preceding analysis provides a transparent accounting of the sources of large cities’

growth and risk advantages, it remains descriptive and does not establish causality. Initial industry

mix and across-industry diversification are slow-moving state variables that shape cities’ long-run

exposure to industry-level risk, but do not by themselves govern how shocks are transmitted once

they occur. Similarly, within-industry establishment counts primarily affect exposure to firm-level

idiosyncratic risk, rather than the propagation of shocks that originate at the industry level. To

isolate the causal role of local adjustment capacity in shaping shock transmission, Section 4 exploits

the China trade liberalization as an exogenous disturbance to local labour markets. We focus

on two margins that plausibly govern the propagation of industry shocks—skill portability and

establishment quality—and examine whether cities with greater average worker skill portability and

a higher share of employment in medium-to-large establishments exhibit a more muted transmission

of industry shocks into wage fluctuations, using an event-study framework with heterogeneous shock

intensity across cities arising from differences in initial industrial structure. Appendix B.3 presents

a heuristic theoretical framework that helps rationalize the intuition behind these two mechanisms.
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Figure 6: Industry concentration and HHI-adjusted contribution of within-industry idiosyncratic risk by city size.
Panel (a) presents a binscatter of cities’ initial industry concentration, measured by the Herfindahl–Hirschman Index
(HHI) in 1990, against log city employment. Panel (b) presents a binscatter of the HHI-adjusted excess within-industry
variance component defined in Eq. 6, plotted against log city employment and averaged across three decades. In both
panels, the solid line shows fitted values from an OLS regression, with the estimated slope reported in parentheses.
Data are from the QCEW.

Figure 7: HHI-adjusted excess within-industry idiosyncratic risk and city-level establishment character-
istics. Panel (a) presents a binscatter of the HHI-adjusted excess within-industry variance component
defined in Eq. 6 against the log number of establishments. Panel (b) presents a binscatter of the same
measure against establishment quality, proxied by the city employment share in medium-to-large estab-
lishments with more than 100 employees. In both panels, the solid line reports fitted values from an OLS
regression, with the estimated slope reported in parentheses. Data are from the QCEW and the CBP.
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3 DATA

This section describes the data used in the analysis. It first introduces the wage and employment

data used to construct city-level measures of wage growth and time-series wage risk underlying the

portfolio analogy and growth–risk decomposition. It then presents the data used to construct two

city characteristics capturing local adjustment capacity: a novel measure of skill portability and the

establishment quality. Finally, it describes the data used in the event-study analysis of the China

trade liberalization shock, which illustrates the transmission of sectoral shocks across cities. See

Appendix C for more details.

3.1 Wage and employment

The data on annual wages and employment counts from 1990 to 2020 are drawn from the publicly-

available Bureau of labour Statistics Quarterly Census of Employment and Wages (BLS QCEW),

which provides quarterly county–industry administrative records based on employer filings under

state unemployment insurance (UI) programs and is aggregated to 2013 CBSAs. This paper focuses

on the private sector, where wages and employment are primarily determined by market forces rather

than institutional pay-setting. Our baseline analysis uses NAICS 4-digit industries, comprising 305

unique industries observed over the sample period. Wages are measured as QCEW average annual

pay, defined as total annual payroll divided by average monthly employment, which provides a

comprehensive, administratively recorded measure of per-worker labour income, including salaries,

bonuses, tips, and other cash compensation, though it may also reflect changes in hours and workforce

composition. Quarterly data are averaged to annual values and deflated using the BLS CPI-U. Real

wage growth is computed as logarithm difference gcit = lnwcit − lnwci,t−1, and real wage risk for a

given period is measured as σcip = sd({gcit}t∈p).

3.2 Skill portability

Skill portability is treated as an initial city characteristic measured prior to the China trade shock.

We construct skill portability using individual-level data from the 1990 5% IPUMS sample. The

sample is restricted to employed, private-sector wage and salary workers who worked at least 40

weeks in the previous year and usually worked at least 35 hours per week, and their industry and

occupation information is used to construct baseline city-level measures. 5

A growing literature emphasizes that human capital specificity is primarily skill- rather than

industry-based (Poletaev and Robinson, 2008), implying that cities’ adjustment to sectoral shocks

depends on the extent to which existing skills can be redeployed across industries. Most existing

measures of skill portability focus on individual outcomes, such as task similarity or wage changes

following job switches (Gathmann and Schönberg, 2010; Yi et al., 2017; Manning and Aguirre, 2025).

While informative about individual mobility, these approaches do not capture cross-city differences

5Because the 1990 state sample identifies geography only at the PUMA level and suppresses metropolitan area infor-
mation, we follow Albouy et al. (2016) and assign counties and CBSAs to PUMAs using the MABLE98/Geocorr1990
crosswalk provided by the Missouri Census Data Center (https://mcdc.missouri.edu/applications/geocorr1990.
html).
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in the aggregate redeployability of skills or cities’ capacity to reallocate workers across industries in

response to large sectoral shocks.

To capture this spatial difference in labour mobility, this paper develops a novel measure of

a city’s skill portability as the expected probability that a worker can reallocate to another local

industry while remaining in the same occupation.6 This measure builds on the assumption that each

occupation represents a bundle of occupation-specific skills that can be deployed across multiple local

industries. Consider a worker employed in occupation–industry cell (o, j) in city c. Conditional on

staying in occupation o, the probability of being re-employed in a different industry j′ ̸= j equals

(1 − scj|o), where scj|o ≡ Ec
oj/E

c
o denotes the employment share of industry j within occupation o

in city c. Aggregating over all occupation–industry cells yields the city-level average reallocation

probability:

Pc =
∑
o,j

scoj
(
1− scj|o

)
=

∑
o

scoD
c
o, Dc

o = 1−
∑
j

(
scj|o

)2
, (7)

where scoj = Ec
oj/L

c is the fraction of total city employment Lc accounted for by occupation–

industry cell (o, j), and sco = Ec
o/L

c =
∑

j E
c
oj/L

c denotes the share of occupation o in the city’s

overall employment. The first equality follows from the law of total probability: the overall re-

allocation probability equals the weighted average of within-occupation conditional probabilities.

Collecting terms by occupation and substituting scj|o = Ec
oj/E

c
o yields the second equality, where

skill portability is expressed as an occupation-share-weighted measure of local cross-industry dis-

persion, Dc
o = 1 −

∑
j

(
scj|o

)2
, which increases when a given occupation is more evenly distributed

across industries.

Intuitively, Pc captures a city’s reallocation flexibility—the likelihood that workers can shift

across industries without changing occupations when an industry-specific shock occurs. Occupa-

tions concentrated in a single industry (e.g., airline pilots, steelworkers) rely on highly specific

skills and contribute little to Pc, whereas occupations spanning multiple sectors (e.g., accountants,

software engineers, sales managers) embody more general, portable skills and contribute more. By

construction, Pc is related to a city’s industrial diversity but emphasizes its occupational and human-

capital dimension, capturing how broadly each occupation’s skills are deployed across industries. As

a probability-based measure, Pc also reflects the scale advantage of larger cities, which tend to host

a more complete set of occupations within each industry. Cities with higher Pc should therefore be

more resilient to sectoral shocks, adjusting more efficiently through within-occupation reallocation

and experiencing lower uncompensated wage volatility. As shown in Fig. 8, skill portability lies pre-

dominantly between 0.55 and 0.8 and is higher in larger cities, reflecting their broader occupational

presence across industries, but increases with city size at a diminishing rate as occupation–industry

6A closely related measure of skill transferability is proposed by Yi et al. (2024), who infer cross-sector economic
distance from wage changes of exogenously displaced workers who switch sectors. While their empirical design carefully
addresses selection into switching, the resulting wage-based measure captures the price of reallocation conditional on
switching. By contrast, our probability-based measure of skill portability captures the feasibility of within-occupation
reallocation implied by local industry structure. Moreover, wage changes upon switching may still reflect contem-
poraneous demand conditions in destination sectors and therefore need not map one-to-one into underlying skill
compatibility. The trade-off of our approach is that it abstracts from wage outcomes and treats human capital as
predominantly occupation-specific, an assumption supported by evidence that occupations account for substantially
more variation in worker outcomes than sectors (e.g. Kambourov and Manovskii (2009); Traiberman (2019)). Never-
theless, other strands of the literature emphasize the role of industry-specific human capital (e.g. Neal (1995); Parent
(2000)).
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coverage approaches completeness.
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Figure 8: Skill portability and city size. Skill portability is constructed from the
1990 5% IPUMS sample as the occupation-share-weighted probability of reallocat-
ing across local industries while remaining in the same occupation (see equation 7).
Cities (CBSAs) are grouped into 100 quantiles by log employment; points show
within-bin means.

3.3 Establishments and leading-firm

The U.S. County Business Patterns (CBP) dataset provides county–industry information on the

number of establishments by employment size class.7 Using the 1990 CBP data, this paper con-

structs city-level measures of total establishments and the prevalence of medium-to-large establish-

ments. The latter is measured as the share of city employment accounted for by establishments

with more than 100 employees and is used as a proxy for the prevalence of larger production units

with presumably greater organizational and adjustment capacity. Because establishment-level em-

ployment is not directly observed, employment for each establishment is approximated using the

midpoint of its employment size class (e.g., 375 for the 250–499 category).

While the prevalence of large establishments captures one dimension of a city’s production struc-

ture, it does not directly reflect firms’ financial strength and organizational capacity. We therefore

complement the analysis with firm-level information from Compustat North America, which pro-

vides annual financial data for publicly traded U.S. and Canadian firms since 1950. We identify

each firm’s location using the CBSA of its headquarters and use data from the 1990 fiscal year

(Fundamentals Annual and Historical Segments) to construct pre-determined measures of corporate

presence and characteristics at the city level. First, we construct a measure of historical leading-firm

presence in each CBSA: the share of publicly traded firms relative to the total number of estab-

lishments in CBP. Second, we compute employment-weighted city-level measures summarizing the

financial and operational characteristics of publicly traded firms headquartered in each CBSA. These

include indicators of financial resilience (leverage, interest coverage ratio and cash-to-assets ratio),

operational efficiency (return on assets, operating margin and asset turnover), investment capacity

(capital expenditure intensity and R&D intensity), asset structure (PPE-to-assets), and business di-

versification (business-segment count, industry breadth and Herfindahl index of segment-level sales).

