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Theory Meets Textual Analysis:
Measuring Firm-Level Labor Cost Pressures

and Inflation Pass-Through∗

Aakash Kalyani† Serdar Ozkan‡

First Version: July 6, 2025—This Version: July 6, 2025

Abstract

We develop a novel measure of firm-level marginal labor cost and investi-
gate its pass-through to inflation. To construct this measure, we apply textual
analysis to earnings calls to identify discussions of labor-related topics such as
higher costs, shortages, and hiring. Leveraging the theoretical principle that
cost-minimizing firms equate marginal costs across variable inputs, we project
changes in firms’ intermediate input revenue shares onto the intensity of labor-
related discussions to quantify their contributions to marginal labor costs. This
approach provides an economically-motivated way to reduce the multidimen-
sional qualitative textual information into a single quantitative measure. An
aggregate index from this measure tracks closely with conventional aggregate
slack variables and outperforms them in forecasting inflation. When aggregated
at the industry level, we find a significant but heterogeneous pass-through of
marginal labor costs to PPI inflation, with the pass-through highest for service
sector and near-zero for manufacturing. Consistent with the latter fact, firm-
level data reveal that investment in automation mitigates the effects of higher
labor cost pressures in manufacturing.
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1 Introduction

Labor cost pressures have long been recognized as a fundamental driver of infla-

tion, dating back to Phillips (1958)’s seminal work. While several aggregate indicators

such as unemployment rate, vacancy-to-unemployment ratios, and output gaps are

commonly used to gauge shocks to marginal labor costs, there is little consensus

on the most appropriate measure of slack (e.g., Barnichon and Shapiro (2024)) and

neither measure fully captures the true marginal cost pressures. Moreover, their ag-

gregate nature precludes analysis of firm-level responses to labor cost shocks. This

paper addresses these limitations by developing a novel quantitative measure of labor

cost pressures derived from textual analysis of corporate earnings calls with financial

data from Compustat. We then use our measure to examine the pass-through from

labor costs to inflation at the aggregate and industry level as well as heterogeneous

firm-level responses to labor cost pressures. We find that our measure can explain

two thirds of post-pandemic inflation surge.

Earnings calls are quarterly conference calls where company executives discuss

financial results and business updates with investors and analysts, typically includ-

ing both prepared remarks and a Q&A session. These calls often contain detailed

discussions of operational challenges, including labor-related issues like hiring diffi-

culties, wage pressures, and workforce management, making them valuable sources of

real-time information about labor market conditions for each firm in each quarter. In

our analysis we use more than 250,167 earnings call transcripts for about 6,237 pub-

lic companies headquartered in the US between 2002 and 2025. About 86% of these

earnings calls discuss labor relates issues.1 The nature of these discussions varies with

the economic cycle: during tight labor markets discussions are about hiring, higher

labor costs and shortages, during recessions they shift to firing and reducing labor

costs.

Our textual analysis methodology proceeds in three steps. First, based on a

manual reading of transcript excerpts, we identify five primary topics of labor-related

1Other papers have used earnings calls to infer firms’ cost of inputs. For example, Gormsen and

Huber (2024) use them to measure firms’ perceptions of their cost of capital. In a contemporaneous

paper Harford et al. (2024) also extract information from earnings calls to develop a measure of

labor shortage exposure. Furthermore, Gosselin and Taskin (2024) constructs demand and supply

indicators for Canada and United States using earnings call transcripts.
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discussions: 1) labor costs, 2) labor shortages, 3) headcount, 4) labor agreements,

and 5) labor efficiency. When discussing labor costs, headcount and efficiency, the

executives also qualify the discussion with the direction of shift—higher or lower—,

leaving us with J = 8 topics. Second, to construct dictionaries for these topics, we

begin with a few seed keywords that are directly indicative of these topics such as

“labor shortage”, “labor costs”, and “wage inflation”. Following Hassan et al. (2024a),

we expand on these keywords using embeddings trained on earnings conferences calls

to obtain other phrases which were used in similar context. Finally, to measure firm

i’s exposure to topic j of labor-related issues in quarter t, Λj
it, we count sentences

containing these keywords and normalize it by the length of the call.

While our textual analysis provides rich descriptive evidence of labor market pres-

sures, we need a more structured approach to quantify the economic importance of

this qualitative data. We develop this framework through the firm’s cost minimiza-

tion problem that features materials as a variable input and generalized labor costs

which capture both direct wage costs and indirect labor expenses, such as job posting,

hiring, training, and retention costs. This model recognizes that firms facing labor

market pressures incur multiple types of costs as they attempt to expand their effec-

tive workforce. We then leverage the fact that cost-minimizing firms equate marginal

costs of one additional unit of output across all variable inputs to quantify the im-

portance of various labor-related topics in driving marginal labor costs across firms.

In our framework, an increase in marginal cost of labor while keeping revenue per

employee and output elasticities constant should increase the share of spending on

materials.

Therefore, we estimate each topic’s contribution on marginal cost of labor by re-

gressing firms’ revenue shares of intermediate inputs on Λit = [Λ1
it,Λ

2
it, ...,Λ

J
it] while

controlling for revenue per employee, and firm and time fixed effects, thereby exploit-

ing the within-firm variation. This approach serves a dual purpose. First, it translates

our high-frequency qualitative measure from earnings calls into quantitative estimates

of labor cost pressures (ωit). Second, it provides an economically-motivated way to

reduce the multidimensional information from earnings calls into a single measure.

The regression coefficients effectively determine the optimal weights for combining

different aspects of labor topics mentioned in earnings calls into a unified measure of
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their impact on firm costs.

We first validate this measure by comparing a sales-weighted average of ωit with

traditional aggregate indicators. Our index exhibits strong correlations with them,

for instance, 0.76 with labor market tightness, –0.55 with unemployment rate, and

0.63 with the Employment Cost Index (ECI). Furthermore, it reveals an intriguing

nonlinear relationship with them, sharply increasing when unemployment falls below

5% and labor market tightness exceeds around 1.5. Notably, following a sharp but

short-lived collapse during the Great Recession, our index remained persistently low

throughout the subsequent recovery, consistent with the observed flattening of the

Phillips curve (Powell (2018)). However, the measure surged dramatically during and

after the COVID-19 pandemic, aligning closely with the steepening Phillips curve

(Domash and Summers (2022)). Finally, when aggregated at the industry level, our

measure maintains a robust correlation with labor market tightness and earnings

growth of new hires across industries, further validating its relevance.

We next quantify the pass-through from labor cost pressures to inflation using

industry-level variation in the Producer Price Index (PPI). We find a strong and sta-

tistically significant relationship between increased labor cost pressures (aggregated

at the industry level) and subsequent PPI inflation even after controlling for indus-

try and time fixed effects. Specifically, our estimates indicate that a 1.0 percentage

point (pp) rise in labor cost pressures corresponds to approximately a 1.0 to 1.8 pp

increase in PPI inflation over the following year. Importantly, the strength of this

pass-through varies substantially across industries: sectors with higher labor inten-

sity, such as wholesale trade, retail trade, and accommodation and food services,

demonstrate stronger pass-through effects, whereas heavily regulated industries, like

utilities and healthcare as well as manufacturing exhibit notably lower sensitivity.

Further, we evaluate the predictive power of the aggregate labor cost pressure

measure for core PCE inflation using a Phillips curve framework, comparing its per-

formance to traditional measures of labor market slack (à la Barnichon and Shapiro

(2024)). We aggregate our quarterly industry-level measure using PCE weights and

find that our measure outperforms traditional labor market indicators—such as unem-

ployment rates, labor market tightness, the output gap, and the ECI—in explaining

inflation dynamics. In fact, our measure can explain 19.5 pp of the 29.3 pp cumu-
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lative surge in inflation during the post-pandemic period. When included alongside

these traditional measures, our indicator remains statistically significant, effectively

subsuming their explanatory power. A particularly interesting finding is that while

our measure leads inflation, the ECI tends to lag inflation by about three quarters,

suggesting our measure could serve as a more timely indicator for predicting inflation-

ary pressures. These results suggest that our labor cost pressure measure captures

forward-looking critical information about inflationary pressures that conventional

indicators might overlook, particularly during periods of extreme labor market tight-

ness.

Finally, we exploit the disaggregated nature of our measure and examine how firms

respond to labor cost pressures using firm-level data from Compustat. We analyze

changes in several key firm outcomes, including investment rates, R&D spending,

and productivity measures, in response to ωit. Our empirical strategy employs a

comprehensive set of controls including firm fixed effects, year fixed effects, industry

characteristics, and other firm-specific variables to isolate the causal effect of labor

cost pressures on firm behavior.

Firms experiencing higher labor cost pressures increase their investment, with this

effect being particularly pronounced in industries that heavily employ routine manual

tasks. These differential responses translate into productivity outcomes: firms facing

labor cost pressures experience faster productivity growth, a one standard deviation

increase in labor cost pressures corresponds to a 1.55 percentage point increase in

productivity growth. However, this productivity gain is primarily driven by firms

in routine-manual task-intensive industries, while firms in non-routine industries do

not observe such increases. These findings suggest that labor cost pressures may

accelerate automation and technological adoption, particularly in industries where

human labor can be more readily substituted with capital. They also explain why

the pass-through of marginal labor costs to PPI inflation is highest for service sector

and near-zero for manufacturing.

