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Abstract
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1 Introduction

Immediately following the COVID-19 pandemic, there was plenty of evidence of transporta-

tion shortages in the U.S. food supply chain (Cheeseman-Day & Hait 2019; Costello &

Karickhoff 2019; Sowder 2022). Many attribute the shortage of transportation services –

whether in rail, trucking, or shipping – to a confluence of issues, from heightened demand

due to COVID-19 fiscal and monetary programs, to COVID-induced labor shortages, and

bottlenecks in the physical movement of containers, trucks, and rail cars.1 Resolving trans-

portation issues in agriculture is core to both ensuring the integrity of the food supply chain,

because most consumer-ready food moves by truck from processing and distribution centers

to retail and food service outlets, and for limiting food’s contribution to the overall level of

consumer price inflation. In this paper, we investigate the extent to which cost and access

problems in the transportation sector were due to insufficient labor and, if so, how much

labor contributed to the unprecedented increase in truck transportation rates for fresh foods.

The trucking industry depends on labor. While the public image of the truck-transport

sector is primarily of machinery, the reality is that the truckers represent the key constraining

input to moving more products by truck. More generally, the food and agriculture industry

depends on trucks, and their drivers, as fully 72% of cargo in the U.S. moves by truck

(ATRI 2021; BLS 2020). Moreover, existing truck drivers are aging out of the industry,

while younger drivers are becoming more difficult to attract from other low- and semi-

skilled industries (Cheeseman-Day & Hait 2019). Industry analysts argue that turnover, or

the share of drivers that need to be replaced each year, is very high: In the long-distance,

1The U.S. government enacted dozens of programs to prevent economic decline due to the COVID-19
pandemic. We do not intend to isolate the effect of any single program, but the measures that were likely
most important for labor-market outcomes included unemployment insurance extension, initially through the
Families First Coronavirus Response Act (FFCRA), direct loans and grants to maintain employment through
the Payroll Protection Plan (PPP), and the massive injection of fiscal dollars through the Coronavirus Aid,
Relief, and Economic Security Act (CARES, consisting of $2.3 trillion in direct federal dollars, an additional
$600 per week of unemployment through July 31, 2020, and some ten other programs). Arguably, however,
the most important driver for the “Great Reshuffle” (Krugman 2022) witnessed in 2021 was through monetary
policy, as lower interest rates inflated stock and home valuations, and allowed workers to retire early, setting
off a cascade of labor shortages, higher wages, and firms poaching workers from their rivals.
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truckload (TL) segment of the industry turnover is approximately 94%, which means that

nearly everyone who enters the industry in a given year is no longer driving just one year

later (Burks & Monaco 2019). Once attractive to workers seeking the appeal of the open

road, increasing competition in the trucking industry has placed greater demands on drivers,

so fewer workers are choosing the trucking industry as a career (ATRI 2021). We examine

the extent to which turnover, and changing industry demographics, may contribute to a

broader shortage of drivers in the industry as a whole.2

Conditions in the trucking industry have long been a concern to researchers in agricultural

economics, and public policy more generally, due largely to the importance of long-distance

bulk transport to the stability of food supply chains. In the U.S., agricultural trucking was

exempt from entry and rate restrictions under the 1935 Motor Carrier Act, with the intent

of protecting farmers from the higher rates that the new-deal era legislation was intended

to create (Black 1955; Farmer 1964). Deregulating the rest of the U.S. trucking industry

through the Motor Carrier Regulatory Reform and Modernization Act of 1980, however,

meant that agricultural products had to compete head-on with non-agricultural products in

a nearly-free market for trucking services. As a result, truck transportation rates for farm

products in the U.S. became relatively competitive (Beilock and Shonkwiler 1983; Beilock,

Garrod, & Miklius 1986). Canadian trucking firms face similar competitive conditions, as

rate-and-entry regulations in Canada were removed by the 1987 Motor Vehicle Transport Act.

Further, subsequent free trade agreements with the U.S. through the Canada-U.S. Free Trade

Agreement (CUSFTA) in 1988 and the North American Free Trade Agreement (NAFTA)

in 1994 meant that Canadian trucking firms had to lower rates and improve service to

compete with U.S. carriers (Barzyk 1996). As a consequence of NAFTA, Canadian trucking

re-oriented from east-west to north-south, and became both more efficient and perilously

2Miller, et al. (2020) and Phares & Balthrop (2021) make the important distinction between firm-turnover,
or the rate at which a firm needs to replace its drivers, and industry-turnover, or the rate at which drivers
exit the industry. We are more concerned with the latter as our interests lie in examining the resilience of
the food supply chain, although we recognize that firm-level costs associated with turnover are substantial,
and important.
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similar to the U.S. in its reliance on owner-operators for the bulk of over-the-highway goods

movement. Gray (2020) argues that this “...decentralized nature...” of the Canadian trucking

industry should mean that the industry is relatively resilient to a shock like the COVID-19

disruption of 2020, but Gill & MacDonald (2013) explain that the long-run dynamics of the

Canadian and U.S. trucking industries are very similar, forecasting a roughly 10% shortage

of truck drivers only seven years after their study. Therefore, our insights into the impact

of COVID-19 on the U.S. agricultural trucking industry should hold valuable lessons for

Canada as well.

There is a deep literature on job turnover, drawing from the economics, logistics, and

transportation literatures.3 The primary insight from this literature is that workers tend to

enter new jobs, and exit old ones, according to the tenets of neoclassical sectoral-migration

models (Roy 1951) in which workers consider the marginal benefit of increased wages in

another sector against the cost of what they are currently earning (Burks & Monaco 2019;

Phares & Balthrop 2021). While firm-level turnover is critically important to firms them-

selves, in terms of the financial costs of lost productivity, retraining costs, decline in safety,

and onboarding costs (LeMay, et al. 1993; Stephenson & Fox 1996; Min & Lambert 2002;

Garver, et al. 2008; Taylor, et al. 2010; Cantor, et al. 2011; Miller, et al. 2021), the shortage

of truck drivers in aggregate is of greater concern to the economy as a whole, and the stability

of trucking as a core element to the national supply chain for agricultural commodities.

We frame our analysis of trucker shortages in terms of a model of equilibrium job search

and matching (Van den Berg & Ridder 1998; Pissarides 2010; Dey & Flinn 2005; Flinn

2006), in which workers search optimally for jobs, taking into account the cost of search,

the probability of finding a job, and of losing their current job, and the extent of bargaining

power they take to any new negotiations. Unlike the previous literature, firms in our model

play an active role, searching for the best fit from among available workers and taking into

account their expected productivity. In this context, any increase in search costs will reduce

3See Miller, et al. (2021) for a comprehensive review of the previous literature on job turnover in logistics
and transportation.
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the propensity of truckers to move to the industry, while an increase in productivity will

move firms to offer better paying jobs and increase the expected benefits of switching. Most

importantly, econometric models of labor-market equilibrium allow us to estimate the extent

of shortage over time, and by industry.

Shortages are often manifest in rising prices. While there is ample anecdotal evidence of

driver shortages, primarily from industry sources (Costello & Karickhoff 2019; ATRI 2021),

most of the literature on driver turnover focuses on whether there really is a shortage of

drivers at any point in time (Burks & Monaco 2019; Miller, et al. 2021; Phares & Balthrop

2021), and there are no empirical studies that test directly for driver shortages. We follow

Miller, et al. (2020) and focus on the price-effect of driver shortages on truck rates, but do

so within an equilibrium framework that admits a direct test of whether driver shortages can

help explain the rise in truck rates following the COVID-19 pandemic, and policy response.