7Publicly available at https://www.census.gov/programs-surveys/cbp/data/datasets.html.
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In the baseline analysis, we include all publicly traded firms, allowing city-level buffering capacity

to reflect overall corporate strength. As a robustness check, we restrict the sample to manufacturing

firms (SIC 2000–3999) to test whether the effects are driven by within-manufacturing heterogeneity.

All measures are constructed using 1990 data to ensure they are predetermined with respect to sub-

sequent trade exposure. Although Compustat primarily covers publicly traded firms and therefore

reflects the right tail of the firm-size distribution, listed firms tend to account for a disproportionate

share of employment, capital allocation, and strategic decision-making. Their financial and organi-

zational characteristics may therefore shape how trade shocks are transmitted and absorbed at the

city level. Appendix C.2 provides additional information on the construction of these variables and

the limitations of the Compustat data.

3.4 PNTR exposure and related controls

The PNTR exposure data are drawn from Pierce and Schott (2020), and the empirical implemen-

tation follows Pierce and Schott (2016, 2020); Pierce et al. (2024). Exposure to the granting of

permanent normal trade relations (PNTR) to China is measured using industry-level NTR gaps, de-

fined as the difference between non-NTR tariff rates and the NTR rates applied to WTO members

for each SIC industry j:

NTRGapj = NonNTRRatej −NTRRatej .

Prior to 2000, China’s access to NTR tariffs was temporary and subject to annual congressional

renewal, creating policy uncertainty for US–China trade. The passage of PNTR in 2000, ahead of

China’s accession to the WTO in 2001, eliminated this uncertainty by permanently locking in low

tariff rates and generated an industry-specific trade liberalization concentrated in manufacturing.

Industries with larger NTR gaps therefore experienced larger reductions in trade-policy risk following

PNTR and greater subsequent exposure to the China trade shock. As shown by Pierce and Schott

(2016), most cross-industry variation in the NTR gap is driven by historically predetermined non-

NTR tariff rates, leaving little scope for reverse causality from contemporaneous industry conditions.

CBSA-level PNTR exposure is constructed by aggregating industry-level NTR gaps using pre-policy

(1990) employment shares:

PNTRexpc =
∑
j

L1990
jc

L1990
c

NTRGapj ,

where c indexes CBSAs, j indexes industries, and L1990
jc /L1990

c denotes the share of CBSA c’s total

employment in industry j in 1990. As shown in Figure 9, the distribution of PNTRexpc has a

mean of 7.15 percent and a standard deviation of 4.98 percent, with an interquartile range of 6.29

percentage points.

Following Pierce and Schott (2020), the baseline specification controls for contemporaneous pol-

icy changes and demographic characteristics. Two time-varying controls are included. First, we

control for the average U.S. import tariff faced by each CBSA, constructed as the employment-

share-weighted tariff across its active industries. Second, we account for local exposure to the

removal of quantitative restrictions on textile and apparel imports associated with the phase-out of

the Multi-Fiber Arrangement (MFA).
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Figure 9: Kernel density of PNTR exposure across CBSAs. PNTR exposure is
constructed as the employment-share-weighted average of industry-level NTR gaps
using 1990 employment shares. Data is based on Pierce and Schott (2020).

We allow for time-varying effects of several CBSA characteristics fixed at their 1990 levels to

isolate the causal impact of the PNTR shock: (i) the homeownership rate, controlling for possi-

ble time-variant housing lock-in effects and mobility frictions. (ii) the initial unemployment rate,

proxying potential national time-variant shocks to persistent slack labour market; (iii) log average

household income, to control for wealth-based resilience and baseline affluence; and (iv) the share

of foreign-born population, to account for immigration-related labour supply shifts. Finally, we

control for cities’ exposure to changes in Chinese trade policy following WTO accession, measured

by Chinese import tariffs imposed on US goods and domestic production subsidies.

4 CHINA TRADE SHOCK AND WAGE DYNAMICS

4.1 Background and Event-Study Design

As the decomposition analysis in Section 2.3 shows, divergence in cities’ long-run portfolio per-

formance arises not only from initial portfolio structure (i.e., industry weights, industry diversity,

number of firms), but also from rebalancing and risk attenuation capacity. However, urban wage

growth dynamics and cities’ relative positions with respect to the efficient frontier reflect the accu-

mulation of many shocks across industries, making it difficult to isolate the city characteristics that

govern growth and risk using standard OLS regressions. For example, the apparent “efficiency” of

large cities may be confounded by unobserved fundamentals—such as amenities or institutions—that

simultaneously affect wages and city size through migration and firm sorting. We therefore exploit

the China trade shock induced by U.S. trade liberalization as an exogenous negative labour demand

shock that varies with cities’ initial industry composition, and implement an event-study design to

identify whether pre-determined city characteristics related to adjustment capacity—such as skill

portability and firm quality—shape the transmission and absorption of the shock. More specifi-

cally, we follow Pierce and Schott (2020) and use the U.S. granting of Permanent Normal Trade

Relations (PNTR) to China as a shock with a well-defined timing, which enables an event-study

analysis of dynamic wage responses. This contrasts with long-difference approaches such as Autor
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et al. (2013), which relate changes in import exposure across Commuting Zones (CZs) to decadal

changes in local labour market outcomes. Notably, the analysis focuses on a negative shock, as

adverse disturbances simultaneously increase wage risk and depress wage growth, making cross-city

differences in shock-absorption capacity more salient than under positive shocks and more relevant

for overall city efficiency.

The China trade shock. Before 2000, China’s access to U.S. Normal Trade Relations (NTR)

tariff rates was temporary and subject to annual congressional renewal, generating substantial pol-

icy uncertainty in U.S.–China trade. Failure to renew NTR would have subjected most Chinese

goods to the much higher non-NTR tariffs set under the Smoot–Hawley Tariff Act of 1930, creating

significant uncertainty for U.S. firms’ long-run sourcing from China. The U.S. passage of Perma-

nent Normal Trade Relations (PNTR) in October 2000—prior to China’s accession to the WTO in

2001—eliminated this renewal uncertainty by permanently granting China NTR tariff treatment.

This institutional change constituted an industry-specific trade liberalization concentrated in manu-

facturing, such that cities specialized in industries with larger NTR gaps experienced larger declines

in trade-policy risk and greater subsequent exposure to the China trade shock. Details on industry-

level NTR gaps and city-level PNTR exposure are provided in Section 3.

The abrupt passage of PNTR generated long-lasting, significant, and spatially heterogeneous

effects on U.S. employment and wage dynamics through increased exposure to Chinese imports.

As shown by Handley and Limão (2017), the reduction in trade-policy uncertainty associated with

PNTR accounts for 22%–30% of the post–WTO growth in U.S. imports from China. A growing

literature further documents that regions and workers more exposed to PNTR experienced higher

unemployment rates and declines in labour force participation following its implementation (Pierce

and Schott, 2016, 2020; Pierce et al., 2024; Rodŕıguez-Clare et al., 2026). Most closely related to

our study, Pierce and Schott (2020) show, using matched employer–employee data, that the adverse

earnings effects of PNTR operate primarily through workers’ local labour market exposure rather

than their own-industry exposure, and that indirect exposure through input–output linkages gen-

erates heterogeneous effects across both manufacturing and non-manufacturing workers. Together,

these findings underscore the importance of spatial exposure and industry network structure, moti-

vating our focus on how city-level characteristics and industry composition shape the propagation

of trade shocks and the resulting wage growth and risk dynamics.

Explained variable. We estimate an event-study specification with log wages as the outcome

variable. Because log wages accumulate past wage growth,

lnwct = lnwc,t0 +

t∑
τ=t0+1

gcτ ,

the event-study coefficients trace cumulative deviations in wage paths rather than transitory one-

period responses. This feature is essential in our setting, as trade liberalization represents a labour

demand shock whose effects propagate over time through cities’ initial industrial composition. From

a portfolio perspective, such adverse shocks jointly reduce growth and increase downside risk, while

city characteristics governing reallocation and risk buffering shape how these shocks propagate.
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4.2 Identification strategy

This section examines the dynamic effects of PNTR on workers’ wages and tests whether city char-

acteristics – skill portability and firm quality – mediate the transmission of this shock exposure with

the following dynamic difference-in-differences specification:

lnwct =
∑

t̸=1999

θt 1{year = t} × PNTRexpc +
∑

t̸=1999

1{year = t} × PNTRexpc × Z ′
cΓt

+ Xctβ +
∑

t̸=1999

λt 1{year = t} ×Xc + δc + δt + εct,
(8)

where lnwct is the average real wage in city (CBSA) c in year t ∈ [1990, 2013] \ {1999}, with 1999

serving as the baseline year prior to the policy change; 1{year = t} denotes a range of year indicators;
PNTRexpc captures city c’s exposure to Chinese import competition induced by the resolution of

trade policy uncertainty in 2000, constructed using its 1990 industry employment shares.

The term Zc represents a vector of pre-determined, time-invariant city characteristics that mod-

erate the impact of the trade shock. To systematically explore the potential shock reduction related

to city size, the composition of Zc evolves across the subsequent empirical analyses. First, to es-

tablish the baseline buffering effect of urban scale (Section 4.3), Zc consists solely of initial city size

(lnEmpc). Second, to evaluate the specific structural mechanisms proposed in the decomposition

framework (Section 4.4), Zc is specified as (SPc, EQc)
′, where SPc denotes skill portability and EQc

denotes firm quality. Finally, to conduct the formal mediation analysis (Section 4.5), Zc combines

both the scale and the mechanism variables, Zc = (lnEmpc, SPc, EQc)
′.

In this framework, the coefficients θt trace the dynamic baseline wage response to PNTR exposure

inherent in cities’ initial industry composition, echoing the baseline risk exposure in the earlier risk

decomposition. Because the moderator variables in Zc are demeaned in the estimation, θt isolates

the wage trajectory for an average city in response to the PNTR shock. The parameter vector

Γt captures the heterogeneity in this response with respect to the included city characteristics,

mapping directly to the across-industry and within-industry active adjustment margins identified in

the decomposition analysis. Formally, the marginal effect of PNTR exposure on city wages in year

t is given by:
∂ lnwct

∂PNTRexpc
= θt + Z ′

cΓt.