Related Literature. Our paper contributes to a large literature that uses the

Phillips curve to forecast inflation. Different researchers have advocated for vari-

ous measures of slack as inflation predictors. Stock and Watson (1999) demonstrated

that the unemployment rate outperforms other macroeconomic variables such as in-
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terest rates and commodity prices; Gaĺı (2015) argued for the output gap; Moscarini

and Postel-Vinay (2012) proposed the job-switching rate; and Barnichon and Shapiro

(2024) recently showed that labor market tightness outperforms these alternatives.

However, in several time periods, current inflation itself has proven to be the best

predictor of future inflation (Atkeson et al. (2001); Stock and Watson (2008)). Our

paper makes two contributions to this literature. First, whereas the existing work

relies almost exclusively on aggregate indicators of slack—be it the unemployment

rate, output gap, or the vacancy–unemployment ratio—we construct a novel, firm-

level measure of labor cost pressures derived from textual analysis of earnings confer-

ence calls. Our measure directly captures the complaints of executives about labor

market conditions. We therefore avoid assumptions about which aggregate variables

reflect these conditions and whether these conditions uniformly affect all firms. The

granularity also allows us to flexibly aggregate our measure using PCE weights which

helps in quantifying labor cost pressures on prices of the representative consump-

tion basket. As a result, our measure when aggregated performs better than all of

these measures in Phillips curve estimation. Second, using firm-level granularity, we

show that in usual times small changes in the unemployment rate or output gap do

not materialize into widespread discussions of labor cost pressures at the firm level.

However, during periods of extremely tight labor markets and extremely low rates of

unemployment, these concerns are more widespread and thus translate into higher

labor cost pressures and higher inflation.

Within the use of textual data in economics, our paper is relevant to two different

literatures. First has used textual analysis to measure previously unobservable phe-

nomena. For example, economic and political uncertainty (Hassan et al. (2019, 2020,

2024b, 2023) and Baker et al. (2016)), firm attention to macroeconomic variables

or financial constraints (Song and Stern (2024)and Buehlmaier and Whited (2018)).

We follow this literature in terms of methodology and develop a measure of labor

cost pressures. Our approach follows this literature and we construct topic-specific

dictionaries, using word embeddings trained on earnings calls, and then iteratively

expanding on these dictionaries using manual reading. We add to this literature by

embedding these firm-level textual measures in a theoretical framework that links

them to marginal costs and ultimately quantifies the contribution of labor cost pres-
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sures to inflation. We show that our theoretical framework makes a material difference

in predicting inflation and that a raw count of instances of labor discussions in earn-

ings calls—which the previous literature used—is not correlated with either aggregate

slack variables and inflation, whereas our measure is strongly correlated.

Second, a very recent literature uses natural language processing to forecast

macroeconomic variables. Most of these studies time-aggregate their text signal—

for example, by averaging a daily news-sentiment index or collapsing a quarterly

central-bank press-conference transcript into one embedding—so that both left- and

right-hand variables sit at the same monthly or quarterly frequency (e.g. Ashwin

et al. (2024); Araujo et al. (2025)). Because the post-1990 sample offers at most

140 quarterly or 300 monthly observations, this top-down approach faces a severe

degrees-of-freedom constraint. We instead discipline the text at the firm level, where

the sample is orders of magnitude larger (≈ 250,000 firm-quarters). Guided by a cost-

minimization framework, we convert each firm’s labour-related discussions into an

economically interpretable statistic—its marginal labour-cost shock—and only then

aggregate those shocks with theory-based weights. This micro-to-macro approach

keeps the richness of the text while preserving statistical power.

This paper also relates to a growing literature on capital–labor substitution and

productivity. Studies such as Acemoglu and Restrepo (2022b) and Graetz and Michaels

(2018) show that automation can reduce firms’ reliance on labor by increasing labor

productivity. We show that labor cost pressures prompt capital-deepening investments—

often spurring productivity gains—particularly in tight labor markets and mostly in

industries with routine manual work. Our findings thus reinforce the importance of

automation as a critical margin through which firms adapt to labor market shocks

and have implications for aggregate productivity and optimal monetary policy.

The rest of the paper is organized as follows: In Section 3, we introduce the simple

theoretical framework to fix the ideas. Section 2 presents the datasets we use in our

analysis as well as the details of the empirical methodology. In Sections 2.2 and 5, we

discuss validation of our labor cost pressure measure with respect to the aggregate

data as well as its inflation implications. Section 6 presents our on how firms respond

to changes in labor costs. Finally, Section 7 concludes.
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2 Earnings Call Data and Empirical Methodology

Our main source of data is earnings conference calls. We use 443,870 transcripts of

earnings conference calls held between 2002 and 2025 from S&P Global. For our base-

line results, we focus on 248,437 earnings calls by US headquartered firms. We begin

by constructing a dictionary of 104 labor-related terms (such as ‘personnel’, ’wage’,

’workforce’ etc.) and reading excerpts from these earnings conference calls that dis-

cuss these terms. In total, about 88% of earnings conference calls discuss labor-related

terms. Table I shows sample excerpts from earnings calls that discuss labor issues.

From our reading of a random sample of transcripts, we find that discussions revolve

around five topics: labor costs, labor shortages, headcount, labor efficiency and labor

agreements. When discussing labor costs, headcount and efficiency, the executives

also qualify the discussion with the direction of shift: higher or lower. Therefore in

total we have eight topics.

Table I – Sample Excerpts from Earnings Calls

Firm Excerpt

Basic Energy

Services Inc (2011)

We produced a sequential increase in revenue for the quarter,
but only a modest increases in cash flow and earnings as labor cost increases

jumped ahead of our ability to move pricing up in some segments.

KBR Inc (2013) We had done forecast of labor availabilities and projects and had anticipated
that market getting tighter in the first part of 2014. And candidly, it hit us faster

than we anticipated.

US Foods Holding

Corp (2019)

Third, on the cost side, we made substantial progress on our distribution initiatives.
However, the higher than anticipated wage pressure, as a result of a very tight labor

market, did offset some of this progress.

Akumin Inc (2023) So we have responded by like everybody and paying more sign-on bonuses,
giving more than typical wage increases, particularly on the clinical labor side.

... as we discussed, there is a bit of a headwind resulting from those labor costs.

To label discussions of these automatically, we develop dictionaries for each topic

following Hassan et al. (2024a). We began by identifying a small set of seed key-

words that directly relate to each topic. For instance, for the topic of labor shortages,

we started with words like labor and shortage. Similarly, for labor costs, we con-

sidered terms such as wage and compensation. To expand our initial keyword list,

we employed word embeddings trained on the earnings call transcripts. This helped

us identify additional words and phrases used in similar contexts. For example, the

7



embedding model suggested terms like personnel shortage and staffing constraints as

contextually similar to labor shortage. In parallel, we manually reviewed excerpts

from earnings call transcripts to identify additional terms that were frequently used

to discuss each topic but were not captured by the embedding model. To ensure the

relevance of each keyword, we extracted 10 excerpts containing the keyword from

our dataset and manually assessed whether they aligned with the intended topic. A

keyword was retained in the dictionary for a topic if at least 70% of the sampled

excerpts were correctly classified under that topic (i.e., they were true positives). If

a keyword was found to be frequently ambiguous or misclassified, it was either dis-

carded or reassigned to a different topic where it was more relevant. We repeated

this process iteratively, adding to the keyword lists with each iteration. We finalized

the lists when we could not find additional keywords through our process. Table A.1

shows top 20 keyword combinations used to identify conversations about each topic

out of a total of 13,566 keyword combinations for all topics combined.

Our classification model operates at the sentence level. A sentence is assigned a topic

if it contains all the constituent words from one of that topic’s keyword combinations.

For instance, a sentence is categorized under ’labor shortage’ if it includes both the

keywords ’labor’ and ’shortage’, regardless of the order or distance between them. We

then aggregate over the earnings call transcript and define the percentage of sentence

in an earnings call transcript which mention a topic τ . Figure 1 shows the incidence

of these topics in earnings conference calls. These topics have significant overlaps.

Executives discuss multiple topics in earnings conference calls. Altogether at least

one of these topics is mentioned in 62% of earnings conference calls, accounting for

70.4% of overall executive discussions of labor-related terms. The four most prominent

topics are higher and lower labor costs, and higher and lower head counts (hiring and

firing). These four topics themselves are mentioned in 60% of earnings calls.

2.1 Discussion of Labor Topics Over Time

Figure 2 shows the percentage of earnings calls that contain labor-related discus-

sions over time from 2002 to 2024. The time series reveals distinct patterns across

different economic periods. During the pre-financial crisis period (2002-2007), around

85-90% of earnings calls consistently discussed labor issues. However, there was a no-

table decline following the 2008-2009 financial crisis, with the percentage dropping to
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Figure 1 – Percentage of Earnings Calls, by Topic

Notes: The figures show percentage of earnings calls by labor topic between 2002 and
2025.

around 85% and remaining at this lower level through most of the 2010s. The data

shows another significant shift during the COVID-19 pandemic, with the percentage

of labor-related discussions spiking to almost 100% in 2021, reflecting the unprece-

dented labor market disruptions during this period. After this spike, the percentage

has gradually declined but remained elevated and volatile, suggesting ongoing labor

market adjustments in the post-pandemic period.