We use an empirical model of labor search, firm productivity, and Nash bargaining (Eckstein

& Wolpin 1995; Dey & Flinn 2005; Flinn 2006; Cahuc, Postel-Vinay, & Robin 2006; Shimer

2006; Flabbi & Moro 2012) to identify rates of job creation and job destruction, and worker

bargaining power that vary over time. We then use these parameters to explain industry-

level truck rates from the United States Department of Agriculture, Agricultural Marketing

Service (USDA-AMS 2022). With this model, we determine whether the market for a key

input – labor services – is in surplus or shortage (or neither) over space and time and quantify

the extent to which labor market disequilibria are related to trucking service prices.

Our synthesis of the industrial organization, labor economics, and supply chain manage-

ment literatures on the trucking transportation industry reflects Card’s (2022) call to use

insights from industrial organization to better understand the nature of imperfect compe-

tition in labor markets, and its implication for downstream industries. There is a growing

interest in agricultural supply chain resilience in general, and imperfect competition defined

generally forms a key motivation (Hadachek, Ma, & Sexton 2023; Stevens & Teal 2023) as

does the role of upstream labor markets (Wahdat & Lusk 2023). In this paper, we follow
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this literature in considering a modern approach to studying labor markets (Flinn 2006) and

its implications for supply-chain performance downstream.

For our structural analysis, we combine data from the Integrated Public Use Microdata

Series (IPUMS) Current Population Survey (CPS, Flood, et al. 2022) data set for drivers

in any trucking occupation, with truck-rate data from the USDA-AMS (USDA-AMS 2022)

over a 2011 - 2021 time period. In this regard, we follow others in the transportation (Burks

and Monaco 2019), logistics (Miller et al. 2021; Phares & Balthrop 2021) and the economics

literature (Cahuc, Postel-Vinay, & Robin 2006; Flinn 2006) in recognizing the value of data

on worker-level job-choices, demographics, and compensation in understanding the dynamics

of market equilibria.4 Unlike these authors who use the CPS Outgoing Rotation Group

(ORG), we use the CPS Annual Social and Economic Supplement (ASEC) longitudinal data

in order to exploit clear within-worker changes in job choice to identify the key parameters of

interest. For summary purposes, we estimate a series of reduced-form regressions to examine

whether changes in trucker wages across source-destination pairs are statistically associated

with changes in USDA-reported truck rates. Our measure of aggregate, industry-average

earnings in this exercise is from the U.S. Bureau of Labor Statistics’ Quarterly Census

of Employment and Wages (QCEW), which reports both employment and average weekly

earnings at the NAICS industry level for each state, over the entire 2011 - 2021 sample

period.

Our empirical analysis consists of three stages. First, we begin with a reduced-form anal-

ysis of job transitions in order to examine wage patterns in the data, which suggests that

the market for trucker labor appears to be moving quickly toward a new, higher-wage equi-

librium. Second, we estimate an empirical model of labor-search and Nash-bargaining (Dey

& Flinn 2005; Flinn 2006) that allows us to recover time-varying parameters of job creation,

job destruction, and worker bargaining-power. Although structural models of search, match-

ing, and bargaining are relatively abstract, we believe that a structural approach like this is

4One alternative is the CPS Outgoing Rotation Group (ORG) data, but our ASEC sample provided
roughly 10 times the number of usable observations relative to the ORG sample.
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necessary in order to recover the parameters that are able to characterize both a shortage

of labor (job creation and destruction) and its consequences (bargaining power and wages).

Our estimates from this model permit direct tests of whether the market for truckers ap-

pears to be in disequilibrium, defined as inequality between the rates of job destruction and

formation, or whether the market is instead in equilibrium. Estimates of worker bargaining

power allow us to examine how changes in the labor market likely affect worker welfare and

firm profitability. Third, we estimate the impact of labor-market disequilibrium on the path

of truck rates over time. If the market for truckers is indeed evolving as industry sources

suggest, then we expect to find that labor-market dynamics explain a substantial portion of

changes in truck rates over the sample period.

We reveal a number of important facts about the market for truckers. First, our sum-

mary analysis of the USDA-AMS truck rate data shows that rates for refrigerated trucking

services increased substantially in the post-COVID period. Consistent with media reports of

rising transportation costs throughout the economy, the per-mile cost of refrigerated truck-

ing services across some 90 source-destination pairs increased by almost 50% between our

baseline 2019 period, and the post-COVID period that we define as including the entire 2021

calendar year.5

Second, reduced-form models linking variables we would expect to be important to truck-

ing costs (i.e., distance and trucker wages) show elasticities of refrigerated truck rates with

respect to wages of about 0.17, so each 10% increase in wages is associated with a 1.7%

increase in trucking rates.

Third, our structural model of labor-market equilibrium finds that workers earn about

38% of the employment surplus earned by trucking firms, but that amount rose by over 1.2%

due to the COVID-19 pandemic.6 Finally, using the structural model to calculate annual

5We understand that defining 2021 as ”post-COVID” is not without controversy as the pandemic was
still spreading. But, our USDA-AMS data show that truck rates remained elevated through 2022 so 2021
serves as a benchmark for the immediate post-COVID period.

6The increment in bargaining power due to COVID-19 induced labor shortages is smaller than that found
by Richards and Rutledge (2023) in the food and agriculture industry (21%), perhaps due to the smaller
base level of bargaining power exercised by workers in food and agriculture (27%) and generally-lower level
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rates of labor-market disequilibrium, we find that a 10% increase in job openings relative

to jobs lost is associated with a 0.3% increase in truck rates, and an 0.8% reduction in the

availability of trucking services. We interpret this latter result as pointing to the fact that

a greater demand for truckers means an increase in the perceived shortage of workers in

the trucking industry. Combined with our summary findings on transitions into and out

of trucking, our results suggest that tightness in the market for truckers is not only more

consistent with the “Great Reshuffle” due to the COVID-19 pandemic (Krugman 2022) than

it is the “Great Resignation” (Cohen 2021), but explains at least some of the rapid rise in

truck rates seen throughout the U.S. economy, and in the food industry in particular.7

Our findings, and theoretical framework, contribute to the emerging literature on agri-

cultural supply-chain resilience, the logistics literature on trucking shortages and the cost of

trucking, the literature on labor search and bargaining, and the literature on regulation and

pricing in the trucking industry more generally.

First, we contribute to the emerging literature on agricultural supply chain resilience,

both in the supply-chain management (Behzadi, et al. 2018; Stone & Rahimifard 2018) and

agricultural economics literatures (Hobbs 2020; Chenarides, Manfredo, & Richards 2021;

Hadachek, Ma, & Sexton 2023; Stevens & Teal 2023; Wahdat & Lusk 2023). While Wahdat

& Lusk (2023) point to the vulnerability of animal processing to upstream labor in a simula-

tion framework, we examine a similar question using archival data and focus specifically on

the agricultural trucking industry. Our research is similar to both Hadachek, Ma, & Sexton

(2023) and Stevens & Teal (2023) in the sense that we examine the resilience of agricultural

supply chains through an industrial organization lens, but we base our insights instead on a

structural analysis of imperfect competition in the market for labor and not the organization

of trucking firms themselves. We contribute to this literature by demonstrating the impor-

tance of labor in food distribution, and how resilience can be measured through its impact

of base wages.
7Anthony Klotz initially coined the term the “Great Resignation” in an interview with Bloomberg Busi-

nessweek.
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on prices for key food-system inputs (labor).

Second, we contribute to the logistics literature in developing a theoretical and empirical

explanation for trucker shortages, workplace transitions, and the rise in trucking rates. Oth-

ers in the recent literature focus on job turnover in the trucking industry (Burks & Monaco

2019; Phares & Balthrop 2021; Miller, et al. 2021), but do so using reduced-form approaches

that are not framed in terms of formal models of search, matching, and bargaining equilib-

rium that are now standard in the labor economics literature (Dey & Flinn 2005; Flinn 2006;

Cahuc, Postel-Vinay, & Robin 2006). By allowing departures from equilibrium to directly

affect truck rates, we extend the insights in Miller, et al. (2020) by formally connecting

labor-market outcomes to pricing in the market for trucking services.