To isolate the causal role of local adjustment capacities, the specification flexibly controls for a

host of potential confounders. Xct includes time-varying controls for tariff exposure (NTRct) and

exposure to the MFA phase-out (MFAExposurect). Furthermore, Xc collects a comprehensive set

of initial (1990) city attributes—including the mediator variables, the initial unemployment rate,

homeownership rate, average household income, and the share of foreign-born population—as well

as exposure to contemporaneous Chinese trade policy (e.g., changes in Chinese tariffs and domestic

production subsidies; see Section 3). Allowing these initial characteristics in Xc to have time-varying

effects (λt) mitigates concerns that unobserved macroeconomic shocks (e.g., differential exposure to

the tech boom or state-level policies) might disproportionately affect certain types of cities and be
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spuriously attributed to the PNTR response. δc and δt denote city and year fixed effects respectively.

Standard errors are clustered at the CBSA level.

4.3 Baseline Results: City Size and Shock Absorption

This section examines the dynamic wage effects of PNTR exposure and its heterogeneity by initial

city size using Equation 8. We set the moderator Zc to demeaned 1990 log employment (lnEmpc)

to capture the buffering (or amplifying) role of urban scale, while also including lnEmpc in the

control set Xc to absorb secular size-dependent wage trends. Because Zc is demeaned, the baseline

coefficients θt isolate the dynamic PNTR effect for an average-sized city, whereas the interaction

coefficients Γt = γ0,t capture the marginal effect of city scale on shock absorption. To transparently

convey economic magnitudes, we plot the coefficients scaled by their respective interquartile ranges

(IQRs). The plotted baseline effect, θ̃t = θt × IQRPNTR, translates to the implied wage impact of

an IQR increase in PNTR exposure on an average-sized city. The plotted interaction effect applies a

double-IQR scaling, γ̃0,t = γ0,t×IQRPNTR×IQRlnEmp, to quantify the relative buffering capacity.

It measures the difference in wage trajectories between a 75th- and 25th-percentile city facing an

identical IQR shift in trade shock exposure.

Given the large number of estimated parameters, Figure 10 plots the dynamic estimates.8 To

rule out confounding from pre-existing local wage dynamics, we present both a baseline specification

(Panels a and b) and a detrended model that partials out city-specific pre-1999 linear trends (Panels

c and d).9 Panels (a) and (c) display the scaled baseline event-study coefficients (θ̃t), capturing the

wage impact of an interquartile (IQR) shift in PNTR exposure. There is no evidence of differential

pre-trends prior to 2000 once city-specific pre-trends are accounted for. Following China’s WTO

accession, wages fall significantly in more exposed cities. Focusing on the baseline results in Panel

(a), this negative effect intensifies through the late 2000s and reaches approximately −0.037 log

points by 2010. To interpret this, an IQR increase in PNTR exposure translates to a 3.6% wage

decline for an average-sized city (e−0.037 − 1 ≈ −3.6%).10

Panels (b) and (d) report the scaled triple-interaction coefficients (γ̃0,t), capturing heterogeneity

in the shock’s impact by city size. The estimates turn positive and more statistically significant post-

2000, suggesting that larger cities attenuated local wage losses. Focusing on the baseline results in

Panel (b), this buffering effect reaches approximately 0.01 log points by 2010. To interpret this,

moving from the 25th to the 75th percentile of the city size distribution averts a 1% wage drop when

facing an identical IQR trade shock (e0.010 − 1 ≈ 1.0%). Remarkably, this spatial advantage offsets

roughly 27% of the baseline wage decline (i.e., 0.01/0.037).11

Overall, the negative wage effects of geographic-level China shock exposure align with standard

8Full regression tables are available upon request.
9See Appendix D.1.1 for details of the de-trending procedure. The rest of the main paper focuses on the detrended

specification, while results based on the undetrended specification are reported in the Appendix.
10Following θ̃t = θt × IQRPNTR, the plotted 2010 value corresponds to the raw point estimate (θ2010 ≈ −0.006)

multiplied by the 6.29 percentage-point IQR in PNTR exposure.
11Following γ̃0,t = γ0,t × IQRPNTR × IQRlnEmp, the plotted 2010 value γ̃0,2010 = 0.010 corresponds to the raw

point estimate (γ0,2010 ≈ 0.001) multiplied by the respective IQRs of PNTR exposure (6.29 percentage points) and
initial city log employment (1.59 log points). To give an alternative sense of the magnitude, a doubling of city size
(∆ lnEmp ≈ 0.69) attenuates the wage effect of an IQR trade shock by about 0.004 log points (0.001× 0.69× 6.29 ≈
0.004), offsetting roughly 11% of the baseline decline.
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trade models and empirical evidence. For example, consistent with models where import competition

under trade imbalances depresses local labour demand and transmits beyond manufacturing through

reduced local expenditure, Autor et al. (2013) find that a $1,000 per worker increase in a Commuting

Zone’s trade exposure reduced mean weekly earnings by roughly 0.76% over a decade. Using matched

employer–employee data, Pierce et al. (2024) document persistent earnings losses for manufacturing

workers following PNTR and find that own-county exposure dominates own-industry exposure, even

when accounting for input–output linkages. However, relatively little work has examined how local

labour-market characteristics beyond industry composition shape how the China shock translates

into heterogeneous wage responses. A notable exception is Bloom et al. (2024); while focusing on

employment reallocation rather than wages, they document that large high-human-capital coastal

labour markets experience net employment gains of about 0.5% per year as service expansion offsets

manufacturing losses. Building on this, our results establish city size as a first-order margin of spatial

resilience, prompting our subsequent investigation into the mechanisms underlying this scale-based

shock absorption.
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(c) Wage Impact of PNTR (Detrended)
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(d) City Size Shock Reduction (Detrended)

Figure 10: Dynamic wage effects of an IQR shift in PNTR exposure and heterogeneity in effects by city
size. Panels (a) and (c) plot the scaled baseline event-study coefficients θ̃t capturing the dynamic effect of an
interquartile range (IQR) shift in PNTR exposure on city-level log wages (relative to 1999). Panels (b) and (d)
plot the scaled triple-interaction coefficients γ̃0,t, which capture the added buffering effect of an IQR shift in
initial city size (1990 log employment) against the same trade shock. Panels (a) and (b) report estimates from
the baseline specification. Panels (c) and (d) report estimates from an alternative specification that partials out
city-specific pre-existing linear wage trends (estimated using pre-1999 data). All specifications include city and
year fixed effects and flexibly control for time-varying effects of initial city attributes as in Equation 8. Shaded
areas denote 95% confidence intervals, with standard errors clustered at the CBSA level. Data from QCEW
and Pierce and Schott (2020).
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4.4 Mechanisms of Urban Shock Absorption

Having established that large cities buffer the China shock, we now unpack the underlying mecha-

nisms driving this scale advantage. Guided by our decomposition analysis in Section 2.3, we evaluate

two specific local adjustment channels: skill portability and firm quality. In terms of the latter, we

first use County Business Patterns (CBP) as our full-sample baseline, measuring the prevalence

of large local establishments as a proxy for firm quality. However, because CBP lacks financial

and organizational information, we supplement it with Compustat data on publicly traded firms to

substantiate this quality measure.12

4.4.1 Across- and Within-Industry Adjustment Margins

These two mechanisms map directly to the structural adjustment margins identified in our theoretical

framework: skill portability captures the across-industry margin by facilitating labour reallocation

following sectoral disruptions, whereas establishment quality captures the within-industry margin

by mitigating wage volatility through internal organisational buffers. To empirically evaluate these

channels, we set the moderator vector Z ′
c = (SPc, EQc)

′ in Equation 8, where SPc denotes the

pre-shock (1990) city-level skill portability, defined as the expected probability that a worker can

reallocate to another local industry while remaining in the same occupation; and establishment

quality, EQc, is proxied by city c’s initial (1990) employment share in establishments with more

than 100 employees. As before, Figure 11 plots the double-IQR scaled coefficients (γ̃1,t and γ̃2,t),

which directly quantify the wage trajectory difference between a 75th- and 25th-percentile city in

the respective mechanism when facing an interquartile shift in PNTR exposure.

Using the detrended wage specification, focusing first on the across-industry margin, Panel (a)

reveals that following a remarkably flat pre-trend, the moderating effect of skill portability (γ̃1,t)

turns positive and statistically significant after 2005. By 2010, this effect reaches approximately

0.018 log points, implying that moving from the 25th to the 75th percentile of the SP distribution

averts a 1.8% wage drop (e0.018 − 1 ≈ 1.8%) and offsets roughly 49% of the baseline aggregate

wage decline (i.e., 0.018/0.037). Turning to the within-industry margin in Panel (b), the estimates

for establishment quality (γ̃2,t) confirm the absence of differential pre-trends and exhibit a positive

divergence immediately following China’s WTO accession. These effects, however, are only sta-

tistically significant in the short run (3 years), likely due to the imprecision of using categorical

employment data in the CBP. By 2010, the buffering effect of EQ reaches 0.01 log points, implying

that a comparable interquartile improvement in firm quality preserves 1% of local wages, insulating

workers from approximately 27% of the baseline shock (i.e., 0.01/0.037). These results demonstrate

that both a city’s skill portability and its micro-level establishment quality act as significant shock

absorbers.

To contextualize these findings, we conceptualize urban shock absorption through both labour-

market and firm-level channels. On the across-industry margin, cities with higher skill portability

possess a more elastic local labour supply. Portable skills enable displaced workers to reallocate with

minimal skill depreciation, thereby averting extreme “cliff-edge” wage collapses and mitigating neg-

12While Compustat provides rich data on corporate financial fundamentals, its restriction to publicly listed firms
results in zero observations for some smaller micropolitan areas (µSAs). This geographic limitation restricts its use
to auxiliary mechanism analysis rather than the full-sample baseline.
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ative local demand multiplier effects. This evidence aligns with Bloom et al. (2024), who document

more robust post-shock reallocation in high-human-capital labour markets. On the within-industry

margin, the buffering role of large establishments is consistent with Kopytov et al. (2025), who iden-

tify a scale advantage in corporate risk management, suggesting that larger firms are better equipped

to internalize and absorb aggregate shocks. However, while the CBP data indicates that the phys-

ical scale of local establishments cushions wage declines, the employment share in medium-to-large

establishments remains an indirect proxy for firm quality. To further explore whether this within-

industry scale effect genuinely reflects superior financial and strategic resilience, we look beyond

physical establishment size—motivating our subsequent analysis of corporate micro-foundations us-

ing the Compustat dataset.
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(b) Med-to-large Establishment Buffering

Figure 11: The structural mechanisms of spatial resilience: Skill Portability (SP) and Establishment Quality
(EQ). This figure plots the dynamic buffering effects of a city’s initial skill network and firm quality against the
PNTR wage shock. The estimates are obtained jointly from the baseline event-study specification (Equation 8),
allowing SP and EQ to compete in a “horse race.” Panel (a) plots the scaled interaction coefficients for Skill
Portability (γ̃1,t = γ1,t × IQRPNTR × IQRSP ), capturing the differential wage trajectory between a high-SP
city (75th percentile) and a low-SP city (25th percentile) confronting an identical IQR trade shock. Panel (b)
plots the analogous scaled interaction coefficients for Establishment Quality (γ̃2,t = γ2,t×IQRPNTR×IQREQ).
Both panels report estimates from a specification that partials out city-specific pre-1999 linear wage trends. All
specifications include city and year fixed effects, along with flexible controls for time-varying effects of initial city
attributes, including city size (lnEmpc). Shaded areas denote 95% confidence intervals, with standard errors
clustered at the CBSA level.