These patterns align with major economic events (e.g. recessions) and demon-

strate how the intensity of labor-related discussions in earnings calls reflects attention

paid to labor market conditions or decisions made around labor. However, the total

count of labor issues mentions is not necessarily strongly correlated with aggregate

slack, while, as we show next, some individual topics are. Therefore, it is important

to classify discussions of labor issues into topics and quantify the importance of each

topic for labor cost pressures separately.

2.2 Validation of Labor Topic Discussions

Figure 3 plots the evolution of each labor discussion topic from 2002 to 2025.

The time series reveal distinct patterns across economic cycles. While discussions

of higher labor costs were elevated before the crisis; during the Great Recession,

9



Figure 2 – Earnings calls with Labor mentions over time, %

Notes: The figure shows the percentage of earnings calls that mention one of labor
terms by quarter.

mentions of lower labor costs and headcount reductions peaked. Similar pattern

was observed around the Covid pandemic recession. The post-pandemic period, in

contrast, is defined by an unprecedented surge in labor shortage discussions in 2021-

2022, with mentions reaching levels nearly four times higher than any previous peak.

This highlights the unique severity of recent labor market tightness and validates that

our textual measures capture critical, time-varying firm concerns.

Figure A.1 shows confirms these topics capture meaningful economic signals by

correlating them with key macro variables. Unsurprisingly, first three panels show

that discussions of labor shortages, higher costs, and increased headcount are pos-

itively correlated with labor market tightness (V/U ratio) and wage growth (ECI),

while being negatively correlated with the unemployment rate. The opposite holds

for discussions of lower costs and headcount reductions.

Finally, the bottom-right panel shows correlations with the output gap, where

labor cost increases and efficiency decreases show the strongest positive correlations,

suggesting these discussions are particularly sensitive to the overall state of the econ-

omy. Notably, labor shortage discussions show relatively modest correlation with

the output gap compared to their strong correlations with direct labor market mea-

sures, suggesting they capture labor market-specific rather than general economic

conditions.
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Figure 3 – Discussion of Labor Topics over Time

Notes: The figures show the average percent share of sentences of a labor topic
mentioned in earnings calls by quarter.
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These correlation patterns validate our textual analysis approach by demonstrat-

ing that discussions of labor issues in earnings calls systematically align with tra-

ditional macroeconomic measures of labor market conditions and overall economic

activity. The consistent and intuitive patterns across different measures suggest that

earnings call discussions provide reliable signals about labor market conditions.

Table II – Discussion of labor topics and wage growth of new hires, at industry level

∆log(Earningsn,t)
(1) (2) (3)

Labor Costs Higher (std.)j,t 1.158*** 1.572*** 0.620***
(0.249) (0.281) (0.208)

Labor Costs Lower (std.)j,t –1.388*** –1.194*** –0.469
(0.333) (0.293) (0.281)

Headcount Higher (std.)j,t 0.593*** –0.251 –0.121
(0.180) (0.326) (0.329)

Headcount Lower (std.)j,t –1.096*** –1.352*** –0.948***
(0.290) (0.293) (0.300)

Labor Shortage (std.)j,t 0.677*** 0.730*** 0.206*
(0.174) (0.174) (0.107)

Labor Efficiency Higher (std.)j,t 0.078 0.242 0.029
(0.155) (0.183) (0.159)

Labor Efficiency Lower (std.)j,t –0.215 –0.249 –0.155
(0.268) (0.236) (0.177)

Labor Agreement (std.)j,t 0.122 –0.009 0.129
(0.198) (0.251) (0.201)

R2 0.061 0.089 0.439

N 4,298 4,298 4,298
Time FE N N Y
Industry FE N Y Y

Notes: The table shows regression of changes in on discussion of labor
topics by industry n in quarter t. Earnings denotes earnings for new
hires observed in the quarterly workforce indicates aggregated over in-
dustry n at time t. Industry is at the NAICS 3-digit level. Each obser-
vation denotes a industry n and year t. To construct labor topic obser-
vations at the industry x year level we take averages across all quarters
in a year. We exclude firms in financial and administrative industries
(NAICS 52, 53 and 56). Topic variables are standardized. Regression is
weighted by number of earnings calls in the industry. Standard errors
are clustered by industry.

We also investigate how different labor-related discussions in earnings calls re-

late to wage growth for new hires at the industry level with time and industry fixed

effects (Table II). Our results show economically significant relationships between

labor-related discussions and wage growth. Discussions of higher labor costs are posi-

tively associated with wage growth, with coefficients ranging from 0.62 to 1.58 across
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specifications, all statistically significant. Conversely, mentions of lower labor costs

are negatively associated with wage growth, with coefficients between –0.47 and –

1.39. Similarly, discussions about decreasing headcount show negative associations

(coefficients –0.95 to –1.35). These results are robust across specifications and re-

main significant even after controlling for both time and industry fixed effects. The

R-squared increases substantially from 0.06 to 0.44 when including both time and in-

dustry fixed effects, indicating that industry-specific and time-varying factors explain

a significant portion of the variation in wage growth. Discussions of labor shortages

and efficiency show smaller coefficients, but their signs align with economic theory:

labor shortages and higher efficiency discussions are positively associated with wage

growth, while lower efficiency discussions show a negative association. Labor agree-

ments is not significantly correlated with wage growth. Recall that firms also mention

these topics less, suggesting these discussions may capture aspects of labor market

conditions that are not directly related to wage growth.

3 Theoretical Framework

While our textual analysis of earnings calls provides rich descriptive evidence of

labor market pressures, we need a more structured approach to quantify their eco-

nomic importance on a firm’s marginal costs. In this section we develop a framework

through the firm’s profit maximization problem with generalized labor costs, which

capture both direct wage costs and indirect labor expenses, such as job posting, hiring,

training, and retention costs. This comprehensive view recognizes that firms facing

labor market pressures incur multiple types of costs as they attempt to expand their

effective workforce as we have seen in the discussions of labor issues in the previous

section.

We consider a firm’s profit maximization problem with general labor costs cap-

turing both direct wage costs and indirect labor expenses, such as job posting, hiring,

training, and retention costs. Firm i in quarter t solves the following problem:

max
Mi,t,Li,t

P (Yit)Ft(Mit, Lit,Ωit) − xMt Mit − w(L̄it)Lit − C(L̄it)

s.t. Lit ≤ µitL̄it

13



Output (Yit) is produced using two inputs, intermediate materials (Mit) and labor

(Lit), according to the common production function (Ft). Ωit denotes idiosyncratic

productivity shocks. The firm faces a demand curve that determines the price (Pit)

as a function of its output level. Firms make two key decisions: how much interme-

diate inputs (Mit) to purchase and how much labor to employ.2 On the cost side,

intermediate inputs are the flexible input (à la Gandhi et al. (2020)) and represent

materials, supplies, and other variable inputs excluding labor and are purchased at

price, xMt . However, the labor decision is more nuanced than in standard models.

Firms must distinguish between two labor-related quantities: the number of posi-

tions they create or workers they aim to hire (L̄it) and the effective labor input that

actually contributes to production (Lit). For labor costs, the wage function w(L̄it)

determines the base wage costs and may reflect the firm specific labor supply curve

and it’s influence on wages, particularly in markets where it has significant hiring

power. The function C(L̄it) captures additional labor-related expenses such as those

for recruitment, vacancy posting, training, signing bonuses, etc.

This distinction between Lit and L̄it captures several aspects of labor markets.

A firm might post job openings but struggle to fill them, hire workers who need

training before becoming fully productive, or face challenges in retaining employees.

These frictions are captured through two types of costs: direct wages that depend on

the number of positions created when labor supply is not perfectly elastic (w(L̄it)),

costs associated with posting vacancies and training workers, and potential wage

adjustments needed to attract or retain workers (C(L̄it)). The relationship between

posted positions and effective labor is governed by a constraint, Lit ≤ µitL̄i, where µit

represents idiosyncratic labor market pressure shocks—factors like tight local labor

markets, low vacancy fill rates, or high training requirements that make it harder

to convert posted positions into productive labor input. Shadow cost of this labor

constraint is given by λi,t =
wL(L̄it)L∗

i,t+CL̄(L̄it)
µi,t

, where L∗i,t is the optimal choice of

effective labor input and wL and CL̄ are first derivatives.

Unlike the typical firm problem with only direct wage costs of labor, the marginal

cost of labor (MCLit = w(L̄it) + λit), includes both increase in direct wage costs and

changes in indirect labor expenses such as job posting, hiring, training, and retention

2Capital is pre-determined in the previous period and for parsimony we only focus on firm’s

static decision.
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costs. Changes in MCLit is key for many firm decisions in this model. For example,

from the first order condition (FOC) with respect to labor input Lit, one can show

that under flexible prices the pass-through rate of changes in marginal cost of labor

to prices is one:

log (Pit) = log

(
εit + 1

εit

)
︸ ︷︷ ︸
ηit, Mark-up

+ log
(
w
(
L̄it
)

+ λLit
)︸ ︷︷ ︸

Marginal cost of labor

− log (Yit/Lit)︸ ︷︷ ︸
Labor prod.