Third, we contribute to the literature on labor search and bargaining by extending the

empirical model developed by Flinn (2006) to the individual level, and by allowing for a

richer parameterization of the core bargaining power parameter. In this way, we develop an

explanation for the COVID-19 induced Great Reshuffle in a formal model of labor-market

equilibrium.

Fourth, we contribute to the literature on how government policy, and shocks to the

macroeconomy, affect pricing and worker outcomes in the transportation industry. While

others in this literature use policy-induced shocks from changes to the Motor Carrier Act

(Rose 1987; Hirsch 1988, 1993) to identify changes in worker bargaining power indirectly,

we demonstrate a structural approach that explicitly accounts for regulatory shocks to bar-

gaining power. While we do not explicitly account for imperfect competition in the trucking

industry to explain the sharp changes in truck rates as Beilock, et al. (1986), Guadalupe

(2007), and MacDonald (2013) do in other settings, and previous policy changes, we show

that at least some of the rapid rise in truck rates following the COVID-19 pandemic can be

explained by driver-shortages in the market for long-distance trucking.

In the next section, we outline a model of labor-market equilibrium in which employees

search optimally for jobs, bring match-specific capital to potential employers, and then bar-
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gain over their share of the resulting match-surplus with employers. In Section 3, we describe

an econometric model that we use to estimate the key parameters of our equilibrium model,

including the degree of bargaining power, and show how we allow both bargaining power and

the extent of labor-market disequilibrium to vary over time. In this section, we also show

how we connect the degree of disequilibrium in the market for truckers each year to changes

in observed truck-rates, or the price of trucking services. In Section 4, we describe the two

primary data sets we use to examine this problem, and explain how the key parameters of

the model are identified. We present and interpret our findings in Section 5, including those

pertaining to the parameters of the structural model and the empirical model of refrigerated

truck rates. In the final section, we offer some general conclusions that follow from our

findings, including a set of implications for management and supply-chain resilience.

2 Theoretical Model of Trucker Shortage

We frame our empirical insights into the market for truck drivers in an explicit theoretical

model of labor-market equilibrium. In this model, workers search for employment matches

with firms until the marginal benefit of search is equal to the marginal cost of doing so

(Burdett & Mortensen 1998), while firms search for employees that maximize the amount

of surplus they derive from the employment transaction. Firms and workers bargain over

the terms of employment contracts, so the wage outcome is not take-it-or-leave-it in the

sense of Burdett & Mortensen (1998), Van den Berg & Ridder (1998), and Eckstein &

Van den Berg (2007), but rather mediated by conditions that affect the relative bargaining

power workers and firms bring to the table.8 Bargaining occurs according to an axiomatic

Nash (1951) process, so bargaining power is exogenous, and it depends on the negotiating

abilities of each side, which are influenced by endowed or acquired attributes like skill or

education, or perhaps economic conditions that provide a structural advantage to one side or

8We note that this model of search frictions falls in the general class of labor-market model in which
firms have oligopsony power in the labor market (Bhaskar, Manning, & To 2002; Manning 2003; Ashenfelter,
Farber, & Ransom 2010; Ransom & Oaxaca 2010; Hamilton et al. 2021) without necessarily having market
power in the traditional sense that it is usually used in the context of output markets.
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the other.9 In the current application, we consider how fundamental changes in the market for

truckers following the COVID-19 pandemic has affected wage outcomes, bargaining power,

and ultimately the price of trucking services.

We begin by summarizing a simplified version of the search and bargaining model of Dey

& Flinn (2005) and Flinn (2006) without minimum wages in order to highlight the role of

each of the structural parameters. In this stylized model, the primary objective is to explain

wages in terms of a Nash bargaining process in which each party’s share of the match surplus

is determined by the interaction between the exogenous levels of bargaining power (α), and

the endogenous bargaining position of each party. The primary determinant of each party’s

bargaining position is their “disagreement profit” or the value of the next best alternative

should negotiations break down. Intuitively, the higher is a party’s disagreement profit,

the stronger their bargaining position as they have less to lose if negotiations fail. In this

setting, the employee’s disagreement profit (Vn) is the next-best job offer, and we normalize

the employer’s disagreement profit to zero as it makes no surplus from the transaction if the

employee is not hired.

More formally, equilibrium wages, w, solve the generalized Nash bargaining problem:

w(θ, Vn) = argmax
w

[Ve(w)− Vn]
α

[
θ − w

ρ+ η

]1−α

, (1)

where θ is the “match value” of the employee, or his or her productivity to the firm, θ∗ = ρVn

is the critical match value from the firm’s perspective, such that θ > θ∗ results in employment,

ρ is the time value of money, Vn is the employee’s disagreement value (or threat point, value

of the next-best alternative offer), Ve is the value to the employee of being employed at

a wage w, α ∈ (0, 1) is the exogenous bargaining power of the employee, or the share of

employment rents, and η is the probability of unemployment.

When workers search optimally, therefore, equilibrium wages will reflect the rate at which

9We are not the first to apply a structural model of search-and-bargaining to examine labor market
problems as Flinn (2006) considers the impact of minimum-wage laws on wage outcomes, how healthcare
benefits either raise or lower negotiated wages (Dey & Flinn 2005), or the effect of gender differences on
wages (Flabbi & Moro 2012).
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new job opportunities appear, existing jobs are destroyed, the distribution of productivity,

the prevailing wage paid to others in the industry, and the relative balance of bargaining

power between workers and firms. Each of these parameters are identified in the structural

econometric model developed in the next section. This model provides many insights into

how we expect the market for truckers to function – insights that are not available from

older theory in this area (Roy 1951), nor reduced-form models of labor market outcomes.

Flinn (2006) next solves the generalized Nash problem in (1) for the set of equilibrium

wages, as a function of the primitives of the model. Equilibrium wages are determined from

equation (1) by parameters that govern both the worker and firm sides of the job-matching

relationship. From a worker’s perspective, the value of a job with wage w is:

Ve(w) =
w + ηVn

ρ+ η
, (2)

or the discounted value of an employment opportunity, taking into account the possibility

of a reversion to unemployment in the future. The value of unemployed search (ρVn) has

to equal the potential value of taking a job in equilibrium, which depends on the worker’s

reservation wage, b, and the discounted value of finding an acceptable job, or:

ρVn = b+
αλ

ρ+ η

∫
ρVn

[θ − ρVn]dG(θ) (3)

where G(θ) is the distribution governing potential match values, or the productivity implica-

tions of each match of an employee to a firm, and λ is the exogenous rate of “job contacts,”

or the creation of jobs by employers contacting potential employees. Substituting these two

relationships into the Nash bargaining solution in (1) and solving gives an expression for the

equilibrium wage contract as:

w(θ, Vn) = αθ + (1− α)θ∗, (4)

where θ∗ is the threshold match value that determines whether workers are willing to supply

labor at the offered wage, or not. Equilibrium wages, therefore, depend critically on the
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degree of bargaining power exercised by workers, and by the parameters of the distribution

that govern equilibrium match-values, job creation and destruction, and labor productivity.