4.4.2 The Micro-Foundations of Firm Quality

To peer into the corporate veil of our CBP-based findings, we lever the Compustat database. Al-

though restricted to publicly traded headquarters—naturally omitting the left tail of the firm-size

distribution—these listed companies serve as vital “anchor” employers. Because they account for a

disproportionate share of local capital and strategic decision-making, observing their prevalence and

characteristics offers a precise window into the organizational capacities that might insulate local

labour markets from sectoral shocks.

To operationalize this, we first capture the local prevalence of these corporate anchors by calcu-

lating the share of publicly listed firms relative to total city establishments, setting the moderator
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variable in Equation 8 to Zc = ListedSharec.
13 We then separately evaluate the listed firm shares

within the manufacturing and non-manufacturing sectors. The results in Figure 12 show that an

IQR shift in the total listed share averts a significant 0.6% wage drop by 2005 (Panel a). Sectorally,

a high concentration of listed firms strictly within the directly exposed manufacturing sector yields

a minor, yet statistically significant, 0.03% buffering effect (Panel b).14 Conversely, the estimate for

non-manufacturing firms remains statistically insignificant (Panel c). This pattern aligns with our

earlier decomposition, which attributes spatial resilience to lower within-industry volatility. Given

that the buffering effect of firm presence is statistically robust only within the directly exposed

sector, our subsequent analysis focuses exclusively on the underlying financial characteristics of

manufacturing listed firms to unpack this within-industry resilience.

-.
0
1

0
.0

1
.0

2
.0

3
E

ff
ec

t 
o

f 
P

N
T

R
 e

xp
o

su
re

 ×
 %

 L
is

te
d
 F

ir
m

s 
(A

ll)

1990 1995 2000 2005 2010 2015
Year

Moderator effect: % Listed Firms (All)

(a) Total Listed Share

-.
0
0
0
5

0
.0

0
0
5

.0
0
1

E
ff

ec
t 

o
f 

P
N

T
R

 e
xp

o
su

re
 ×

 %
 L

is
te

d
 F

ir
m

s 
(M

an
u
fa

ct
u
ri

n
g)

1990 1995 2000 2005 2010 2015
Year

Moderator effect: % Listed Firms (Manufacturing)

(b) Manufacturing

-.
0
0
5

0
.0

0
5

.0
1

E
ff

ec
t 

o
f 

P
N

T
R

 e
xp

o
su

re
 ×

 %
 L

is
te

d
 F

ir
m

s 
(N

o
n

-m
an

u
fa

ct
u
ri

n
g)

1990 1995 2000 2005 2010 2015
Year

Moderator effect: % Listed Firms (Non-manufacturing)

(c) Non-Manufacturing

Figure 12: The Shock-absorption Effect of Prevalence of Publicly Listed Firms Across Cities. This figure
plots the estimated moderating effects of the local share of publicly listed firms on the wage response
to the PNTR shock. Panel (a) uses the total share of listed firms relative to all establishments. Panels
(b) and (c) decompose this presence into the manufacturing and non-manufacturing sectors, respectively.
Shaded areas denote 95% confidence intervals.

To unpack this within-industry resilience, we examine the intensive margin by evaluating the

buffering role of various financial and operational characteristics of local manufacturing listed firms.

Specifically, we aggregate firm-level characteristics to the city level, weighted by firm employment.

Our results in Figure 13 reveal that at least two dimensions of firm quality serve as critical shock

absorbers. First, financial resilience is paramount: cities anchored by firms with lower leverage

and higher interest coverage experience significantly smaller wage declines. This suggests that firms

with robust balance sheets possess the capacity to absorb revenue shocks without immediate labour

shedding or wage cutting. Second, investment and operating efficiency play critical roles; higher

capital expenditure intensity and asset turnover facilitate productivity-enhancing upgrades, allowing

firms to move up the value chain and escape direct low-end import competition. In contrast, the

insignificant estimates for business and industry diversification suggest that the role of internal

reallocation seems less important when we focus on listed firms’ buffering role.

13We rely on the count of listed firms rather than their employment size because Compustat reports consolidated
firm-level employment and does not disaggregate the geographic distribution of workers across specific local labour
markets.

14The substantially larger magnitude of the total effect (0.6%) relative to the manufacturing-specific effect (0.03%)
likely reflects general equilibrium dynamics. While manufacturing accounts for only a fraction of local employment,
a robust broader corporate ecosystem helps arrest cascading negative demand multipliers (Autor et al., 2013), even
though our sector-specific estimate for non-manufacturing firms proves statistically noisy.

27



Overall, these reveal that the spatial resilience observed in CBP data is fundamentally rooted in

the micro-level financial and operational advantages of corporate anchors. Specifically, cities with a

dense presence of high-quality listed firms benefit from corporate structures equipped with stronger

financial fundamentals—namely, lower leverage and higher interest coverage. These financial buffers

are critical for shock absorption, suggesting that large organizations possess superior internal risk-

management and operational flexibility (Kopytov et al., 2025). When faced with a severe sectoral

shock, these firms can absorb the distress internally through balance sheet strength and productivity-

enhancing investments, rather than immediately transmitting the shock to the local labour market

through drastic wage cuts or mass lay-offs. Thus, the buffering effect of firm scale is not merely a

function of size, but of the qualitative robustness inherent in these corporate structures.

Nevertheless, it is important to note that our findings speak to the mitigation of sectoral shocks,

but remain silent on the aggregate risk implications of large establishments. As Gabaix (2011) high-

lights, when the firm-size distribution is fat-tailed, idiosyncratic shocks to large firms themselves can

generate aggregate fluctuations. Thus, while firm scale attenuates the transmission of trade-induced

sectoral shocks, it may simultaneously amplify local aggregate risk through reduced diversification

of idiosyncratic firm-level shocks.
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(b) Interest coverage
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(c) Cash-to-assets
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(d) Return on assets (ROA)
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(e) Operating margin
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(f) Asset turnover
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(g) Capital expenditure
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(h) R&D intensity
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(i) PPE-to-assets
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(j) Business-segment count
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(k) Industry breadth
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(l) Segment sales HHI

Figure 13: Dynamic Moderator Effects of Manufacturing Publicly Listed Firm Characteristics. This figure plots
the coefficients of the triple interaction between the PNTR shock, various city-level average (employment-weighted)
manufacturing firm characteristics, and year dummies. Shaded areas represent 95% confidence intervals based on
standard errors clustered at the CBSA level. Data are sourced from Compustat Fundamental Annual and Historical
Segment files as of 1990. See Appendix Table C.3 for variable definitions.
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4.5 Mediation Analysis

To rigorously evaluate whether the identified channels of skill portability and firm quality constitute

the key micro-mechanisms underlying the risk-reduction effect of city size, this section conducts a me-

diation analysis. This involves comparing the baseline city-size buffering effect—as estimated in Sec-

tion 4.3—with an augmented specification that jointly controls for the interactions of PNTR exposure

with the proposed structural mediators, SPc and EQc, alongside city size lnEmpc. Specifically, the

moderator vector in the event-study specification (Equation 8) is set as Z ′
c = (SPc, EQc, lnEmpc)

′.

By allowing these mechanisms to “compete” with urban scale in a horse-race regression, I can iden-

tify the extent to which the total scale-dependent resilience is absorbed by these specific labour

market attributes.

As illustrated in Figure 14, the event-study coefficient on the city-size triple interaction—which

captures the baseline buffering effect of urban scale (depicted by the solid orange line)—exhibits a

pronounced decline in magnitude and loses its statistical significance when the model simultaneously

accounts for SPc and EQc (depicted by the dashed purple line). Specifically, the inclusion of these

mechanisms absorbs a substantial portion of the scale-dependent wage response, with the coefficient

on the city-size interaction term decaying by more than 75% over a decade.

This pattern of coefficient attenuation suggests that the industrial-shock risk reduction effect

of urban scale is largely mediated through the labour market reallocation flexibility and corporate

organizational buffers inherent in larger metropolitan areas. By “opening the black box” of the

urban scale effect, these results reinforce the central hypothesis that urban resilience is an endoge-

nous outcome of a city’s inherited industry-portfolio structure and its locally mediated adjustment

capacity, rather than a mere reflection of population density.
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Figure 14: Mediation Analysis on the City-Size Buffering Effect. This figure plots the estimated
coefficients of the triple interaction between PNTR exposure, year dummies, and city size. The
solid orange line represents the baseline specification without mediators. The dashed purple
line shows the remaining size effect after controlling for the interactions of PNTR with skill
portability (SP) and establishment quality (EQ) as proxied by the share of city employment in
establishments with above 100 employees. All coefficients are scaled to represent an IQR shift
in both PNTR, city size and an respective mechanism. Shaded areas denote 95% confidence
intervals. Data is from CBP, QCEW, Pierce and Schott (2020).
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4.6 Falsification Tests and Robustness

As a complementary analysis, we consider two additional city characteristics—industrial diversifica-

tion, proxied by the Herfindahl–Hirschman Index (HHI), and the number of firms—as alternative

mediating variables in Eq. 8. The corresponding estimates are plotted in xxx. Neither measure

exhibits a statistically significant moderating effect on the wage response to PNTR exposure. This

finding echoes our earlier decomposition results: while diversification shapes cities’ exposure to

across-industry risk and firm counts help diversify idiosyncratic shocks, neither operates as an ad-

justment margin that mitigates the transmission of large, industry-level shocks. Taken together, the

evidence points to qualitative features of local labour markets—such as skill portability and firm

quality—rather than the sheer number of firms or diversification of sectors, as the key mechanisms

governing cities’ resilience to trade-induced disruptions.