− log
(
αLit
)︸ ︷︷ ︸

Elasticity

,

∆ log (Pit) =∆ log
(
w
(
L̄it
)

+ λLi,t
)
− ∆ log (Yit/Lit) − ∆ log

(
αLit
)
− ∆ log (ηit) (1)

where εit is the price elasticity of demand and αLit = ∂Yit
∂Lit

Lit

Yit
is the output elasticity of

labor input.

Despite its central role in firm’s decisions, measuring changes in marginal costs of

labor presents a challenge since financial data does not provide such detailed break-

downs. To this end, we exploit the FOCs with respect to intermediate input and

labor inputs:

xMt

Pi,t
∂Yi,t
∂M

(
εit+1
εit

) =
w
(
L̄it
)

+ λLit

Pi,t
∂Yi,t
∂L

(
εit+1
εit

)
xMt Mit

Pi,tYit
=

(
w
(
L̄it
)

+ λLit
)
Lit

Pi,tYit

αMit
αLit

∆ log sMit︸ ︷︷ ︸
M -share

= ∆ log
(
w
(
L̄it
)

+ λLit
)︸ ︷︷ ︸

Marginal cost of labor

− ∆ log
Pi,tYit
Lit︸ ︷︷ ︸

Revenue per worker

+ ∆ log
αMit
αLit︸ ︷︷ ︸

output elasticities

, (2)

where αMit = ∂Yit
∂Mit

Mit

Yit
is the output elasticity of intermediate input and sMit is the

revenue share of intermediate input cost.

Compustat data lacks direct measures of marginal cost of labor. Our methodology

aims to quantify the latent labor cost pressures captured by the labor issues discus-

sions by translating these qualitative mentions into estimated changes in the marginal

costs labor, ∆ log
(
w
(
L̄it
)

+ λLit
)
. In particular, we model changes in marginal labor

cost as a function of labor issues discussions in earnings calls:

∆ log
(
w
(
L̄it
)

+ λLit
)

= f(Λit) + ςit, (3)
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where Λit = [Λ1
it,Λ

2
it, ...,Λ

8
it]
′ is an array of firm i’s exposure to topic k of labor-

related issues in quarter t—Λk
it—, which is measured as the count of instances of

keywords normalized by the length of the call (see Section 2). Therefore, in our

empirical specification we project changes in firms’ intermediate input revenue shares

onto their exposure to labor topics and estimate ωit = f(Λit) in the below equation:

∆ log sMit︸ ︷︷ ︸
M -share

= f(Λit)︸ ︷︷ ︸
ωit

− ∆ log
Pi,tYit
Lit︸ ︷︷ ︸

Revenue per worker

+εit, (4)

where εi,t denotes the error term which absorb changes in output elasticities and

measurement error as well as possible variation in utilization of inputs.

This regression approach accomplishes two key objectives. First, it converts our

textual data from earnings calls into quantifiable estimates of labor cost pressures.

Second, it provides an economically grounded method for condensing the complex,

multidimensional information in earnings calls into a single meaningful measure. By

using the regression coefficients as weights, we create a composite measure that cap-

tures how different labor-related discussions contribute to overall firm costs. This ap-

proach yields a comprehensive labor cost pressure measure that weights each topic’s

mention according to its estimated impact on firms’ cost structures, combining the

rich qualitative information from earnings calls into a single, economically inter-

pretable metric.

One might consider an alternative ‘residual approach’, where labor cost pressures

are defined as the unobserved component from a regression of materials’ revenue share

on revenue per worker. However, such an approach suffers from a critical drawback.

While our method uses an external, independently measured topic signals on the right

hand side and only requires that this signal is not systematically correlated with other

unobservables after including fixed effects. The residual approach requires a much

stronger and less plausible assumption. Specifically, it assumes that any variation

in materials’ revenue share not explained by revenue per worker is the labor cost

pressures shock, thereby mechanically conflating the signal with all sources of noise

and misspecification.
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4 Estimating labor cost pressures, ωit

4.1 Compustat Data

Our estimation of each topic’s contribution to the marginal cost of labor in equa-

tion 4 relies on financial data from Compustat. However, Compustat lacks direct mea-

sures of intermediate inputs, so we employ two alternative measurement approaches

following the previous literature.

First, following Demirer (2022), we calculate materials as the sum of cost of goods

sold (COGS) and selling, general and administrative expenses (SGA), minus depre-

ciation (DP) and wage expenditures. Since our firm problem features indirect labor

costs (such as recruitment and training costs) that may appear under SGA, we also

construct an alternative measure that excludes SGA entirely. As shown in the next

section, both measures of material expenditures measures yield remarkably similar

results. Additionally, since Compustat does not report total wage expenditures di-

rectly, we approximate these by multiplying each firm’s employee count by the average

industry earnings from the Quarterly Census of Employment and Wages (QCEW).

Although our earnings call data is quarterly, our intermediate input measures are

available only annually, necessitating annual regression estimation.

Second, following Keller and Yeaple (2009), we use firm-level data on year-end

raw materials inventory from Compustat as an alternative proxy for intermediate

inputs. We again find remarkably similar results (as discussed in the next section).

We calculate materials’ revenue share by dividing materials cost by total annual sales.

We exclude firms in financial and administrative industries (NAICS 52, 53 and 56).

We only include firm level data till 2019 to exclude Covid-19 pandemic period.

4.2 Labor cost pressures (ωit) estimates

We regress firms’ revenue shares of variable intermediate inputs on labor issue

topics while controlling for firm and time fixed effects. We also choose to flexibly

control for employment growth and sales growth to account for measurement error in

reporting employment. And, to account for flexible output elasticities—which have

been shown to be functions of inputs and to vary over time (Hubmer et al. (2024))—
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we control for industry-year fixed effects.3 In particular, we estimate equation 4 at

the annual level using the following regression specification.

∆ log sMi,t =
∑
k

βtopick Λk
i,t︸ ︷︷ ︸

ωit

+β1∆log(Empi,t) + β2∆log(Salesi,t) + δjt + εit. (5)

where sMi,t is the share of intermediate input and Empi,t and Salesi,t are employee

count and sales reported by firm i in year t. Each topic score for topic k by firm

i in year t is constructed by averaging over the topic scores calculated quarterly for

each earnings conference call. δj,t denotes various controls such as firm-level risk and

sentiment scores, and industry, firm, and time fixed effects.

In this section we show the regression results when we use Demirer (2022)’s ma-

terial measure (i.e., the sum of COGS and SGA minus DP and wage expenditures).

The regression results for other measures of materials are remarkably similar (Table

A.3). Table III shows the regression coefficients for different labor-related discussions

in earnings calls relate to firms’ cost structures. We present five different specifica-

tions with progressively more stringent controls, ranging from a basic specification

to one that includes firm fixed effects, time fixed effects, and additional controls for

risk and sentiment4. Using these coefficients, we calculate the estimated change in

marginal costs of labor using:

ωit =
∑
k

β̂topick Λk,i,t (6)

The results reveal overall robust and intuitive relationships between labor cost

discussions and firms’ cost structures. Discussions around higher labor costs, higher

headcount, labor shortages and lower labor efficiency are associated with higher cost

pressures. Whereas discussions around lower labor costs, lower headcount, and higher

3This specification choice is consistent with the marginal costs as specified in Gagliardone et al.

(2023) who specify firm level marginal costs for firm i at time t as MCi,t = Ci,tAi,tY
v
i,twhere v

is a scaling parameter and Ai,tis a firm level productivity shifter. This type of functional form

assumption allows for more general production functions and nests Cobb-Douglas and CES cases.
4We find nearly identical coefficients when including firm fixed effects along with industry-year

fixed effects.
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labor efficiency are associated with lower cost pressures.

Table III – Estimation of labor cost pressures: Labor topics and variable input cost
share, at firm x year level

∆log(Materials/Sales)i,t
(1) (2) (3) (4) (5)

Labor Costs Higheri,t 4.270*** 3.981*** 3.427*** 3.580*** 3.854***
(0.613) (0.604) (0.675) (0.686) (0.731)

Labor Costs Loweri,t –6.075*** –6.437*** –6.739*** –6.685*** –6.497***
(0.973) (0.971) (1.008) (1.044) (1.014)

Headcount Higheri,t –0.788 –0.529 0.263 0.392 0.882
(0.724) (0.727) (0.733) (0.730) (0.930)

Headcount Loweri,t –0.981 –0.365 –0.188 0.444 –0.764
(1.032) (1.029) (1.038) (1.075) (1.162)

Labor Shortagei,t 2.042 2.446 1.234 1.231 2.019
(1.808) (1.890) (2.118) (2.154) (2.486)

Labor Efficiency Higheri,t –1.061 –1.838 –2.899 –2.883 –3.636
(2.821) (2.774) (2.928) (3.011) (3.146)

Labor Efficiency Loweri,t 6.885** 7.447** 7.494** 8.318** 1.373
(3.291) (3.287) (3.464) (3.608) (3.398)

Labor Agreementi,t 1.013 0.813 –0.425 –0.696 –0.441
(1.102) (1.082) (1.112) (1.167) (1.247)

Residual categoryi,t 0.374 0.286 0.520* 0.556* 1.056**
(0.282) (0.285) (0.312) (0.333) (0.421)

R2 0.050 0.060 0.099 0.099 0.223

N 23,790 23,790 23,714 21,500 21,240

Baseline Controls Y Y Y Y Y
Time FE N Y Y Y Y
Industry-Year FE N N Y Y N
Sentiment and Risk N N N Y Y
Firm FE N N N N Y

Notes : The table shows regression of changes in on labor topics. Each observation
denotes a firm i and year t. To construct labor topic observations at the firm x year
level we take averages across all quarters in a year. All specifications include controls
for yearly changes in sales and employment. Columns (4) and (5) include controls for
risk and sentiment. We exclude firms in financial and administrative industries (NAICS
52, 53 and 56). We only include firm level data till 2019 to exclude Covid-19 pandemic
period. Standard errors are clustered by firm.