A nontrivial share of truck drivers are paid the minimum wage, so we follow the modeling

approach of Flinn (2006) by allowing the minimum wage to affect the labor market equi-

librium. Minimum wages affect the equilibrium wage distribution by acting as a constraint

on the wages that can represent an acceptable match to the firm. Because the firm cannot

offer wages for match-values less than the minimum wage, m, they essentially give up some

of their surplus to workers with a match value below that point. The intuition of the con-

strained solution is straightforward and is developed in more formal detail in Appendix A:

When the minimum wage is binding, or reflects a match value that generates positive profit

for the firm, then the firm would rather hire the worker at the mandated minimum wage,

and give up some of the surplus that would arise in the unconstrained equilibrium, than

take a surplus of zero. From Appendix A, the resulting equilibrium wage distribution that

captures the three possible relationships between the market-wage offer and the mandated

minimum wage is given by:

pr(w;Vn(m)) =


[g(θ̂(w, Vn(m))]/αG(m), w > m

[G(m)−G(θ̂(w, Vn(m)))]/G(m), w = m
0, w < m

 , (5)

where w is the equilibrium wage offer, and θ̂ is the threshold match value that separates

unconstrained wage offers from those that are constrained by the minimum wage.

Our theoretical model of search, matching, bargaining, and wage determination generates

a set of testable hypotheses regarding the performance of the market for truckers, and for

trucking services. Importantly, these hypotheses are simply not testable with reduced-form

econometric models of wage setting and determination as they follow from the structure of

how we believe labor markets arrive at equilibria between firms searching for employees, and

vice versa.

First, the difference between the rates of job creation (λ) and destruction (η) provide a

measure of labor-market disequilibrium that we can use to explain changes in wages, and
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hence trucking rates over time. Namely, after estimating the parameters of the structural

model, we can form a measure of disequilibrium, λ − η, that we interpret as the excess of

firms looking for workers over the number of jobs that disappear each period, or of general

market tightness. We expect higher values of this measure to be associated with higher

wages, lower trucker-availability, and higher truck rates.

Second, we test the indirect effect of the COVID-19 pandemic, and the associated policy

responses, on the degree of bargaining power possessed by truckers relative to the firms that

hire them. That is, if the conditions that lead to the Great Reshuffling caused workers to

move between firms at a higher rate, as suggested by our data, then we would expect to see

higher values of α in periods immediately following the COVID-19 pandemic, relative to prior

years. Greater bargaining power manifests in both higher wages, of course, and likely higher

rates of transition between jobs as opportunities to use bargaining power typically only arise

when workers are actively on the job market, moving either from one firm to another, or

from unemployment back to employment. We describe how we test these hypotheses in the

next section, beginning with a description of our data sources and a summary analysis, and

then proceding with our empirical application of the theoretical framework after

3 Econometric Model of Bargaining

In this section, we summarize our data sources and identification strategy, and then follow

with our application of Flinn (2006). We leave a detailed derivation of his econometric

model to Appendix D, however, and refer interested readers, and those who may want a

more detailed derivation of the econometric model, to the original article.

3.1 Data Sources and Identification

In this sub-section, we explain the sources of our data, how the key elements of our model are

identified, and provide some summary and reduced-form evidence regarding the relationship

between the market for truckers and truck rates, and characteristics of truck drivers more
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generally.

We combine three main data sources for our analysis: (1) USDA Specialty Crop Truck

Rate Report (USDA-AMS 2022) for data on truck rates and truck service availability, (2)

U.S. Bureau of Labor Statistics Quarterly Census of Employment and Wages (US-BLS 2022)

data for aggregate trucker wages and employment by state, and (3) US Bureau of Census CPS

data on individual trucker work experiences, including the length of any unemployment spell,

their individual hourly wages, and demographic variables (Flood, et al. 2022). We describe

each of these data sets in turn, including their temporal and geographical dimensions, and

their role in our analysis.

First, we use monthly refrigerated truck-rate data from USDA-AMS data over the 2011 -

2021 time period for a large set of matched source-destination pairs, for several commodities,

in order to measure the cost of trucking services and the USDA evaluation of trucking

availability.10 We interpret the per-mile prices for trucking services in the USDA truck rate

data as a measure of the equilibrium price in the truck market. Availability in the USDA-

AMS truck data consists of a Likert-scale index, compiled by AMS field staff that varies

from 1 = high availability to 5 = low availability. We use all origin-destination pairs in the

data for our statistical analysis below, but present summary data below for a select set of

the most important source-destination pairs.

We begin by deriving some model-free evidence that examines trends in truck rates. We

first summarize the USDA truck rate data for a period immediately before the COVID-19

pandemic (2019), and one after the worst of the pandemic was likely over, for a curated set

of source-destination pairs (2021, table 1).11 In general, the data in these tables show that

10The data are disaggregated over a large set of commodities and commodity pairs. For our empirical
analysis, we select the 20 most important by frequency, including: Potatoes, onions, sweet potatoes, apples,
potatoes and onions combined, apples and pears combined, melons, lettuce and mixed vegetables combined,
carrots and grapes combined, cabbage, carrots, tomatoes, watermelons, mixed vegetables, citrus, citrus and
avocados combined, pears, onions and potatoes (different combination), and asparagus. We control for item
fixed effects in our summary regression below, but use weighted averages for summary purposes in table 1
and figure 1.

11Although our choice of 2021 as a comparison year is subjective, it was the first full year following the
direct impact of the initial spread of COVID-19 and rates in 2021 are the most likely to be affected by the
totality of the U.S. COVID stimulus policies that were enacted in 2020.

14



average truck rates, defined on a per-mile basis, increased in all of the source-destination pairs

in the table, and increased an average of over 36.2% across all pairs (figure 1).12 Among all

destinations, Atlanta shows the largest increases (48.5%, averaged across all source-regions),

which suggests that either demand pressures were particularly strong for goods in the Atlanta

region or, more likely, it experienced greater cost pressures. If COVID-19 represented an

accentuation of previous trends toward more short-haul trucking runs, due to the expansion

of e-commerce, and a greater share of deadhead (empty truck) backhauls due to more point-

to-point deliveries, then these higher truck rates are easily, but only partially, explained as

inefficient use of more-expensive labor (ATRI 2021).13 Indeed, because labor forms some

42% of the marginal cost (per mile) of operating a long-distance truck, it is likely that much

of the geographic heterogeneity in cost is due to regional differences in wages (and the total

cost of labor once benefits are included, ATRI 2021), and increases in labor-cost over time.

Whether this is the case, however, requires more careful econometric analysis.

[Table 1 in here]

[Figure 1 in here]

Second, we measure aggregate wages at the state level over the 2011-2021 sample period

using the Bureau of Labor Statistics Quarterly Census of Employment and Wages (QCEW).

Our purpose in using the QCEW data is to determine whether there is any evidence of a

summary relationship between earnings from the trucking sector and truck rates. If the

summary evidence does not reveal a statistical link between truck driver earnings and truck

rates, it would be difficult to justify a more in-depth examination into the causal impact

of earnings on truck rates. In our structural analysis below, conducted at the level of the

individual worker, we use individual wages using the CPS data. For purposes of this section,

to determine whether further investigation is warranted, we merge the USDA truck rate

12Note that figure 1 presents an exhaustive set of source-destination pairs, including all markets in the
USDA truck rate data, except for ”Other” and ”Indiana,” which has only one source-destination connection.
Table 1, however, is a curated sub-set of source-destination pairs in order to keep the table tractable and
clear.

13Between 2018 and 2019, the share of deadhead deliveries rose from 16.6% of all trips, to over 21.0%
(ATRI 2021). Trips with empty trucks represent pure cost, with no corresponding increase in revenue.
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data with state-level trucking-wage data (NAICS industry code = 484) from the QCEW.14

QCEW data is valuable in helping explain temporal and spatial variation in truck rates

because it captures variation in labor costs in very specific industries, here the exact type

of transportation labor covered by the truck rate data, and for state-level geographies that

match the truck rate source descriptions. QCEW is relevant for this purpose as it is a

census of wage and salary workers covered by U.S. state unemployment insurance laws.