5 CONCLUSION

This paper advances a portfolio view of cities in which urban wage growth and wage risk are jointly

determined by cities’ industry composition and their capacity to adjust to shocks. While initial

industry weights and diversification shape cities’ passive exposure to growth and risk, the analysis

shows that they do not fully account for persistent cross-city differences in long-run growth-risk

performance. Instead, city characteristics governing active adjustment—most notably local workers’

skill portability and firm quality—play an economically meaningful role in shaping how shocks are

transmitted. These findings imply that cities are not irrevocably locked into their initial portfolio

positions: local adjustment capacity creates scope for improving the growth–risk profile, even for

smaller cities.

The results also point to a broader research agenda. Skill portability and firm quality are

unlikely to exhaust the margins of local adjustment, and other city attributes—such as financial

depth, labour market institutions, housing market flexibility, or governance capacity—may also shape

reallocation and risk attenuation. Beyond these empirical refinements, the urban portfolio framework

developed in this paper also motivates a structural extension. Embedding the framework in a

dynamic spatial general equilibrium model with heterogeneous workers and firms, mobility frictions,

and location-specific adjustment technologies would allow explicit welfare analysis of cities’ growth–

risk trade-offs. Such a model would clarify how place-based policies reshape urban resilience and

under what conditions improvements in shock absorption may come at the cost of greater inequality.

Moreover, cities are not only portfolios of industries, but also bundles of housing and amenities. From

an individual perspective, returns and risks associated with labour income, housing markets, and

local amenities are jointly evaluated when choosing where to live. A portfolio perspective therefore

might provide a unifying language for understanding location choice and place-based policies under

multiple, interacting sources of risk and return.
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A EFFICIENT FRONTIER

This section complements Section 2.1 by providing additional details on the rationale, construction,

and limitations of the urban efficient frontier. It also supplements Section 2.2 with further evidence

on the efficiency gaps.

A.1 Rationale behind empirical efficient frontier

In finance, the efficient frontier is a theoretical object derived from a portfolio-choice problem defined

on a fixed asset space: given tradable, homogeneous assets with common and fully observed return

moments (µ,Σ), one can characterize the set of portfolios that maximize expected return for a

given variance. In the urban context, such a structural frontier is neither empirically feasible nor

well-defined. First, there is no common and fixed return–covariance structure over which cities

optimize. Industry categories are not standardized assets across places: even within the same

industry, cities differ in firm composition and production networks, so wage-growth processes and

covariance structures are city-specific equilibrium outcomes rather than shared primitives. Moreover,

the firm-level return processes and the full covariance structure among firms—objects required to

construct a frontier from first principles—are not observed in the available data. Second, industrial

shares are not freely chosen portfolio weights on a fixed opportunity set but equilibrium outcomes

that adjust through discrete firm entry and exit, worker reallocation, and other margins involving

fixed costs and thresholds. Such adjustments can reshape local technologies and shock-transmission

networks, so the relevant return moments need not be invariant to changes in s; that is, (µ,Σ)

cannot be treated as fixed primitives independent of the industrial structure. A Markowitz-style

frontier defined by optimizing over portfolios holding (µ,Σ) constant is therefore not well-defined in

our setting.

Crucially, this does not render the frontier concept irrelevant. Rather, it shifts its interpretation

from a normative optimum to a positive benchmark: the relevant question is not “which portfolio is

optimal given common primitives,” but “which cities, under observed institutional and technological

constraints, attain the best growth–risk combinations.” The empirical efficient frontier therefore has

substantive value as a data-driven summary of the best realized performance in the growth–risk space

and as a disciplined yardstick for comparing cities’ relative efficiency. Systematic dispersion inside

the envelope is evidence of economically meaningful heterogeneity in inherited industrial structure

and adjustment capacity, which the paper seeks to quantify and explain.

A.2 Method

We construct an empirical urban efficient frontier as a smoothed upper envelope of realised city

outcomes in the growth–risk space, and define three gap measures that quantify a city’s distance to
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this envelope. Fix a period t ∈ {t0, . . . , t1} (e.g. 1991–2000). For each CBSA c, let ∆ lnwc,t denote

annual real wage growth. We summarise each city by two period-level statistics: (i) cumulative

real wage growth Gc ≡
∑t1

t=t0
∆ lnwc,t, and (ii) realised wage risk Rc ≡ sdt(∆ lnwc,t). Each city is

therefore a point (Rc, Gc).

Step 1: sample upper envelope. To trace the upper envelope in the data, we sort cities by risk

in ascending order and, within risk, by growth in descending order. Scanning this ordered list, we

retain a city whenever its growth exceeds the running maximum among all cities with weakly lower

risk. This produces a set H1 of cities on the sample upper envelope: by construction, no city with

weakly lower realised risk attains strictly higher growth in the sample.

Step 2: near-envelope layer. Because an extremal envelope may contain few points and be

sensitive to measurement noise, we add a second near-envelope layer. We remove H1 from the

sample, re-apply the same envelope procedure to the remainder, and obtainH2. We useH ≡ H1∪H2

as the set of frontier-support cities for smoothing (dropping duplicates when they arise).

Step 3: normalisation and spline smoothing.

Our efficiency metric is defined as a distance in the growth–risk plane, so the two axes must be

placed on a comparable scale. We therefore rescale both variables to the unit interval within each

period:

R̃c =
Rc −minR

maxR−minR
, G̃c =

Gc −minG

maxG−minG
.

This produces a dimensionless geometry in which distances are not mechanically driven by units

and are comparable across periods.

The raw efficient frontier obtained from the frontier-support set H is piecewise linear and may

exhibit sharp corners. To obtain a smooth approximation suitable for visualisation and distance

calculations, we fit a restricted cubic spline (natural spline) ̂̃G(R̃) using the support points (R̃, G̃) ∈
H. Let n = |H| denote the number of frontier-support observations. To balance flexibility and

stability in finite samples, we choose the number of internal knots as K = min{4,max{2, ⌊n/3⌋}},
so that the spline becomes more flexible as the frontier-support sample grows but is capped at four

knots to avoid overfitting.

A restricted cubic spline approximates the frontier by representing the unknown function G̃ =

f(R̃) as a linear combination of specially constructed transformation functions of R̃. Given the

chosen knot locations, these transformation functions, denoted {s1(R̃), . . . , sm(R̃)} and often referred

to as spline basis variables, are fully determined deterministic functions of R̃. They span a function

space consisting of piecewise cubic functions that are twice continuously differentiable at the knots

and linear beyond the boundary knots. Importantly, no estimation occurs at this stage: the basis

functions are mechanically constructed once the knot locations are fixed. In practice, we implement

this procedure in Stata using mkspline s = norm risk, cubic nknots(K), which generates the
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spline basis variables from the selected knot locations (stored in r(knots)). We then estimate

G̃ = β0 +

m∑
ℓ=1

βℓsℓ(R̃) + ε,

by OLS on the frontier-support sample via reg norm growth s*. Only the coefficients βℓ are esti-

mated; the basis functions themselves remain fixed.

The fitted frontier is therefore

̂̃G(R̃) = β̂0 +

m∑
ℓ=1

β̂ℓsℓ(R̃).

For plotting and for computing distance measures, we evaluate the fitted spline on a dense

grid of 400 equally spaced values of R̃ spanning its observed range. Using the same knot locations

returned by Stata, we apply the identical spline transformation to these grid values and compute the

corresponding predicted values using the estimated coefficients. This yields a smooth approximation

to the empirical efficient frontier.

Step 4: gap measures. Given the estimated frontier ̂̃G(R̃), we define three complementary notions

of “distance to the frontier” for each city c.

1. Efficiency gap (Euclidean distance). Let F̂ denote the piecewise-linear curve obtained from

the evaluated spline grid. The efficiency gap is defined as the shortest Euclidean distance from

(R̃c, G̃c) to F̂:

EffGapc ≡ min
(r̃,g̃)∈F̂

√
(R̃c − r̃)2 + (G̃c − g̃)2.

Operationally, distances are computed segment by segment along the piecewise-linear frontier,

allowing for orthogonal projections onto each segment; when the orthogonal projection lies

outside a segment, the distance to the nearest endpoint is used.

This measure is unit-free and captures overall inefficiency in the joint growth–risk space. It

implicitly assigns equal weight to deviations in growth and risk through the Euclidean norm.

Alternative norms or weighted distances could in principle reflect different relative importance

of growth and risk, or be derived from an explicit welfare function. However, specifying a

common welfare aggregator at the city level would require additional structural assumptions.

We therefore adopt the Euclidean distance as a transparent and parsimonious benchmark.

2. Growth gap (vertical shortfall). The growth gap compares a city’s realised growth to the

frontier growth at the same risk:

GrowGapc ≡
̂̃G(R̃c)− G̃c.

It measures how much growth a city falls short of the best observed performance at its realised
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risk.

3. Risk gap (horizontal excess risk). Symmetrically, we define a risk gap as the difference between

a city’s realised risk and the frontier risk associated with comparable frontier growth. Opera-

tionally, we identify the frontier point whose growth is closest to G̃c and take the horizontal

difference:

RiskGapc ≡ R̃c − R̃F (G̃c),

where R̃F (G̃c) is obtained from the evaluated frontier curve.

For cities in the frontier-support set H1, we set all three gaps to zero by construction. Finally, for

presentation we map the smoothed frontier back into the original units (R,G) and overlay it on the

city scatter plots.

A.3 Limitations

The empirical frontier is a descriptive, sample-dependent object rather than a structural boundary.

As an extremal envelope, it is sensitive to measurement error and may shift with additional cities

or longer samples. It captures best realized performance under existing industrial structures and

adjustment constraints, not a technological upper bound that cities could in principle attain. Nor is it

a welfare object: it abstracts from housing costs, amenities, migration equilibria, and heterogeneous

risk preferences. Throughout the paper, we therefore interpret “efficiency” as relative performance in

the joint growth–risk space—distance to the empirical envelope—rather than as evidence of optimal

portfolio choice or socially optimal allocations.

A.4 Additional Evidence on the Efficient Frontier

This subsection provides additional empirical evidence on the efficient frontier introduced in Sec-

tion 2.1. We first document the growth–risk trade-off over the period 1990–2020, and then present

the efficient frontier by decade.