Magnitudes and statistical significance of these coefficients exhibit interesting vari-

ations. Specifically, discussions of higher labor costs are consistently strongly associ-
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Figure 4 – Labor Cost Pressure Index (ω̄t)

Notes: The figure shows the average change in estimated marginal cost of labor across firms by

quarter along with bootstrapped confidence intervals. The estimation uses coefficients from Table III

and topic specific scores by firm and by quarter. Bootstrapped confidence intervals are calculated by

randomly leaving out 10% of the sample one at a time for the estimation procedure for 200 samples.

ated with increases in the materials-to-sales ratio. The estimated coefficients range

from 4.270 (s.e. = 0.613) in the baseline model without any controls to 3.854 (s.e.=

0.731) in our most restrictive specification that includes firm and time fixed effects.

In our most restrictive specification, the coefficient remains highly statistically signif-

icant at the 1% level. Similarly, mentions of lower labor costs are linked to significant

negative coefficients, ranging from -6.075 (s.e.=0.973) to -6.497 (s.e.=1.014).

Appendix table A.4 shows regressions with individual topics. The table shows

that individually discussion of higher and lower labor counts, and labor shortages

are significantly associated with changes in materials-to-sales ratio. However, these

associations are sufficiently summarized in the discussion of higher and lower labor

cost pressures and therefore are not statistically significant in our baseline table.

The stability of key coefficients across specifications for labor costs discussions,

suggests these relationships are robust and not driven by omitted variables at the

firm, industry, or time level.
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Figure 5 – Distribution of Labor Cost Pressures across firms (ωit)

Notes: The figure shows the distribution of change in estimated marginal cost of
labor across firms by quarter. The estimation uses coefficients from Table III and
topic specific scores by firm and by quarter. Different colors show the distributions
of labor cost pressures separated by 1 standard deviation.

4.3 Time series variation of labor cost pressure (ωit)

We first construct an aggregate measure of labor cost pressures (ω̄t) by creating a

sales-weighted average of our firm-level measure (ωit) to validate it against traditional

macroeconomic indicators. Figure 4 shows our aggregate index. Following a sharp

but short-lived collapse during the Great Recession, the index remained persistently

low throughout the subsequent recovery. Consequently, it aligns more closely with

the observed flattening of the Phillips curve (Powell (2018)). Furthermore, the index

surged dramatically during and after the COVID-19 pandemic, surpassing its pre-

recession peaks, a movement that corresponds to the steepening of the Phillips curve

observed during this time (Domash and Summers (2022)).

Table IV presents correlations between our measure and four key macroeconomic

indicators: unemployment rate, output gap, and the Employment Cost Index (ECI)

(along with previously discussed labor market tightness). The results show strong

and statistically significant correlations across all measures, with particularly robust

relationships with labor market tightness (0.76) and the ECI (0.63). The positive cor-

relation with different slack variables confirm that our measure effectively captures

labor market conditions in a way that aligns with traditional indicators. However,
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the imperfect correlation suggests our measure captures critical information that con-

ventional indicators might overlook.

Table IV – Correlation with labor cost pressure index, Λ̄t

Tightness Unemp. Rrate Output gap ECI

0.76??? –0.55??? 0.29??? 0.63???

(0.06) (0.09) (0.10) (0.07)

What drives the variation in our aggregate index? Do all firms experience similar

changes in labor cost pressures, or are these pressures concentrated among a small

subset of firms? Figure 5 shows the distribution of labor cost pressures across firms

over time. For each quarter, labor cost pressures at the firm level are split into five

categories based on standard deviations. Notably, for more than 75% of of firms,

labor cost pressures remain negligible between -1 to 1 standard deviations, indicating

that substantial labor-related cost concerns are concentrated within a relatively small

subset of firms at any given point. However, during periods of tight labor markets—

particularly evident around 2005–2006 and again in 2021–2022—the number of firms

experiencing meaningful labor cost pressures (more than one standard deviation to

either side) increases more than two fold. Similarly, the slack in labor market after

the Great recession between 2011 and 2019 was characterized by more firms not

mentioning labor cost pressures. These patterns suggest that labor market tightness

not only intensifies labor cost pressures among affected firms but also broadens their

reach, causing more firms to encounter meaningful labor-related cost challenges.5

4.4 Industry variation of labor cost pressure (ωit)

We also construct a labor cost pressures index at the industry level (ω̄n,t) by creat-

ing a sales-weighted average of our firm-level measure (ωit) for each industry. Figure

A.2 presents the evolution of the labor cost pressure index across 14 major indus-

tries from 2002 to 2024, revealing significant heterogeneity in both the timing and

magnitude of labor market pressures across sectors. Several notable patterns emerge

from this industry-level analysis. First, during the 2008-2009 financial crisis, many

5These findings echo those in Hassan et al. (2019), who use earnings conference calls to show

that a large portion of the variation in political risk is at the firm quarter level rather than aggregate

level. Similarly, Hassan et al. (2024b) show that the effects of Brexit varied largely by firm with

large variation in winners, losers and unaffected firms.
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industries experienced sharp declines in labor cost pressures. This is especially visible

in construction with a major dip in labor cost pressures before the recession. Man-

ufacturing and real estate showed steep downward movements during the recession.

However, some service sectors like Administrative Services, and Healthcare and Social

Assistance showed more resilience during this period, with less pronounced declines.

Second, the most dramatic jumps occur during the post-pandemic period (2020-

2022). Accommodation and Food Services, Administrative Services, and Arts, Enter-

tainment, and Recreation show unprecedented spikes in their indices, reaching levels

3-10 times higher than their historical averages. This likely reflects the acute labor

shortages and wage pressures these sectors faced during the reopening phase of the

economy. Health Care and Social Assistance also shows a notable spike during this

period, consistent with widely reported healthcare worker shortages and increased

labor costs. We next use this variation across industries to explore the pass through

of labor cost pressures to PPI inflation.

5 Labor Cost Pressures and Inflation Pass-through

5.1 Estimating pass-through to PPI inflation

We now quantify the pass-through of labor cost pressures (ωit) to inflation. For

this purpose, we specify an equation by combining equation 3 with a log-linearized

version of the pricing equation 1:

P̂i,t = βpωit − ˆYit/Lit − α̂Lit − η̂it,

where βp is the pass-through of labor cost pressures to prices. We can then aggregate

this equation at the industry level (under Cobb-Douglas preferences):

P̂n,t = βp
∑
i∈n

θi,tωit − ˆYnt/Lnt − α̂Lnt − ˆηnt,

where the aggregate price index at the industry-level is log(Pn,t) =
∑

i,t θi,tlog(Pi,t)

and θi,t are share of sales accounted for by firm i in industry n at time t. Therefore,

by exploiting the disaggregated nature of our measure, we estimate βpusing variation

in Producer Price Index (PPI) at the industry level.
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Figure 6 – Labor cost pressures and industry inflation

Notes: The figure plots estimated pass-through of labor cost pressures by 2-digit NAICS industry. The plot shows

estimates and 95% confidence intervals. Standard errors are clustered by industry. Estimated changes in MCL for

industry in quarter is calculated by taking a sales weighted average of estimated changes in MCL across all firms in the

industry in the Compustat. We exclude financial and administrative industries (NAICS 52, 53 and 56). Regression is

weighted by number of firms observed within the industry. Inflation is winsorized at 2nd and 98th percentile.

To understand the dynamics of this response, we now study the response of PPI

to labor cost pressures using the following Jorda projection specification.

log(PPIn,t+h)−log(PPIn,t) = αh+βhω̄nt+
3∑

k=1

γk(log(PPIn,t)−log(PPIn,t−k))+δn,h+δt,h+εn,t+h

where ω̄n,t is the sales weighted average of ωit over firms in industry n at time t.

log(PPIn,t+h) − log(PPIn,t) denotes PPI inflation between time t and t+h. δnand

δtare industry and time fixed effects. We want to isolate domestic US labor cost

pressures on U.S. inflation, so we exclude heavily import-dependent apparel and

computer-electronics manufacturing industries (Borusyak and Jaravel (2021)). Es-

timating this equation without fixed effects runs into classic simultaneity problem.