Consequently, it should encompass the majority of truckers in the U.S. Given that our

analysis for this segment does not require data on aspects like job transition or demographic

details of truckers—information not present in the QCEW—we favor using the QCEW over

the CPS. We assume that truckers are paid a wage that reflects demand and supply conditions

for trucking labor at the origin of the truck, and not its destination.

The results from our reduced-form regression models are displayed in table 2 below. Note

that both the dependent and independent variables are expressed in logs, so the parameters

on the continuous values (miles and wages) are interpreted as elasticities of truck rates with

respect to each variable. Model 1 includes the distance variable as the sole regressor, Model

2 adds quarter, destination, source, and commodity fixed effects as well as a time trend,

Model 3 adds the wage variable, and Model 4 includes a set of trucking availability index

dummies where the reference group is comprised of categories 1 and 2 (a surplus or slight

surplus of trucking services). Using the best-fitting model for interpretation purposes (Model

4, based on the R2 value), truck rates trended upward over the 2011 - 2021 sample period

by about 2.7% per year, which is in line with general price inflation over this time period.

Perhaps as expected, truck rates are sharply lower in the first quarter than the fourth-

quarter reference period, and rise sharply in the spring (Quarter 2) with a resumption of

business in colder climates. Further, truck rates fall in distance traveled with an elasticity

of about 0.43, meaning that a 10% increase in route-distance reduces the per-mile rate by

14We could use a more specific NAICS code for refrigerated products, or agricultural products in general
(NAICS = 484230), but because trucker skills are fungible across types of trucking, general trucking-wage
data is more relevant to the general trucker market.
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some 4.3%. Clearly, trucking firms offer distance discounts as a considerable amount of

the cost of operating a trucking route consists of fixed costs, including depreciation of the

truck itself, administration, and other general expenses. Most importantly, we find that

truck rates rise in the level of trucker wages with an elasticity of 0.17, and this elasticity

is statistically significant at any reasonable level of confidence. Finally, the results in table

2 show that the USDA measure of availability, which is based on interviews with industry

members, suggests that there is about a 1% difference in truck rates under conditions of

observed shortage relative to either a “surplus” or “slight surplus” (availability categories

1 and 2). To summarize these findings, therefore, it is clear that there is indeed a strong

relationship between trucker wages and truck rates, and that conditions of shortage lead to

higher truck rates as well.

[Table 2 in here]

We provide more summary evidence on recent trends in the trucking industry by referring

again to the QCEW data, but focusing specifically on the number of truckers in NAICS =

484. From the data in figure 2, we see that the number of truckers in the U.S. was increasing

steadily through 2019 before falling sharply in 2020, and recovering in fits and starts through

the end of our data in 2021. This figure shows that the looming shortage of truckers referred

to in both the trade press and in our data does not appear to be driven by the number of

employment-matches in the industry, but perhaps more to aggressive growth assumptions

regarding future demand for truckers. Regardless, the growth in trucker demand since 2011

is clear, but perhaps constrained by the number of workers willing to become truckers. We

provide further summary evidence on trends in job matches in Appendix B below.

[Figure 2 in here]

Our third data set provides data on individual-level job choices, compensation, and in-

dustry transitions that allows us to estimate the parameters of our econometric model of

labor-market equilibrium. Specifically, we follow Burks & Monaco (2019) and Phares &

Balthrop (2021) in using the Bureau of Census Current Population Survey (CPS) data, ac-
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cessed through the University of Minnesota IPUMS data management system, again for the

sample period 2011 - 2021 (Flood, et al. 2022). Unlike these other studies, however, we use

longitudinal samples from the Annual Social and Economic Supplement (ASEC), which pro-

vide 12-month apart observations for each subject in the CPS sampling frame. The ASEC

data uses the sample of March-only observations, and contains a unique CPS identifier that

allows the ASEC data set to be merged with other CPS data sets. Within ASEC, we choose

variables from the “Work,” “Demographics,” and “Core” data series in order to capture

annual income, usual hours worked per week, number of weeks employed, and unemployed,

as well as a host of demographic and socioeconomic variables. Importantly, the ASEC data

contains information on the subject’s occupation, and industry, both in the current period

and 12 months previous.

Our sample from the CPS data is best described as repeated two-year observations (short

panels) within a repeated cross-section framework. Following Burks & Monaco (2019), we

restrict our sample to ASEC respondents who report a trucking occupation in either Year

1 or Year 2 of their reporting period, and who are legal to drive long-distance commercial

trucks each year (21 ≤ Age ≤ 65). The total universe of all workers in the CPS ASEC sample

from 2011 - 2021 is N = 497, 207. Applying our age and industry restrictions, however, our

estimation sample yields a total of N = 8, 133 individuals.

Even within this sample, there are compelling reasons to analyze specific subsets of

individuals who identify as truckers separately (Burks & Monaco 2019; Phares & Balthrop

2021). Specifically, the trucking industry in the U.S. is sharply segmented, consisting of a

substantial number of “for hire” truckers (FHT), or those who work for trucking firms that

contract out their services to firms who require transportation services, and “private carrier”

truckers (PCT), who drive trucks for firms that own their own vehicles, and need their

products delivered from one location to another. In our CPS sample, the share of truckers

who are PCT is 75.3%, while the remainder (24.7%) are FHT.15 Burks & Monaco (2019)

15An example of a FHT would be a trucker who drives for J. B. Hunt Transport Services, which is one of
the largest trucking firms in the U.S., and an example of a PCT would be a trucker who drives for Walmart,
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point out that there is a substantial difference between turnover rates in FHT and PCT, as

the for-hire market is intensely competitive, so wages and benefits are not as attractive as

in the PCT market.

We examine this question more carefully below, but begin by summarizing the CPS-

ASEC data in table 3, averaged over the FHTs and PCTs each year, in order to provide a

sense of more general trends in the trucker market. The data in this table show a remarkable

degree of both demographic and economic stability in the industry, with very little change

in the profile of what the typical truck driver in the U.S. looks like, and how much they

work. On average, over the entire sample period, a trucker works approximately 35 hours

per week, for 44.4 weeks of the year, earning $18.69 per hour, and is about 45.5 years of age,

with 12.4 years of schooling, and is male with a probability of 92.4%. Other than the hourly

wage, which drifts upward at a rate of $0.645 per hour per year, the work and demographic

profile changes little from year to year.

[Table 3 in here]

These summaries, however, are averaged over the FHT and PCT sub-sectors. As a result,

any distinctions in turnover rates between the two might be obscured when we examine them

together. In table 4, we compare the hourly wages and usual hours worked between for-hire

and private-carrier drivers in the CPS ASEC data, as a comparison to table 2 in Burks &

Monaco (2019), who argue that it is essential to treat for-hire and private-carrier drivers

separately, as their jobs are “systematically different.” The data in our table 4 show that

for-hire drivers do indeed work more hours, in every year of our sample, relative to private-

carrier drivers, but the wage premium enjoyed by for-hire drivers thought to be a feature of

the data is not true in any year of the sample, and does not appear to be a rule in our more-

recent data.16 In 2021, for example, even the large absolute gap in hourly wages ($10.50 /

moving goods from distribution centers to stores, or from import points to distribution centers.
16In Appendix C, we present a replication of the summary data in Burks & Monaco (2019) and similar

data in Phares & Balthrop (2021) on job transitions between trucking and other industries in order to
demonstrate the similarity of the CPS-ASEC data to their CPS-ORG data. Our insights from this analysis
is indeed similar to theirs, although our turnover rates are substantially lower – roughly 74.4% of sample
respondents who were truckers in the previous period remain truckers in the next period. This is much lower
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hour premium for for-hire drivers) is not statistically significant due to the large spread in

wages that emerged after the COVID-19 pandemic. This finding is both interesting, and

indicative of the lengths for-hire companies went to in 2021 in order to attract drivers from

other industries. Regardless, this comparison suggests that it may indeed be necessary to

control for differences in for-hire and private-carrier truckers in terms of their hourly work

commitments, and in their hourly compensation if we seek to explain the changes that

occurred in the trucking industry between 2019 and 2021. In our empirical analysis below,

we account for the differences between truckers in each sub-sector through a set of fixed

effects.