Growth-risk trade-off.

While large cities tend to exhibit both higher growth and lower risk, it is natural to ask whether

the urban system as a whole still displays the classic growth–risk trade-off familiar from finance.

Figure A.1 shows this relationship for the pooled sample in panel (a) and by decade in panels

(b)–(d). Across all CBSAs, the overall slope is positive, indicating that higher real wage growth

is generally associated with greater wage volatility. One natural interpretation is that industries

offering stronger growth opportunities also tend to exhibit higher intrinsic volatility in the long

run, so cities more exposed to such sectors mechanically inherit both higher growth and higher
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risk. In addition, the process of structural reallocation that supports faster urban growth may itself

generate short- to medium-run earnings dispersion. Consistent with these forces, the relationship

is economically stronger over the full 30-year horizon than within individual decades. Importantly,

the decomposition in this paper shows that larger cities systematically exhibit lower within-industry

wage volatility, pointing to a key channel through which they may attenuate the classic trade-off and

sustain both higher growth and lower risk. Taken together, the evidence suggests that although a

conventional trade-off exists in the aggregate, larger cities appear better able to attenuate—or even

partially escape—it.

(a) (b)

(c) (d)

Figure A.1: Urban growth–risk trade-off across CBSAs. The top-left panel reports the full-sample frontier (1990–
2020), while the remaining panels present decade-specific frontiers. The y-axis measures cumulative real wage growth
over the period, and the x-axis measures the standard deviation of real wage growth over the corresponding time
series. The data are private-sector average annual pay from the QCEW, deflated using the CPI-U.

Efficient frontier and density elasticity of efficiency by decade.

While Figures 1 and 2 summarize the efficient frontier and the density elasticity of efficiency gaps

over 1990–2020, Figure A.2 reports the same evidence by decade for all CBSAs. Panels (a)–(c)

highlight substantial time variation in the performance of individual cities: even cities that are
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highly efficient in the long run—such as San Francisco, Seattle, and San Jose—do not consistently

lie near the frontier in every decade. This instability is especially visible in the 2000s, a period

marked by large aggregate and sectoral shocks (e.g., the post–dot-com adjustment early in the

decade and the Great Recession at the end), which likely amplified wage-growth volatility in tech-

intensive metros. For instance, San Jose exhibits notably high wage-growth volatility in the 2000s.

Despite these fluctuations in city rankings over time, the cross-sectional pattern by size is remarkably

stable. Panel (d) shows a clear density gradient in efficiency gaps: the coefficients from regressing

each efficiency-gap measure on log population are significantly negative in all three decades. This

implies that, within each period, larger CBSAs are systematically closer to the efficient frontier and

therefore more efficient in a joint growth–risk sense.

(a) (b)

(c) (d)

Figure A.2: Urban growth–risk efficient frontiers and associated efficiency gap gradients by decade. Panels (a)-(c)
report decade-specific frontiers (1990–2000, 2001–2010, and 2011–2020). Panel (d) shows the corresponding density
gradients of the efficiency gaps estimated using Eq. 2.2. Data are private-sector average annual pay from the QCEW,
deflated using the CPI-U.
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B DECOMPOSITION

B.1 Variance Approximation

This section clarifies (i) the object that (2.3.1) decomposes exactly and (ii) the conditions under

which that object is a good proxy for the time-series volatility of city-average wage growth.

Let Gc,t ≡ s′c,tgc,t denote city c’s employment-share-weighted real wage growth in year t, where

sc,t ∈ ∆J−1 is the vector of realised industry employment shares and gc,t ∈ RJ the vector of industry

wage-growth rates. Over a horizon T , letΩN
T andΩc,T denote the national and city-specific variance-

covariance matrices of gc,t. Define the quadratic-form object

Rc,T ≡ s′c,tΩc,T sc,t. (B.1)

The decomposition in (2.3.1) is algebraically exact for Rc,T : using Ωc,T = ΩN
T + (Ωc,T −ΩN

T ) and

adding–subtracting s′c,0Ω
N
T sc,0,

Rc,T = s′c,0Ω
N
T sc,0︸ ︷︷ ︸

Benchmark risk exposure

+
(
s′c,tΩ

N
T sc,t − s′c,0Ω

N
T sc,0

)
︸ ︷︷ ︸

Reallocation risk

+ s′c,t(Ωc,T −ΩN
T )sc,t︸ ︷︷ ︸

Idiosyncratic risk

. (B.2)

Accordingly, the “≈” in (2.3.1) comes from interpreting Rc,T as an approximation for the time-series

volatility of Gc,t.

Interpreting Rc,T as an approximation of VarT (Gc,t) rests on a few assumptions. Write industry

wage growth as the sum of a within-window mean and a zero-mean innovation,

gc,t = ḡc,T + uc,t, uc,t = 0, uc,tu′
c,t = Ωc,T , (B.3)

Then

Gc,t = s′c,tḡc,T + s′c,tuc,t. (B.4)

Under the orthogonality condition that innovations have zero conditional mean given contempora-

neous shares, E[uc,t | sc,t] = 0, we have E[s′c,tuc,t] = 0, so that s′c,tuc,t is approximately zero in large

samples. Using VarT (G) = (G− Ḡ)2 and the decomposition above, the gap can be written as

VarT (Gc,t)−Rc,T =
(
VarT (s

′
c,tuc,t)−s′c,tΩc,T sc,t

)
+2CovT

(
s′c,tḡc,T , s

′
c,tuc,t

)
+VarT (s

′
c,tḡc,T ), (B.5)

where the three terms on the right-hand side capture, respectively, (i) the quadratic-form approxima-

tion error for innovations, (ii) share–innovation comovement within the window, and (iii) variation

induced by changing exposure to within-window mean growth rates.

A sufficient set of conditions for VarT (Gc,t) ≈ Rc,T is therefore:
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(C1) Second-moment stability of innovations. Let Ωc,t ≡ E[uc,tu
′
c,t | sc,t] denote the period-specific

innovation covariance matrix. Because Ωc,t is not directly observable in annual data, the

empirical implementation relies on a window-level estimate Ωc,T constructed from realised

innovations. Condition (C1) requires that second moments are approximately stable within

the window so that Ωc,t ≈ Ωc,T . Under weak dependence, this implies that VarT (s
′
c,tuc,t) is

well approximated by s′c,tΩc,T sc,t.

(C2) Limited share–shock endogeneity. Innovations are orthogonal to contemporaneous shares in

the sense that E[uc,t | sc,t] = 0. Since s′c,tḡc,T is measurable with respect to sc,t, this implies

CovT
(
s′c,tḡc,T , s

′
c,tuc,t

)
≈ 0,

so term (2) is negligible. Economically, this condition requires that unexpected wage-growth

innovations are not systematically predictable from the contemporaneous industry composition

of the city.

(C3) Limited mean-growth exposure variation. Within window T , ḡc,T is time-invariant, hence

VarT (s
′
c,tḡc,T ) = ḡ′c,T VarT (sc,t) ḡc,T ≤ ∥ḡc,T ∥2 · λmax

(
VarT (sc,t)

)
,

where λmax(·) denotes the largest eigenvalue of the share variance-covariance matrix, i.e. the

maximal within-window variation of employment shares along any direction. This expres-

sion shows that this term is governed by two objects: (i) dispersion in within-window mean

industry growth rates ḡc,T , and (ii) the magnitude of within-window share fluctuations. Eco-

nomically, this term captures variation generated when employment shares gradually rotate

toward industries with persistently higher or lower mean growth rates. This is conceptually

distinct from the risk object in Rc,T , which captures exposure to high-frequency wage-growth

innovations through the covariance structure Ωc,T . In annual data, industry shocks typi-

cally generate sizeable year-to-year wage fluctuations, whereas employment shares evolve more

slowly due to adjustment frictions, entry and exit dynamics, and labour reallocation costs.

Consequently, changes in s′c,tḡc,T represent a low-frequency component of variation relative to

innovation-driven volatility. When this low-frequency component is small relative to Rc,T , the

quadratic-form object provides a close proxy for innovation-driven city-level wage risk.

Importantly, the three terms on the right-hand side of (B.5) need not be exactly zero. Conditions

(C1)–(C3) instead require that each term is of second-order importance relative to VarT (Gc,t), so

their joint contribution is negligible. Under these conditions, the quadratic-form objectRc,T provides

a close proxy for the volatility of realised city-average wage growth over window T .
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B.2 Idiosyncratic Variance and Covariance

This section complements the analysis of idiosyncratic risk in Section 2.3 of the main paper. Sec-

tion 2.3.1 shows that the idiosyncratic risk component—driven by evolving industry weights and city-

specific deviations in the variance–covariance structure from the national benchmark in Eq. 2.3.1—is

the primary source of lower wage risk in larger cities. Section 2.3.2 further demonstrates that this

advantage is mainly attributable to a lower aggregate contribution of within-industry variance rather

than reduced between-industry covariance, as illustrated in Figure 5. Nevertheless, cities differ in

their constituent industries, raising two related questions: for a given industry, is wage growth more

volatile in large cities; and, more importantly, for a given industry pair, is their covariance higher or

lower in large cities? While the former seems straightforward, the latter remains largely unexplored

in the existing literature.

Though existing work emphasizes how production networks generate aggregate co-movement

across industries (Dupor, 1999; Shea, 2002; Conley and Dupor, 2003; Acemoglu et al., 2012; Carvalho,

2014), it largely abstracts from spatial heterogeneity. As a result, whether the covariance of a given

industry pair is systematically lower or higher in larger cities remains theoretically ambiguous. On

the one hand, larger cities may feature more localized input–output linkages, with upstream and

downstream suppliers more likely to be colocated, which can amplify the propagation of sectoral

shocks and increase cross-industry co-movement. On the other hand, larger cities also offer thicker

markets and greater adjustment capacity—through diversified supplier and customer bases, within-

and across-firm reallocation, and entry and exit on the extensive margin—which can dampen shock

transmission and weaken pairwise covariance even when technological linkages are strong.

Empirically, to address the first question—whether a given industry is less volatile in larger

cities—we estimate the following city–industry–decade level regression:

Varic = β lnLc + µi + εic,

where Varic denotes the within-industry variance of real wage growth for industry i in city c, lnLc

is log initial city employment, and µi captures industry fixed effects. Across all three decades, the

estimated coefficient on city size is negative and highly statistically significant, indicating that for

a given industry, wage growth is systematically less volatile in larger cities. This result provides

complementary evidence that large cities mitigate idiosyncratic risk primarily through lower within-

industry volatility discussed in Section 2.3.2.