For example, an active monetary policy will look to offset increases in demand with an
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Figure 7 – Pass-through of labor cost pressures by Industry

Notes: The figure plots estimated pass-through of labor cost pressures by 2-digit NAICS industry. The plot shows

estimates and 95% confidence intervals. Standard errors are clustered by industry.

increase in interest rates. This could result in an increase in labor cost pressures and

a subsequent fall in inflation. On the other hand, wage price spirals could introduce

a mechanical association between labor costs and prices of the consumption basket

which could introduce a positive association between labor cost pressures and infla-

tion. Following Fitzgerald et al. (2014); Drechsel et al. (2019); Hazell et al. (2022), we

use time fixed effects in our specification to address simultaneity due to simultaneous

aggregate shocks. In our example, an active monetary policy cannot offset demand

shocks individually across industries with one interest rate and any contemporaneous

shocks across industries would be absorbed in the time fixed effect.

In our analysis we use a large panel of 2,832 industry-quarter observations (Table

A.5). Considerably large sample size provides us more variation in inflation and

labor cost pressures slack. Figure 6 shows that these labor cost pressures take about

6-8 quarters to pass through 86 percent of the increase in labor cost pressures to

PPI inflation. Table A.5 shows a consistently positive and significant relationship

between industry-level labor cost pressures and subsequent PPI inflation within the

next four quarters across various specifications with and without fixed effects. The

coefficient on the labor cost pressure measure ranges from 0.387 to 0.493, indicating

that a one percentage point increase in labor cost pressures is associated with roughly

0.493 percentage points higher PPI inflation four quarters later.
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Figure 7 shows the interaction of coefficient in Table 7 column 4 with a dummy for

ten NAICS 2-digit industries. Each coefficient shows the estimated pass-through of

labor cost pressures across a range of industries, along with corresponding

confidence interval shown by dashed lines. Notably, industries with high labor

shares such as Information, Wholesale Trade , and Accommodation and Food

Services show higher pass-through estimates. We also find very small pass-through

for manufacturing industry. These results are consistent with Heise et al. (2022),

who find significant pass-through from wages to inflation in services industries for

up to seven quarters but insignificant or negative in manufacturing. Though, they

argue that rising import competition and increasing market concentration explain

the disappearance of wage-price pass-through in manufacturing, whereas we argue

in Section 6 that automation is a significant factor.

5.2 Labor Cost Pressure and PCE Inflation

Using our estimate we obtained in the previous section, we now investigate the

inflation predictions of our labor cost pressure measure, ωit. We create our aggregate

measure using PCE industry weights to our industry level measure—which is aggre-

gated using sales weights within an industry. Figure 8 shows this aggregate index

along with the PCE inflation. Our index and the PCE inflation are very strongly

correlated. It can capture the short-lived decline in PCE during the Great recession

as well as the pandemic surge. In fact, our measure can explain 19.5 pp of the 29.3

pp cumulative surge in inflation during the post-pandemic period.

Next, we test our measure within a standard Phillips Curve framework, comparing

its performance to traditional measures of labor market slack. Following Barnichon

and Shapiro (2024), we regress changes in core PCE inflation on a forcing variable

controlling for long-run inflation expectations and control variables. Following the

insight from Atkeson et al. (2001); Stock and Watson (2008)that in several time

periods current inflation is the best forecast for future inflation, we add realized value

of current inflation as controls:

πt = α + βxx̂t + βπEtπ∞ + β1πt−4 + vt,

where πt is year-on-year change percent change in core PCE inflation between t and

t+ 4, Etπ∞ denotes long-run inflation expectations obtained from Livingston survey,
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Figure 8 – Labor Cost Pressure Index (ω̄t) and PCE Inflation

Notes: The figure shows our labor cost pressure index (weighted with PCE weights) and the PCE inflation. To

aggregate with PCE weights, we use industry level aggregate at the NAICS 3 digit level and then aggregate up to

quarterly level using PCE weights for each industry.

πt−4 is PCE inflation between t-4 and t, and x̂t is the deviation from the steady

state average of a forcing variable. We standardize all the push variables (x̂t) by their

standard deviation, so that the coefficients are comparable. Along with our measure of

labor cost pressures (ω̄t), we consider the following commonly used forcing variables:

(1) Unemployment rate, (2) Labor market tightness (V/U ratio), (3) Output gap

(from the CBO), (4) Employment Cost Index (ECI). We employ “naive” ordinary

least squares (OLS) regressions at the quarterly level using data from 2002-2025Q1.

This empirical approach is particularly valuable because it places our new measure

in direct competition with established indicators within a well-understood framework.

The use of a common specification across all measures enables clear comparison of

their relative performance in explaining inflation dynamics, while the inclusion of

long-run inflation expectations and current realized inflation helps control for the

forward-looking component of price setting.

Panel A in Table V shows individual regressions for each forcing variable. The

labor cost pressure measure exhibits the strongest relationship with future inflation,

with a coefficient of 0.312 that is highly significant at the 1% level. The R-squared

of 0.424 is higher than those of competing measures, indicating better explanatory

power. Labor market tightness also shows a positive but statistically insignificant
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Figure 9 – Correlation with unemployment rate, tightness and inflation

Notes: This figure plots unemployment rate (net of temporary layoffs), tightness and
inflation observed at the quarter level against labor cost pressures.

relationship (0.078). Output gap, ECI and EE flows performs poorly, with an in-

significant coefficient.

Panel B provides a more rigorous test by including the labor cost pressure measure

alongside traditional forcing variables. The labor cost pressure coefficient remains

remarkably stable and significant (ranging from 0.289 to 0.382) even when controlling

for other measures. Importantly, when included alongside the labor cost pressure

measure, the traditional forcing variables are statistically insignificant.

These results strongly support the value of the new labor cost pressure measure

as a forcing variable in Phillips Curve estimations. Not only does it outperform tra-

ditional measures when tested individually, but it also subsumes their explanatory

power in joint specifications. The high and stable R-squared values from specifica-

tions using the labor cost pressure measure suggest it captures important information

about future inflation that is not fully reflected in traditional measures of slack in

the economy. Figure 9 provides insight into why other labor cost pressures performs

better at predicting inflation than other push variables. For a large range of unem-

ployment and tightness, labor cost pressures inferred from executive conversations

are largely unchanged. Only values of unemployment below 4 percent and tightness

above 1.5 jobs per vacancies have a high correlation with labor cost pressures.
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Table V – Phillips Curve Estimation

Panel A: Push variables and Inflation

PCE Inflationt,t+4

(1) (2) (3) (4) (5) (6)

Labor Cost Pressurest 0.312***
(0.118)

Tightnesst (std.) 0.078
(0.114)

Unemployment Ratet (std.) 0.056
(0.080)

Output Gapt (std.) –0.157
(0.116)

ECIt (std.) 0.287
(0.196)

E-E-Flowst (std.) –0.266
(0.219)

Inflation Expectationst –0.123 0.000 –0.079 –0.095 0.062 –0.075
(0.200) (0.240) (0.246) (0.217) (0.291) (0.213)

Inflationt 0.470*** 0.563*** 0.690*** 0.746*** 0.363 0.726***
(0.127) (0.200) (0.186) (0.164) (0.305) (0.156)

R2 0.424 0.385 0.385 0.398 0.401 0.397

N 88 88 88 88 88 88

Panel B: Comparison with Labor Cost Pressures

PCE Inflationt,t+4

(1) (2) (3) (4) (5) (6)

Labor Cost Pressurest 0.312*** 0.382** 0.354*** 0.343*** 0.289** 0.311**
(0.118) (0.147) (0.119) (0.118) (0.121) (0.119)

Tightnesst (std.) –0.164
(0.150)

Unemployment Ratet (std.) 0.126
(0.083)

Output Gapt (std.) –0.197*
(0.104)

ECIt (std.) 0.231
(0.195)

E-E-Flowst (std.) –0.266
(0.212)

Inflation Expectationst (std.) –0.123 –0.225 –0.226 –0.202 –0.036 –0.159
(0.200) (0.217) (0.205) (0.178) (0.264) (0.183)

Inflationt (std.) 0.470*** 0.601*** 0.552*** 0.581*** 0.257 0.553***
(0.127) (0.177) (0.149) (0.132) (0.274) (0.132)

R2 0.424 0.430 0.434 0.446 0.435 0.438

N 88 88 88 88 88 88

Notes: The table shows regression of PCE inflation observed in industry n between quarters
t and t+4 on estimated changes in MCL for quarter t. Estimated changes in MCL quarter t
is calculated by taking a PCE weighted average of estimated changes in MCL across all US
headquartered firms in Compustat who hold earnings conference calls in quarter t. We exclude
financial and administrative industries (NAICS 52, 53 and 56). Standard errors are robust.
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Figure 10 – Labor Cost Pressure Index (ω̄t) and PCE Inflation

Notes: The figure shows our labor cost pressure index (weighted with PCE weights) and the PCE inflation. To

aggregate with PCE weights, we use industry level aggregate at the NAICS 3 digit level and then aggregate up to

quarterly level using PCE weights for each industry.

Finally, we test the predictive power of our measure again using the Phillips

Curve framework we developed by comparing its performance to other aggregate

slack measures. To test this, we estimate the following model for rolling ten year

windows and use the estimates to make prediction on inflation four quarters ahead:

πt = βxx̂t + βπEtπ∞ + β1πt−4 + vt,

Using these window-specific coefficients—together with labour cost pressures com-

puted only from data within the same 10-year window, so no future information

leaks—we generate forecasts of core PCE inflation four quarters ahead. Figure 10

plots the 4-quarter average rolling mean-squared forecast errors (MSEs) of the dif-

ferent slack measures in predicting core PCE price inflation one year ahead over

2015–2025. The only serious inflationary period in our sample is the Covid pandemic

era. Our measure displays the lowest MSE when compared with other slack variables.