[Table 4 in here]

In order to estimate the likelihood function in (17), we require sufficient variation in

unemployment spells, wages, and minimum wages at the individual level in order to identify

each of the parameters in the model. The summary data presented in tables 3 and 4 suggest

that there is indeed substantial variation over individuals in the sample, but we also exploit

the longitudinal nature of the ASEC March samples in order to leverage both variation

across individuals at each point in time, and within individuals from the first to second

reporting period. We also control for state, job, sector, FHT and PCT status, demographics,

and citizenship effects in order to isolate the variation in job choice and bargaining power.

Flinn (2006), however, notes that the bargaining power parameter (α) is easier to identify

when the model is estimated with both supply and demand-side information. Demand-side

information is defined as data that captures likely variation in the marginal value product of

hired workers, which depends on the productivity of the worker, and the price of his or her

output. Flinn (2006) uses a single observation of the ratio of labor compensation to output

for a major fast-food chain in order to identify α, but our aim is to estimate the contribution

of labor to the rise in trucking rates for agricultural products.17 Therefore, we incorporate

than the 90%+ turnover rate claimed by industry sources (ATRI 2021). Expressed as a percentage of the
number of truckers each period who either enter, exit, or remain in the industry, the average is closer to 45%
(see Figure 3).

17Flinn (2006) uses a series of Monte Carlo experiments under different parametric assumptions for the
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demand-side information in a manner similar in concept to Flinn (2006), but we include

more variation over time and across industries.

Our approach is the following. First, we obtain data on the labor-share of revenue for

workers for the trucking industry (NAICS = 484) for each year in our data. Our revenue

data is defined as total gross receipts for all firms, which is taken from the U.S. Bureau

of Labor Statistics (BLS) Multifactor Productivity data, along with the trucking sector

labor compensation measures. Our assumption in using these data is that the labor share

of revenue captures variation in the marginal revenue product of workers in the trucking

industry under the constant-returns to scale assumption in Flinn (2006). Second, we then

embed a least-squares estimator for the bargaining power parameter (α) into the likelihood

function for equilibrium wages with search-and-bargaining (17) above, where α is a simple

function of the labor share of revenue in each industry. We estimate both in one procedure,

so the estimate of α reflects both demand- and supply-side information as in Flinn (2006).

3.2 Empirical Application

Our application involves a number of extensions to the base search, match, and bargaining

model developed above. First, minimum wages are an important feature of the market for

truckers, so we follow Flinn (2006) and account for the likelihood that a worker is actually

paid at, or near, the minimum wage by including the probability that a worker is paid

the minimum wage in estimating the equilibrium wage equation. Second, we allow the

employment surplus earned by truckers, α, to vary between pre- and post-COVID-19 periods

in order to test whether there is any structural evidence that truckers were able to use alleged

shortages to increase their bargaining power vis a vis employers. Third, we explicitly account

for demographic, job description and state-level factors that may otherwise explain variation

distribution of match values, G, to show that the model is fundamentally unidentified under the assumption
of normality, but is identified by the non-linearity of log-normality. More importantly for our purposes, his
Monte Carlo experiments show that the estimates ”...faithfully reproduced the population values with little
variation across replications...” with sample sizes of the order of 250, 000 (p. 1033). Due to the size of our
CPS sample, this hypothetical sample is many times larger than our actual sample (N = 8, 133), so we may
need something more.
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in observed wages in estimating our model parameters by estimating the model in “hedonic

corrected” wages, or wages with each of these influences removed. In this section, we provide

an intuitive explanation of the empirical model in Appendix D.

We assume labor markets are imperfect, in the sense that workers search for jobs while

unemployed, possess match-specific capital, and experience search frictions and other forms

of search cost that may lead to imperfect matches (Burdett and Mortensen 1998; Pissarides

2000, 2011). After workers find a matching employer, and vice versa, the parties bargain over

wages according to a Nash (1951) bargaining process. Because of these market imperfections,

employers and employees share the rents that arise due to the match, or the difference

between the inherent productivity of the worker and the threshold wage that leads the

worker to accept the position. Using the Flinn (2006) empirical model that is based on

these assumptions, we identify each of the structural parameters described above with only

observations on equilibrium wages for worker i (wi), the length of any spell of unemployed

search (ti), and the minimum wage they face (mi).

As we show in Appendix D, the structural econometric model that follows from equation

(5) uses variation in wages and unemployment durations to estimate the parameters that

underlie the log-normal distribution of employee-employer match-productivity (µ and σ), the

rates of job creation (λ), and destruction (δ), the threshold match value that induces workers

to accept a job offer (θ∗), and the parameter that allocates the share of match-rents between

workers and employers, or the bargaining power parameter (α). The likelihood function that

follows from (5) is derived more formally in Appendix D, so we only explain the intuition

here.

The likelihood function addresses the three regimes in the data: Workers who are unem-

ployed for a duration of length ti, workers who are hired and paid a minimum wage (mi),

and workers who are hired and paid a wage above the minimum (wi). These three regimes

represent the probability of remaining unemployed for a certain length, the probability of

being employed in a minimum wage job, and being paid in a relatively high wage job, re-
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spectively. The regimes are exhaustive of all subjects in our CPS data, so the wage and

unemployment variation in our sample are sufficient to identify all of the parameters of the

model. We refer readers to the Flinn (2006) article for more details, and for extensions that

consider endogenous contact rates (rates at which employees take jobs that are offered).

Recall that our primary hypothesis maintains that trucker bargaining power increased in

the post-COVID period, due to the apparent shortage of truckers. We test this hypothesis

by allowing the bargaining power parameter (α) to vary between the pre- and post-COVID

regimes in our data.18 We also recognize that identifying regime-varying bargaining power

requires that we control for unobserved individual heterogeneity, so allow the bargaining

power to also vary randomly over our sample subjects, so that α = α0 + α1ν, where ν ∼

N(0, 1).We estimate the model that results using simulated maximum likelihood, and control

the number of draws using Halton sequences as is common in this literature.

4 Results and Discussion

In this section, we present our findings, and provide some evidence of their robustness. We

begin by presenting the estimates from different specifications of our structural model in

equation (17), and interpret the estimates in terms of their implications for labor-market

equilibrium and bargaining power. Next, we use the structural parameter estimates to

generate a market disequilibrium variable, which is used as the main explanatory variable

of interest in a regression model. We use this regression framework to quantify the extent

to which labor-market disequilibrium influences truck rates and truck service availability as

reported by USDA-AMS.

Our structural model estimates are in table 5 below. In this table, we show estimates

from a base model (Model 1), a model that uses demand-side information to help identify the

bargaining power parameter (Model 2), a model that extends Model 2 by allowing bargaining

to vary between pre- and post-COVID-19 regimes (Model 3), and a final model that builds

18Our CPS-ASEC are only reported annually, and we recognize that a more granular analysis of specific
COVID-19 programs would require monthly data.
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on Model 3 by allowing bargaining power and the rates of job creation and destruction to

vary across all of the observations in our data set (Model 4). We interpret the findings from

each of these models in turn.