Then more importantly, motivated by the theoretical ambiguity related to covariance, we examine

how industry-level co-movement varies with city size by estimating a city–industry-pair regression

of the form:

Covijc = β lnLc + µij + εijc,

where Covijc denotes the covariance of real wage growth between industries i and j in city c, and lnLc
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Table B.1: Within-industry wage variance and city size, by decade

1990s 2000s 2010s

Log employment −0.00387∗∗∗ −0.00463∗∗∗ −0.00320∗∗∗

(0.00020) (0.00029) (0.00050)

Observations 71,510 107,446 107,896
R2 0.074 0.140 0.075

Notes: The dependent variable is the within-industry variance of
real wage growth. Each observation corresponds to an industry–
city–decade cell. All regressions include industry fixed effects.
Standard errors are clustered at the CBSA level.
Significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

is initial city employment. Industry-pair fixed effects µij absorb pair-specific national co-movement,

so identification comes from within-pair variation across cities of different sizes. Standard errors are

clustered at the city level.

Panel (A) of Table B.2 reports estimates under unweighted regression (coefficients are scaled by

105 for visualization). City size is positively associated with industry-pair covariance in the 1990s

and 2010s, but not in the 2000s, implying no stable pattern of systematically higher or lower co-

movement for a given pair in larger cities. A plausible interpretation is that large cities feature denser

input–output linkages that can amplify co-movement, yet this channel is muted in the 2000s when

the covariance structure was reshaped by broad, common shocks—notably the China shock and the

housing-finance cycle—whose incidence was both more national in scope and more heterogeneous

across cities in ways not tightly aligned with initial size. Panel (B) weights pairs by their initial

employment-share product, focusing on economically important pairs; under this specification the

size–covariance relationship further attenuates and becomes statistically insignificant. Overall, these

results suggest that large cities’ lower aggregate wage risk is unlikely to operate through pervasive

dampening of pairwise covariance, and instead aligns with the decomposition evidence that the risk

advantage primarily reflects lower within-industry volatility and compositional forces rather than

systematic attenuation of cross-industry co-movement at the pair level.
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Table B.2: Industry-pair covariance and city size, by decade

(A) Unweighted

1990s 2000s 2010s

Log employment 2.270*** -0.050 1.880*

(0.443) (0.677) (0.971)

Observations 4,136,778 7,425,279 7,515,291
R2 0.014 0.021 0.014

Notes: Dependent variable is the industry-pair
covariance of real wage growth in each decade, scaled by
105 for visualization. All specifications include
industry-pair fixed effects (industry × industry).
Standard errors are clustered at the CBSA level.
Significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(B) Weighted by pair importance

1990s 2000s 2010s

Log employment 1.690* -0.381 0.758
(0.916) (0.862) (0.760)

Observations 4,136,778 7,425,279 7,515,291
R2 0.038 0.028 0.047

Notes: Dependent variable is the industry-pair
covariance of real wage growth in each decade, scaled by
105 for visualization. Analytical weights are defined as
the product of the initial employment shares of each
industry pair, wij = s̄ic × s̄jc. All specifications include
industry-pair fixed effects (industry × industry).
Standard errors are clustered at the CBSA level.
Significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

B.3 A Heuristic Framework

This section introduces a stylized, partial-equilibrium heuristic framework to formalize the intuition

behind our empirical mechanism tests in Section 4 of the main paper. Rather than attempting to

structurally model the complex, long-run transitional dynamics of urban structural transformation,

this toy model is specifically designed to isolate how local frictions process a given external shock.

By abstracting to a representative shock-and-adjustment cycle, we aim to disentangle a city’s static

baseline exposure—anchored by inherited diversification and firm counts—from its active dynamic

shock-absorption capacity, which is governed by two distinct local adjustment margins: (1) within-

industry buffering via firm organizational capacity, and (2) short-run labour reallocation via worker

skill portability.

B.3.1 Baseline Exposure

Consider a representative cycle where city c has an inherited industry employment share vector

sc,0. Each industry i faces a national structural shock εi ∼ (0, σ2
i ) drawn from a stationary national

covariance matrix Σ. Concurrently, each local firm f faces an independent, idiosyncratic disturbance

ηfic ∼ (0, σ2
η).

The city’s expected baseline growth is ḡbasec = s′c,0µ, where µ denotes deterministic national

trends. Before any active adjustment takes place, the city’s passive risk profile is dictated by its

initial composition. The exposure to systematic industry shocks generates a baseline covariance risk

of s′c,0Σsc,0. Meanwhile, exposure to idiosyncratic firm-level noise (ηfic) is mechanically smoothed

by the city’s granular production structure. If hic ≡
∑Mic

f=1 w
2
fic is the Herfindahl-Hirschman Index

(HHI) of local firm concentration, the variance of the pooled idiosyncratic component is hicσ
2
η. Im-

portantly, a highly fragmented firm base (a large number of firms Mic, driving hic → 0) mechanically
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diversifies away idiosyncratic firm-level noise. However, this theoretical distinction clarifies why me-

chanical diversification—whether across industries or across firms within an industry—shapes static

baseline exposure but does not act as a buffer against structural shocks (εi).

B.3.2 Stage 1: Within-industry Firm Buffering

When the national industry-wide disturbance εi is transmitted to city c through local industry

i, its local pass-through is actively mitigated by the local industry’s firm-side buffering capacity,

summarized by θic ∈ [0, 1).

To micro-found this parameter, consider a local firm f with operational scale Sf . Motivated by

Kopytov et al. (2025), which emphasizes the scale advantage in corporate risk management, we allow

the firm to actively choose its buffering capacity θf to minimize the joint burden of shock exposure

and risk mitigation. Unbuffered volatility imposes a disruption loss that scales proportionally with

firm size: 1
2λSf (1 − θf )

2σ2
i , where λ > 0. Conversely, maintaining buffering capacity entails an

organizational resource cost: 1
2 (F + vSf )θ

2
f . Here, v > 0 captures variable costs, while F > 0

represents the fixed organizational overhead. The firm solves:

min
θf

{
1

2
λSf (1− θf )

2σ2
i +

1

2
(F + vSf )θ

2
f

}
(B.6)

The optimal interior solution for the firm’s buffering capacity is:

θ∗f =
1

1 + v
λσ2

i
+ F

λSfσ2
i

, (B.7)

which analytically formalizes the scale advantage in risk management. Because of the positive fixed

organizational cost (F > 0), larger firms benefit from economies of scale. Consequently, the optimal

buffering capacity θ∗f is strictly increasing in firm scale Sf .

By aggregating individual responses, the effective buffering capacity at the city-industry level

emerges as the employment-weighted average of firm-level capacities:

θic ≡
Mic∑
f=1

wficθ
∗
f (Sf ) (B.8)

In this setup, θic formalizes the capacity to buffer structural shocks, which is driven by operational

scale. Empirically, we interpret this parameter as capturing broader organizational and financial

resilience. Consequently, the pre-reallocation latent wage growth is modelled as:

gpreic = µi + (1− θic)εi + η̄ic, (B.9)

capturing how the pass-through of structural industry shocks is shaped by the local firm base’s

A12

Ailin



buffering capability (θic).

Proposition 1 (Firm Scale and Aggregate Buffering Capacity) The aggregate shock-buffering

capacity of a local industry (θic) increases in the employment-weighted buffering capacity of its con-

stituent firms. In this setup, that buffering capacity is itself increasing in firm scale. Consequently,

while the sheer fragmentation of firms (low hic) mechanically smooths idiosyncratic noise, the preva-

lence of large, high-capacity establishments systematically endows the local industry with a stronger

buffer against national industry-wide shocks.1

B.3.3 Stage 2: Reallocation, Loss Dispersion, and Local Demand Multipliers

Following Stage 1, let the pre-reallocation wage pressure in local industry i be

gpreic = µi + (1− θic)εi, (B.10)

where an adverse structural shock implies a strongly negative gpreic in exposed sectors. Displaced

workers attempt to mitigate this wage loss by reallocating to other local sectors. However, their

mobility is bounded by occupation-specific human capital. Let the fraction of workers successfully

exiting the shocked industry i be

ξic = τi mic (−gpreic )+, mic ≡
∑
k

ϕikc(1− sic|k), (B.11)

where mic captures the thickness of feasible within-occupation local destinations, ϕikc is the skill

composition of industry i, and τi > 0 governs the responsiveness of labour outflows to adverse wage

pressure. The corresponding outflow, expressed as a share of total city employment, is xic = sicξic.

Let Ajic denote the share of outflows from origin industry i absorbed by destination industry j,

with
∑

j ̸=i Ajic = 1. The net labour-supply change in sector j is

njc =
∑
i

Ajicxic − xjc. (B.12)

Assuming downward-sloping local labour demand, post-reallocation wage growth satisfies

gpostjc = gprejc − κj
njc

sjc
, (B.13)

where κj > 0 is the inverse labour-demand elasticity.

1In smaller local markets, limited total scale may sharpen the trade-off between buffering structural shocks through
larger establishments and smoothing idiosyncratic noise through firm fragmentation; larger cities are more likely to
relax this constraint.
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Redistributing Wage Losses. Holding initial employment weights fixed, city-wide average wage

growth is approximately

ḡpostc ≈ ḡprec +
∑
i

xic

κi −
∑
j

κjAjic

 , (B.14)

where ḡprec =
∑

j sjcg
pre
jc . While the direct price effect on the arithmetic average wage depends on

relative sectoral elasticities and is therefore theoretically ambiguous, Equation (4) reveals a more

robust mechanism: skill portability reduces the concentration of adverse wage pressure. Outflows

attenuate the deepest wage declines in directly hit sectors, at the cost of milder wage compression

spread across a broader set of receiving sectors.

Weakening the Local Demand Multiplier. This redistribution becomes aggregate-wage sta-

bilizing once local spillovers are admitted. Empirical literature shows that concentrated structural

shocks propagate through local economies via demand multipliers, depressing wages even in unex-

posed non-tradable sectors Autor et al. (2013). Suppose this local secondary damage is increasing

and convex in the concentration of sectoral income losses, as extreme localized wage drops trigger

non-linear contractions such as mass defaults and service-sector bankruptcies. Then dispersing a

given adverse shock more broadly across sectors reduces aggregate multiplier damage relative to al-

lowing a deep collapse in a narrow set of industries. In this sense, skill portability does not primarily

operate by raising first-order average wage growth directly; rather, it stabilizes city-wide wages by

preventing concentrated sectoral contractions from propagating through local demand.