Again, these results strongly support the value of our labor cost pressure measure in

predicting inflation.
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6 How do firms respond to labor cost pressures?

Capital–labor substitution in production is central for many questions in eco-

nomics, such as factor income shares (e.g., Karabarbounis and Neiman (2014)) or

earnings distribution (e.g., Krusell et al. (2000)). Most models of labor demand im-

ply that when firms face higher labor costs they adopt automation technologies (e.g.,

Acemoglu and Autor (2011); Acemoglu and Restrepo (2022a); Leduc and Liu (2024)).

We now exploit the disaggregated nature of our measure and examine how firms

respond to labor cost pressures using a large panel of firm-quarter observations from

Compustat data. We analyze changes in several key firm outcomes, including in-

vestment rates, R&D spending, and productivity measures, in response to ωit. Our

empirical strategy employs a comprehensive set of controls including firm fixed effects,

year fixed effects, industry characteristics, and other firm-specific variables to isolate

the causal effect of labor cost pressures on firm behavior. The results reveal intriguing

patterns in how firms adapt to labor cost pressures, with notable differences across

industry types. We use the following specification:

log(CapExi,t,t+4) = α + βωi,t + γlog(assetsi,t−1) + χi,t + δi + δt + vt,

where ωit denotes labor cost pressures at the firm level observed in quarter t.

log(CapExi,t,t+4) denotes log capital expenditures between quarter t and t+4. δiand

δtare firm and time fixed effects. We control for risk and sentiment in expressed in

earnings conference calls following Hassan et al. (2024a). We focus on heterogeneity

across industries with different levels of routine manual task intensity (Table VI Panel

A). The baseline specification (column 1) indicates that a percentage point increase

in labor cost pressures is associated with a 2.58% increase in capital expenditure.

The inclusion of various fixed effects and controls helps isolate the effect of labor

cost pressures from other factors that might influence investment decisions, such as

industry trends, macroeconomic conditions, and firm-specific characteristics.

Columns 2-3 reveal interesting heterogeneity across industry types based on their

routine manual task intensity. High routine manual (HRM) industries show the

strongest investment response to labor cost pressures (4.20%), followed by low rou-

tine manual (LRM) industries (2.24%), while medium routine manual (MRM) in-
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Table VI – Labor Cost Pressures and Investment, Firm x time Level

Panel A: Capital Investment

log(Capital Exp.i,t:t+4) * 100

All LRM MRM HRM

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

Labor Cost Pressuresi,t 2.581*** 2.238*** 1.890*** 4.203***
(0.193) (0.363) (0.252) (0.351)

R2 0.920 0.889 0.934 0.914

N 148,510 45,360 61,459 41,532

Panel B: R&D Investment

log(R&D Exp.i,t:t+4) * 100

All LRM MRM HRM

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

Labor Cost Pressuresi,t 0.556*** 0.157 0.617** 0.967***
(0.175) (0.318) (0.251) (0.362)

R2 0.959 0.960 0.960 0.957

N 53,582 15,624 22,968 14,966

Controls (Risk and Sentiment) Y Y Y Y
Time FE Y Y Y Y
Firm FE Y Y Y Y

Notes : The table shows regression of log(Capital expenditures) reported by
firm i between quarters t+1 and t+4 on labor topic scores of earnings confer-
ence calls held by firm i in quarter t. . Each observation denotes a firm i and
year t. All columns include controls for risk, sentiment and log assets. We
exclude firms in financial and administrative industries (NAICS 52, 53 and
56). Standard errors are clustered by firm.

dustries show the smallest response (1.89%). This pattern suggests that firms in

industries with high routine manual task content are more likely to respond to labor

cost pressures by increasing capital investment, consistent with greater opportunities

for automation and capital-labor substitution in these industries.

We next examine how firms adjust their R&D expenditures in response to labor

cost pressures, using a similar framework as the capital expenditure analysis (Table

VI Panel B). For the full sample of firms (columns 1-3), labor cost pressures show a

positive and significant relationship with R&D spending. The effect is substantial,

with a one percentage point increase in labor cost pressures associated with a 0.56%

increase in R&D expenditure in the baseline specification. We find similar results

32



Figure 11 – Productivity response to labor cost pressures, firm x time level

(a) High Routine Manual (b) Low Routine Manual

Notes: This figure plots the response of labor productivity growth measured as change in

log of sales per employee. The sample includes an yearly panel of firms in Compustat. We

control for firm and year fixed effects, and earnings call risk and net sentiment. Standard

errors are clustered by firm.

to those observed for capital expenditures: firms in high routine manual industries

invest in R&D at 7 times the rate compared to low routine manual industries. This

finding, combined with the heterogeneous responses across industry types, indicates

that firms’ technological capabilities and industry characteristics significantly influ-

ence their choice between capital investment and R&D as responses to labor cost

pressures.

How does an increase in capital investment and automation in response to labor

cost shock affect labor productivity? Figure 9 presents an event study analyses show-

ing how labor productivity (measured as revenue per employee) responds to labor

cost pressure shocks from 4 years before to 5 years after the shock, with confidence

intervals shown by the dotted lines. Panel A, focusing on HRM industries, reveals a

clear pattern of productivity gains following labor cost pressure shocks. While there

is no significant pre-trend before the shock (years -4 to 0), productivity begins to

increase notably around year 1 and continues to rise, reaching a peak of nearly 1%

higher productivity by year 3. The effect remains positive and statistically significant

through year 5, suggesting persistent productivity improvements in these industries

following labor cost pressures.

In contrast, Panel B shows that low routine manual industries exhibit no sig-
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nificant productivity response to labor cost pressure shocks. The point estimates

fluctuate around zero throughout the post-shock period, and the confidence intervals

consistently include zero. This stark difference between HRM and LRM industries

aligns with the earlier findings on investment and automation responses, suggesting

that firms in HRM industries are more successful at converting their technological

responses to labor cost pressures into actual productivity gains, likely through suc-

cessful automation and capital-labor substitution.

These productivity patterns align closely with and help explain our earlier find-

ings about firms’ differential responses to labor cost pressures across industry types.

HRM firms successfully automate and achieve productivity gains. This heterogeneity

in responses and outcomes highlights the important role of industry characteristics in

determining the effectiveness of different strategies for dealing with labor cost pres-

sures.

7 Conclusion

This paper develops and validates a novel approach to measuring labor cost pres-

sures by combining textual analysis of earnings calls with Compustat data. Our

measure offers several advantages over traditional indicators. First, it provides gran-

ular, firm-level data that captures both direct wage costs and indirect labor expenses.

Second, it shows strong predictive power for inflation in both aggregate and industry-

level analysis. Third, its disaggregated nature allows us to study how firms respond

to labor cost pressures, revealing important heterogeneity across industries.

Our findings make three main contributions. First, we show that earnings calls

contain valuable real-time information about labor market conditions and labor cost

pressures. Second, we demonstrate that our measure outperforms traditional slack

variables in Phillips curve estimations, suggesting it better captures inflationary pres-

sures. Third, we document how labor cost pressures drive technological adoption

differently across industries. Firms in routine manual industries respond through

automation and achieve productivity gains.

These results have important implications for understanding both inflation dy-

namics and technological change. Our measure could help policymakers better an-

ticipate inflationary pressures, while our firm-level findings suggest that labor cost
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pressures may accelerate automation and technological adoption, particularly in in-

dustries where human labor can be more readily substituted with capital. This high-

lights how labor market conditions can shape the pace and direction of technological

change across different sectors of the economy.
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Appendix

Figure A.1 – Correlation of Labor Topic Discussions with Aggregate Variables

Notes: The table shows results of regressions of tightness (calculated as the ratio of
postings to vacancies), unemployment rate, employment cost index, and output gap
on labor topics. Observations are quarterly. To construct labor topic observations at
the quarter level we take sales weighted averages across firms who hold earnings calls
in a quarter. We exclude firms in financial and administrative industries (NAICS 52,
53 and 56). Standard errors are robust.