[Table 5 in here]

The parameter estimates from Model 1 suggest that jobs were created in the trucking

industry over our sample period at a rate of approximately 22.7% per year, while jobs

disappeared only at a rate of about 0.3% per year. This not only suggests a relatively

rapid rate of job creation, but a slow rate of job loss. We return to the importance of this

difference below, but we interpret the difference between these two estimates as a measure

of disequilibrium in the market, as they would be exactly equal if the rate of job creation

were exactly equal to the rate of job destruction. In our structural model, the amount of

surplus in the employment transaction – or how much profit the trucking company makes

from hiring a worker at the estimated match value – is equal to the difference between the

point estimate of the expected value of θ (the implicit value of a match), and the critical

match-value estimate (θ∗). Calculated from the estimates in Table 5, under the assumption

of log-normality for G, the implicit value of a match in the trucking industry is $20.34 in the

base model, while the critical match value, or the value necessary to induce labor supply, is

only $4.60.19 Therefore, our model estimates suggest an employment surplus of $15.74 per

hour. Of this surplus, the bargaining power estimate of 38.3% implies that the employee

retains some $6.03 per hour, while the employer retains the remainder. In general, our

bargaining power estimate is high relative to others in this literature (Dey & Flinn 2005;

Flinn 2006; Cahuc, Postel-Vinay, & Robin 2006), albeit in very different contexts.

In Model 2, we include demand-side information on the revenue-share of trucker com-

pensation in the industry to help identify the bargaining power parameter. Comparing the

fit of Model 2 with Model 1 using a likelihood ratio test (LR = 2 ∗ (LLF1 − LLF0) ∼ χ2),

19Note that, because wages are expressed on a $/hour basis, the units of measure for all parameters in the
model are the same. From the perspective of the trucking firm, therefore, the value represents the implicit
productivity of a worker, measured on a per hour basis.
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we find that Model 2 provides a substantially better fit to the data (LR = −16, 656.5), so

we conclude that demand-side information does produce a better model, simply in terms of

fitting the data. Despite the improvement in fit, the parameter estimates from Model 2 are

very similar to those reported from Model 1, except for the rates of job creation and destruc-

tion. Namely, the estimate of λ from Model 2 implies a much higher rate of job creation

(28.1%) and lower rate of job destruction (0.1%). In terms of employment surplus, however,

adding demand-side information leads to a slightly lower equilibrium match value ($20.16)

and nearly identical critical match value ($4.62), so the implied level of employment surplus

is slightly lower, at $15.54 per hour. Further, the employee share is also lower (36.9%), which

means that employees earn on average $5.73 of employment surplus per hour. The fact that

these two models produce estimates of employee returns that differ by only 5.2% suggests

that the model is robust to changes in specification.

The next two models – Model 3 and Model 4 – allow the bargaining power parameter

to differ in the post-COVID-19 era, and all of the key parameters to vary randomly over

CPS-ASEC sample members, respectively. Because the estimates from these two models are

so similar, and Model 4 produces a significant improvement in fit (LR = −4, 938.3), we will

only interpret the estimates from Model 4. Somewhat surprisingly, the estimates from this

model are very close to those of Model 1, with rates of job creation and destruction 22.9%

and 0.5%, on average. Further, the marginal value of an employment match to firms is $17.34

per hour, and the critical match value from the employees’ side is just over $4.5 per hour,

so the amount of employment surplus is $12.81 per hour. Accounting for the mean level

of bargaining power over the sample (again 38.3%), employees earn $4.91 of employment

surplus per hour. In the post-COVID-19 era, we find that bargaining power rises by a small,

yet statistically significant 0.5%, so workers earn $4.97 of employment surplus per hour,

or a $0.06 per hour rise just due to the labor-market tightness associated with COVID-19

recovery, and the associated exodus.

In Model 4, we allow the parameters that estimate the rates of job creation and destruc-
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tion to vary by observation, so we are able to recover a measure of labor market disequilib-

rium, or the difference between these two values, for every observation. We interpret this

variable as a measure of “disequilibrium” as it is akin to the ratio of openings to hires in

Figure 4 in Appendix B – when this value rises, the number of potential matches available

to be made rises above the matches that dissolve. In this sense, it measures the net number

of employers that are seeking employees. Empirically, allowing this measure to vary over

the entire data set means that we have a measure of disequilibrium for all regions and time

periods in the data. As a final step, we estimate simple regression models with the dise-

quilibrium rate and distance as explanatory variables, explaining variation in the regional

truck rate each year. We estimate a similar model in which we explain the USDA measure

of trucking availability described above. Our models include region fixed effects to control

for time-invariant regional factors and year fixed effects to control for time-varying factors

common to all regions. We also estimate a separate random parameters model to account

for other sources of unobserved heterogeneity.

Our hypothesis is that as our measure of disequilibrium rises, truck rates should rise as

employers are bidding up wages to attract additional workers so their costs rise. On the other

hand, a higher rate of disequilibrium means that there are fewer effective matches being made

if labor supply falls, so the availability of trucking services should fall. Because the USDA

availability index is defined such that higher values indicate lower availability, or a greater

likelihood of shortage, we hypothesize a positive relationship between our disequilibrium

measure and the USDA availability index.

We present estimates from these regressions in table 6 below. In the upper panel, we

show the relationship between labor shortages (disequilibrium) and truck rates, controlling

for distance, yearly fixed effects, and source-region effects (sources are the USDA-AMS truck

rate sources identified in figure 1). The estimates in this table suggest that there is a positive

relationship between disequilibrium and truck rates. Interpreted at the means of the data,

the estimates from the preferred model (Model 2) suggest that a rise in the disequilibrium

26



gap from 22.4% to 23.4% is associated with a $0.03 / mile rise in truck rates, or from $3.31 to

$3.34 per mile. While this effect is small, the range of the disequilibrium gap over the entire

sample is roughly 17.0% to 28.0%, and it is statistically significant, so our estimate implies

that an 11-point change in the gap means that rates can change by $0.37 / mile, simply in

response to labor-market tightness. Expressed differently, our estimates imply an elasticity

of truck rates with respect to disequilibrium of 0.028 – inelastic, to be sure, but economically

important when labor markets are changing quickly, and large disequilibria likely.

Similarly, in the lower panel of table 6 we show the estimates from a regression of the

USDA availability index on our measure of disequilibrium. We interpret the coefficient on

the disequilibrium variable as the marginal effect of a percentage-point change in the gap

between job creation and destruction on the USDA availability index, so an estimate of 0.95

in the preferred model means that a percentage-point rise in the gap between creation and

destruction leads to a 0.95 point rise in the index, which means a decrease in availability.20

Recall that our definition of disequilibrium is the difference between job creation and de-

struction, so as more jobs are created than lost, there is clearly more demand for truckers

than there is effective supply, which will appear as a shortage of truckers. At the means of

the data, this means that a rise in the disequilibrium gap from 22.4% to 23.4% is associated

with a rise in the availability index (a greater likelihood of shortage) from 3.33 to 3.42, or

an elasticity of 0.08 - still inelastic, but substantially more elastic than the wage-sensitivity

to disequilibrium.

[Table 6 in here]

Our findings are important both for management purposes in the trucking industry,

and for policymakers interested in agricultural supply chain disruptions arising from the

transportation sector. From a managerial perspective, our findings suggest that there is a

persistent tightness in the market for truckers that appears to have been made worse by the

20We aggregate the integer availability index over all commodities from a particular source region, so
the dependent variable is no longer an integer measure. We attempted to control for both regional and
commodity fixed effects in these regressions, but the correlation between regions and commodities was too
high to produce reliable regression estimates.
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COVID-19 pandemic, and policy responses to it. While truckers may indeed be responding

to economic incentives as in Burks & Monaco (2019) and Phares & Balthrop (2021), there

appears to be deeper problems in the market for truckers as the gap between jobs being

created and destroyed suggests a disequilibrium gap that is not getting smaller. We find a

smaller rate of job turnover than reported by industry sources, but turnover is not necessarily

a problem when the value of a match exceeds its cost. As market tightness leads to greater

bargaining power exercised by workers, the cost of finding matches is rising, and there are

fewer and fewer value-creating matches than there were before the pandemic.