Proposition 2 (Skill Portability and Aggregate Resilience) Following an adverse sectoral de-

mand shock, higher local skill portability increases the scope for within-occupation reallocation across

sectors. Although the direct price effect on the city-wide average wage may be ambiguous, realloca-

tion reduces the concentration of wage losses in the most exposed local sectors. When local secondary

contractions are increasing and convex in the concentration of sectoral income losses, higher skill

portability stabilizes aggregate city-wide wages by weakening the local demand multiplier.

C DATA

This section complements Section 3 in the main paper by providing more details on the data used

and variables constructed.

C.1 Wage and Employment (QCEW)

Private-sector focus. The baseline analysis restricts attention to private-sector employment and

wages in QCEW. Our objects of interest—industry exposure, reallocation, and covariance struc-

ture—are intended to capture market-driven wage risk and structural adjustment to industry shocks.
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Public-sector employment is governed by institutional and fiscal rules, and its wage and employment

dynamics are not directly comparable to those in competitive industries. Including government

would therefore mix distinct wage processes and mechanically dampen measured volatility in cities

with large public sectors. Focusing on the private sector yields a consistent industry mapping and

a cleaner portfolio interpretation of city outcomes. As a robustness check, the Supplement reports

results including both private and public sectors; the main conclusions remain unchanged.

Employment share. QCEW industry employment data are subject to nondisclosure rules im-

posed by the Bureau of Labor Statistics (BLS). At the county–industry level, cells are suppressed

when disclosure criteria are not met, for example if fewer than three establishments are present or

if a single establishment accounts for more than 80 percent of employment. Although detailed cells

may be suppressed, BLS publishes control totals at higher levels of aggregation that incorporate the

suppressed employment. Consequently, observed industry employment at finer NAICS levels gener-

ally does not sum to total private employment, particularly in smaller counties. Let total private

employment in city c and year t be denoted by Etot
ct , and observed industry employment be Ed

cit for

industry i ∈ Iobs
ct at digit level d. Typically,∑

i∈Iobs
ct

Ed
cit ≤ Etot

ct . (C.15)

To conduct the decomposition analysis, consider two possible constructions of industry shares:

(i) Renormalized shares (discarding missing mass).

s̃dcit =
Ed

cit∑
j∈Iobs

ct
Ed

cjt

,
∑

i∈Iobs
ct

s̃dcit = 1. (C.16)

(ii) Shares relative to total employment.

sdcit =
Ed

cit

Etot
ct

,
∑

i∈Iobs
ct

sdcit ≤ 1. (C.17)

We adopt approach (ii). Renormalization mechanically rescales observed industry weights by the

inverse of the observed employment share. Specifically, the renormalized weights is

s̃dcit =
sdcit∑

j∈Iobs
ct

sdcjt
.

Consequently, quadratic portfolio measures such as s̃d′ctΩs̃
d
ct are mechanically inflated relative to

sd′ctΩs
d
ct by a factor of

(∑
j∈Iobs

ct
sdcjt

)−2

. Because the observed employment share differs systemati-

cally across cities and varies over time, renormalization might mechanically inflate measured risk in
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locations with more suppression and induces artificial changes in industry weights when the set of

observed industries changes. This generates both cross-sectional distortion and spurious reallocation

in decomposition exercises that rely on variation in shares.

More fundamentally, industry weights in a portfolio framework must be defined relative to total

employment. Renormalization implicitly reallocates the employment mass of suppressed industries

across observed sectors, thereby altering the economic object under study. Defining shares relative

to total private employment preserves the true scale of the city economy and treats suppressed

industries as an unobserved residual component.

We therefore construct industry shares relative to total employment and do not impute sup-

pressed cells. Because suppression is more prevalent in smaller cities—particularly at finer industry

levels—the portfolio-based risk measure R̂d
ct = sd′ctΩs

d
ct may understate total wage volatility in cities

with a larger fraction of suppressed employment. To mitigate this attenuation in cross-city com-

parisons, we rescale the estimated risk components so that their sum matches the directly observed

variance of city-level real wage growth. Let Var(∆wct) denote the observed city wage variance, and∑
k R̂

d
ct,k the sum of estimated risk components. We define the adjusted components as

R̂adj
ct,k = R̂d

ct,k · Var(∆wct)∑
k R̂

d
ct,k

.

This preserves the relative contribution of each component while aligning total portfolio risk with

observed wage volatility. In addition, we report results at the 3-digit and 2-digit NAICS levels

alongside the 4-digit baseline. Because suppression is less severe at higher levels of aggregation,

these estimates provide robustness to potential attenuation from missing cells.

C.2 Compustat.

This subsection complements Section 3.3 by providing additional information on the variables com-

plied from Compustat dataset.

Compustat is a restricted database accessed via Wharton Research Data Services (WRDS),

providing comprehensive financial and market information on publicly listed firms worldwide. It

covers approximately 99% of global market capitalization and includes annual firm-level data dating

back to 1950. We draw on the Compustat Fundamental Annual dataset and the Historical Segments

files for North America to construct a range of firm-level quality measures, which we subsequently

aggregate to the CBSA level. Firms in Fundamental Annual database but not in the Historical

Segment database are treated as single-business-segment firms. Table C.3 details the construction

of the variables used in this study.

We restrict the sample to firms with stock ownership code STKO=0, corresponding to companies

listed on major exchanges (NYSE, NASDAQ, etc.), in order to focus on established, high-quality
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publicly traded firms that are more likely to represent the leading corporate presence in a city. Firms

traded over-the-counter (STKO=3), classified as subsidiaries (STKO=1/2), or undergoing leveraged

buyouts (STKO=4) are typically smaller, less economically central, or characterized by atypical capital

structures, and may not capture the type of corporate strength relevant for shock buffering. We

map ZIP codes to Core-Based Statistical Areas (CBSAs) using the HUD–USPS ZIP Code Crosswalk

published by the U.S. Department of Housing and Urban Development’s Office of Policy Development

and Research (PD&R).2. Around xxx% of publicly listed firms are located in MSAs, while xxx%

are located in µSAs, consistent with Davis and Henderson (2008) that MSAs are usually clusters of

firm headquarters.3 Figure C.3 displays the distribution of listed firms across CBSAs.

Although Compustat provides standardized financial and market information, its use in our

analysis is subject to several limitations. First, the dataset primarily covers publicly traded firms

and thus reflects the right tail of the firm-size distribution rather than average firm quality. Second,

firm location is identified using the ZIP code of corporate headquarters, which may not fully capture

the geographic distribution of firm activities, particularly for multi-establishment firms. Third, the

employment measure reflects total firm-level employment rather than employment located in the

headquarters CBSA. Although this may introduce measurement error for multi-establishment firms,

total firm employment is a salient proxy for firm scale and economic prominence, so employment-

weighted city aggregation still captures the characteristics of the leading corporate sector anchored

in the city.

Figure C.3: Listed Firms and City Size (1990)

(a) Kernel density of listed-firm count (b) Listed firms and city employment

Notes: Panel (a) shows the kernel density of the number of Compustat-listed firms across CBSAs in
1990. Panel (b) plots the number of listed firms against total city employment in 1990. Listed firms are
assigned to CBSAs based on zip code of companies’ headquarters. City employment is measured using
total private-sector employment with QCEW data.

2https://www.huduser.gov/portal/datasets/usps_crosswalk.html
3Metropolitan Statistical Areas (MSAs) and Micropolitan Statistical Areas (µSAs) are statistical regions defined

by the Office of Management and Budget; MSAs contain an urban core with a population of at least 50,000, whereas
µSAs are centered on smaller urban cores with populations between 10,000 and 49,999.
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Table C.3: Variables Constructed from Compustat (Fiscal Year 1990)

Variable Definition Abbreviations Economic Dimension

Panel A. From Compustat Fundamentals Annual database

Listed-firm employment
share

∑
f∈c EMPf

EmpTotalc
Share of city employment accounted for
by publicly traded firms.

}
Corporate intensity

Leverage
DLC +DLTT

AT
DLC: current debt; DLTT: long-term
debt; AT: total assets.

 Financial resilience

Interest coverage
EBITDA

XINT
EBITDA: earnings before interest, taxes,
depreciation, amortization; XINT:
interest expense.

Cash-to-assets
CHE

AT
CHE: cash and short-term investments.

Return on assets
IB

AT
IB: income before extraordinary items.

 Profitability & efficiencyOperating margin
OIADP

SALE
OIADP: operating income after
depreciation; SALE: net sales.

Asset turnover
SALE

AT

Capital expenditure
intensity

CAPX

AT
CAPX: capital expenditures.

 Investment capacity

R&D intensity
XRD

SALE
XRD: research and development.

PPE-to-assets
PPENT

AT
PPENT: property, plant, and equipment.

}
Asset structure

Panel B. From Compustat Historical Segments files

Business-segment count # segments Business segments reported in Compustat
Historical Segments.

 Business diversification

Industry breadth # distinct SIC codes

Segment sales Herfindahl
index

∑
s

(
saless∑
k salesk

)2

Based on segment-level net sales.

Notes: All variables are constructed using fiscal year 1990 Compustat data. Firm-level financial ratios and diversification
measures are aggregated to the CBSA level using employment weights. The fourth column outlines the specific economic
dimension of firm quality and structural resilience captured by each indicator.
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D EVENT STUDY

D.1 Alternative Specification: Detrended Wages

D.1.1 City Size and Shock Absorption

This section complements Section 4 of the main paper with an alternative specification that removes

city-specific pre-trends in log wages prior to PNTR and run the regression using de-trended log

wages as the dependent variable. Specifically, for each city c, we first estimate a linear city-specific

pre-trend using pre-shock observations,

lnwct = αc + ρc t+ uct, t ≤ 1999, (D.18)

and construct the detrended outcome for all years as

l̃nwct ≡ lnwct − ρ̂c t. (D.19)

We then replace lnwct with l̃nwct in Eq. 8 and re-estimate the specification with the same set

of controls and fixed effects. Figure ?? plots the resulting estimates, indicating that the baseline

findings are robust to accounting for city-specific pre-trends in wages.
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