Table A.3 – Estimation of labor cost pressures: Labor topics and variable input
cost share calculated using material inventories, at firm x year level

∆log(MaterialInventories/Sales)i,t
(1) (2) (3) (4) (5)

Labor Costs Higher (std.)i,t 1.240*** 0.963*** 0.819*** 0.808*** 0.910**
(0.283) (0.279) (0.290) (0.306) (0.359)

Labor Costs Lower (std.)i,t –1.166*** –1.188*** –1.185*** –1.070*** –1.108***
(0.308) (0.329) (0.343) (0.350) (0.397)

Headcount Higher (std.)i,t 0.152 0.079 0.229 0.357 0.295
(0.414) (0.408) (0.432) (0.470) (0.569)

Headcount Lower (std.)i,t –0.624** –0.417 –0.354 –0.372 –0.172
(0.306) (0.302) (0.307) (0.317) (0.355)

Labor Shortage (std.)i,t 0.484*** 0.575*** 0.444** 0.530*** 0.683***
(0.167) (0.174) (0.181) (0.187) (0.206)

Labor Efficiency Higher (std.)i,t 0.227 0.145 0.146 0.155 –0.021
(0.206) (0.209) (0.211) (0.225) (0.241)

Labor Efficiency Lower (std.)i,t 0.170 0.241 0.165 0.176 0.148
(0.191) (0.190) (0.189) (0.194) (0.213)

Labor Agreement (std.)i,t 0.247 0.184 0.001 –0.011 –0.139
(0.157) (0.159) (0.163) (0.160) (0.213)

R2 0.040 0.048 0.051 0.049 0.156

N 27,750 27,750 27,749 24,999 24,830

Time FE N Y Y Y Y
Industry FE N N Y Y NA
Controls (Risk and Sentiment) N N N Y Y
Firm FE N N N N Y

Notes: The table shows regression of changes in log(MaterialInventories/Sales)i,t
on labor topics. Each observation denotes a firm i and year t. To construct labor
topic observations at the firm x year level we take averages across all quarters in
a year. All specifications include controls for changes in log(Sales)i,t and changes
in log(Emp)i,t. Columns (4) and (5) include controls for risk and sentiment. We
exclude firms in financial and administrative industries (NAICS 52, 53 and 56). We
only include firm level data till 2019 to exclude Covid-19 pandemic period. Standard
errors are clustered by firm.
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Table A.4 – Estimation of labor cost pressures: Labor topics and variable input
cost share, at firm x year level

∆log(Materials/Sales)i,t
(1) (2) (3) (4) (5)

Labor Costs Higheri,t 4.270*** 3.981*** 3.427*** 3.580*** 3.854***
(0.613) (0.604) (0.675) (0.686) (0.731)

Labor Costs Loweri,t –6.075*** –6.437*** –6.739*** –6.685*** –6.497***
(0.973) (0.971) (1.008) (1.044) (1.014)

Headcount Higheri,t –0.788 –0.529 0.263 0.392 0.882
(0.724) (0.727) (0.733) (0.730) (0.930)

Headcount Loweri,t –0.981 –0.365 –0.188 0.444 –0.764
(1.032) (1.029) (1.038) (1.075) (1.162)

Labor Shortagei,t 2.042 2.446 1.234 1.231 2.019
(1.808) (1.890) (2.118) (2.154) (2.486)

Labor Efficiency Higheri,t –1.061 –1.838 –2.899 –2.883 –3.636
(2.821) (2.774) (2.928) (3.011) (3.146)

Labor Efficiency Loweri,t 6.885** 7.447** 7.494** 8.318** 1.373
(3.291) (3.287) (3.464) (3.608) (3.398)

Labor Agreementi,t 1.013 0.813 –0.425 –0.696 –0.441
(1.102) (1.082) (1.112) (1.167) (1.247)

Residual categoryi,t 0.374 0.286 0.520* 0.556* 1.056**
(0.282) (0.285) (0.312) (0.333) (0.421)

R2 0.050 0.060 0.099 0.099 0.223

N 23,790 23,790 23,714 21,500 21,240

Baseline Controls N N N N N

Notes: The table shows regression of changes in log(Materials/Sales)i,t on labor
topics. Each observation denotes a firm i and year t. To construct labor topic
observations at the firm x year level we take averages across all quarters in a year.
All specifications include controls for yearly changes in log(Sales)i,t and changes
in log(Emp)i,t. Columns (4) and (5) include controls for risk and sentiment. We
exclude firms in financial and administrative industries (NAICS 52, 53 and 56). We
only include firm level data till 2019 to exclude Covid-19 pandemic period. Standard
errors are clustered by firm. firm.
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Figure A.2 – Labor Cost Pressure Index (ω̄t) across Industries

Notes: The figures show the average change in estimated marginal cost of labor across
firms by industry and by quarter. The estimation uses coefficients from Table III and
topic specific scores by firm and by quarter. We then aggregate these by taking a
sales weighted average across firms by industry and quarter.
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Figure A.3 – Dynamics of Correlation with PCE, Labor cost pressures and ECI

Notes: This figure plots correlation of leads and lags of labor cost pressures rate and
ECI with inflation observed at the quarter level.

Table A.5 – Labor Cost Pressures and Inflation, Industry x time Level

PPI Inflationn,(t−4,t)

(1) (2) (3)

Labor Cost Pressuresn,t 0.387* 0.642*** 0.493**
(0.227) (0.234) (0.241)

R2 0.001 0.338 0.362

N 2,832 2,832 2,832

Industry FE N N Y
Time FE N Y Y

Notes: The table shows regression of PPI inflation ob-
served in industry n between quarters and on estimated
changes in MCL for industry in quarter . Industry is one
of NAICS 3-digit industries. Estimated changes in MCL
for industry in quarter is calculated by taking a sales
weighted average of estimated changes in MCL across
all firms in Compustat in the industry. We exclude fi-
nancial and administrative industries (NAICS 52, 53 and
56). Regression is weighted by number of firms observed
within the industry. Standard errors are clustered by
industry. Inflation is winsorized at 2nd and 98th per-
centile.
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Table A.1 – Top 20 keywords by topic

Topic Keywords

headcount higher training; hiring; hired; hire; staffing; recruiting; hires; recruitment; recruit; head-
count increase; headcount growth; headcount increased; employees growth; em-
ployees increase; talent growth; headcount higher; employees increased; employees
higher; headcount increases; workforce growth

headcount lower headcount reduction; headcount reductions; headcount reduced; headcount down;
headcount lower; layoffs; workforce reduction; employees down; employees reduction;
headcount reduce; employees less; employees lower; furlough; workforce reductions;
employees reduced; headcount reducing; furloughs; headcount decrease; employees
reduce; workforce reduced

labor agreements labor contract; labor contracts; labor agreement; employees contract; contractor
contract; employees agreement; labor agreements; compensation agreement; labor
union; labor negotiations; compensation contract; staff contract; contractors con-
tract; employees contracts; contractors contracts; employees union; labor unions;
employee contract; compensation contracts; personnel contract

labor costs higher compensation increase; compensation higher; compensation increased; wage infla-
tion; wage increases; compensation increases; labor costs higher; wage increase;
salary increase; salary increases; salaries increase; wage higher; labor cost higher; la-
bor costs increased; labor cost inflation; personnel costs increase; personnel expenses
increase; labor costs increase; labor cost increase; wages increase

labor costs lower compensation lower; compensation decrease; compensation reduction; compensation
down; compensation decreased; compensation reduced; labor costs lower; compensa-
tion decline; labor cost lower; compensation reductions; bonus lower; compensation
savings; compensation improvement; headcount cost reduction; wage lower; per-
sonnel costs lower; salaries lower; salary lower; headcount cost reductions; salary
reductions

labor efficiency higher labor productivity higher; labor productivity increase; labor productivity increased;
labor efficiencies higher; headcount productivity growth; labor efficiency increase;
labor efficiency higher; labor productivity increases; labor efficiencies increase; labor
efficiencies increased; labor productivity growth; labor efficiency increased; employee
productivity increase; headcount productivity increase; employee productivity in-
creased; employee productivity higher; labor efficiencies growth; labor productivity
increasing; employees productivity increase; labor efficiencies increases

labor efficiency lower labor productivity lower; labor efficiencies lower; labor efficiency lower; labor ineffi-
ciencies higher; labor productivity reduce; labor productivity reduction; headcount
efficiency reduction; labor efficiency reduce; labor productivity reduced; headcount
efficiencies reductions; labor productivity down; headcount efficiencies reduction;
labor efficiencies reduction; headcount efficiency reductions; headcount productivity
reduction; labor productivity reductions; labor productivity reducing; labor effi-
ciency reducing; labor efficiencies reductions; labor efficiency reduction

labor shortage labor shortages; labor tight; labor shortage; labor constraints; staffing shortages;
labor lack; labor tightness; labor tightening; labor tighter; staff shortages; labor
constraint; labor scarcity; staff shortage; hiring tight; workers shortage; employees
tight; staffing constraints; headcount tight; labor bottlenecks; staffing shortage

Notes: This table shows top 20 keywords used for each of our labor topics.
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Table A.2 – Summary Stats

Mean SD p1 p50 p99 N

Panel A: Firm x Quarter Level

labor costs higheri,t 0.17 0.34 0.00 0.00 1.52 248,437
labor shortagei,t 0.02 0.12 0.00 0.00 0.53 248,437
headcount higheri,t 0.10 0.26 0.00 0.00 1.19 248,437
labor efficiency higheri,t 0.01 0.07 0.00 0.00 0.34 248,437
labor costs loweri,t 0.13 0.28 0.00 0.00 1.23 248,437
headcount loweri,t 0.08 0.24 0.00 0.00 1.11 248,437
labor efficiency loweri,t 0.01 0.06 0.00 0.00 0.29 248,437
labor agreementsi,t 0.03 0.16 0.00 0.00 0.68 248,437
labor cost pressuresi,t 0.33 1.95 -5.81 0.23 6.07 248,437

Notes: This table shows summary statistics - mean, standard devia-
tion, 1st percentile, median, 99th percentile and number of observations
- for the firm x quarter level (in panel A), industry x quarter level (in
panel B) and quarter level (in panel C) data used in empirical results.
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