From a policy perspective, it appears that the incentive to remain out of the labor force,

or to change jobs in search of higher wages once in the labor force, is feeding into the

inflation cycle. Labor shortages lead to higher wages, which lead to higher truck rates and

higher operating costs for farm businesses that use trucks, or at least contract for trucking

services. Although higher unemployment benefits during the COVID-19 pandemic, and

looser monetary policy to spur economic activity, may have both had the desired effect of

lessening the damage from the pandemic itself, it appears as though much of the long term

damage will be felt through the labor market and the associated rise in costs throughout the

product supply chain. Tackling food-price inflation, therefore, may be more difficult than

initially thought if the primary cause comes from supply-chain tightness and not monetary

sources.

In terms of agricultural supply-chain resilience, our findings highlight the idea that prices

– both wages and prices for trucking services – are indirect measures of supply chain re-

silience. When supply chains experience shocks from either demand- or supply-side factors,

prices embody the incentives felt by agents on both sides of the market to move toward a

new, hopefully stable, equilibrium. Further, we show that labor-market shortages can con-

tribute to a lack of resilience, and that labor-markets policies should take the implications

for resilience into account.
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5 Conclusions

In this paper, we examine how the labor market for truckers affects the price of trucking

services. Worker turnover is an ongoing problem for trucking company owners, and many

others in the literature have examined the empirical drivers of turnover, and whether the

market for truckers appears to function normally. We take a different approach, and present

the problem of turnover directly as an equilibrium phenomenon. That is, we frame our main

analysis in terms of a structural model of job search, matching, and bargaining in which

workers search optimally, bring match-specific capital to negotiations with potential employ-

ers, and then bargain for wages according to an axiomatic Nash bargaining process. We

estimate our model using an individual-level data set drawn from the CPS-ASEC universe,

which we merge with productivity data from the Bureau of Labor Statistics in order to help

identify the key bargaining parameter. We then use the estimates from our structural model

to help explain truck rates, and the availability of trucking services over time.

Our reduced-form analysis shows that trucker wages, perhaps as expected, are strongly

related to the cost of trucking services. We also find evidence, mostly from other data sets,

that job openings are increasing rapidly in the trucking industry, and the newly-open jobs

are not necessarily being taken by available workers. Our structural findings are consistent

with this summary evidence, as we find that the trucker market appears to be in persis-

tent disequilibrium, with new jobs created at a far greater rate than existing employment

relationships are dissolved. Perhaps as a result of the growth in trucking jobs, we find that

truckers enjoy a level of bargaining power that is both higher than in most other industries

(38%) and rose significantly through the COVID-19 pandemic. We also find that the extent

of disequilibrium is a significant explainer of both higher truck rates, but greater availability

of trucking services as trucking firms create more jobs than are lost over time.

Our findings are important both for managerial and policy purposes. Owners and man-

agers in the trucking industry understand that there is a shortage of drivers, and know that

turnover rates are very high, but they likely do not know the empirical value of an employ-
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ment match, and how much a new worker is worth to their firm. Specifically, our estimates

show that the surplus created through the employment relationship in the trucking industry

is about $12.81 per hour, while truckers, even after the rise in bargaining power associated

with the COVID-19 pandemic, earn only about 1/3 of this total. On a deeper level, our

analysis points to the central position of labor in the supply chain – until autonomous trucks

become a viable option, truckers are necessary to ensure trucks can operate, and how much

they are compensated determines the cost of trucking services. On the policy level, arguably,

price inflation is one of the most important policy problems, both in the U.S. and in Canada,

that emerged from the COVID-19 pandemic. Our findings show how labor market disrup-

tions can contribute to price inflation through higher wages, and that higher wages are, in

turn, a structural outcome from not having enough workers take the jobs that are available.

Although we frame our research in a U.S. setting, and use data describing the U.S.

trucking experience, we believe our findings have important implications for the Canadian

agricultural trucking industry. Gill & MacDonald (2013) document a similar shortage of

drivers in Canada as others document in the U.S. (Burks & Monaco 2019), so we can expect

that truck rates likely rose by similar amounts in Canada during the COVID-19 pandemic

and are headed in the same direction until the shortage of drivers is addressed. However, to

the extent that the trucking industry in Canada is nearly as competitive as the U.S. market

we study here, rates are bound to be as resilient to shocks like COVID-19 as we show in this

paper.

We make use of several related data sets, but our analysis could be improved with more

detail on specific trucking contracts. Because our trucker data are at the individual-job level,

and the truck-rate data are aggregated over routes and products, the relationship between

equilibrium in the market for truckers and truck rates is only indirect. Second, while the

number of respondents in the CPS-ASEC data set is very large, once filters are applied to

narrowly describe workers in the trucking industry, the sample size becomes relatively small.

A deeper data set on job choice in the trucking industry would be an improvement. Third,
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the CPS-ASEC data are only reported annually, but a more detailed analysis of specific

COVID-19 programs would use data that followed worker experiences on a monthly, or more

frequent, basis. Finally, we control for as much heterogeneity in the trucker job market as

practical in our analysis, but there is much more variety in the types of jobs that are actually

done that may explain some of our findings.
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6 Appendix A: Minimum Wages

In this appendix, we describe the derivation of equation (5) in the text from Flinn (2006).

As explained above, the existence of an effective minimum wage serves as a constraint on

firms’ exercise of their usual degree of bargaining power. There may be matches that provide

some surplus, but not at the level of unconstrained wage offers and worker-bargaining power

implied by the unconstrained model. In order to see this logic more formally, first recognize

that firms cannot generate positive surplus with match values less than the minimum wage

(θ < m) because their surplus depends on the difference between match values and wage

offers (θ−w), so any values of θ below m would imply negative surplus. Therefore, there has

to be a threshold match value (θ̂) that separates wage offers that are not constrained by the

minimum wage, recognizing that firms and workers tend to share the amount of available

surplus, and those that are constrained. Without the minimum wage constraint, and general

search value of Vn(m), the equilibrium wage solves:

w(θ, Vn(m)) = αθ + (1− α)ρVn(m), (6)

so that workers are paid m when there is a value of
ˆ

θ such that:

θ̂(m,Vn(m)) =
m− (1− α)ρVn(m)

α
, (7)

or the threshold value of θ that separates “rational” minimum-wage contracts from those

that include a market-level wage. When θ ∈ [m, θ̂), the wage offer implied by implied by

(6) would be less than the minimum wage, but the firm is constrained to pay at least m,

so chooses to pay that level, and give up some surplus for all θ ∈ [m, θ̂). Flinn (2006) then

shows that the steady-state value of search under a minimum-wage law is given by:

ρVn(m) = b+
λ

ρ+ η


θ̂∫

m

[m− ρVn(m)]dG(θ) + α

∫
θ̂

[θ − ρVn(m)]dG(θ)

 , (8)

so the new equilibrium wage distribution that solves equation (8) implies a “wedge” between

the minimum wage, and the minimum acceptable wage offer implied by ρVn(m). Reflecting
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this wedge, the equilibrium wage distribution under minimum wages consists of three regimes,

depending on the relative values of the minimum wage and the offer implied by (6):

pr(w;Vn(m)) =


[g(θ̂(w, Vn(m))]/αG(m), w > m

[G(m)−G(θ̂(w, Vn(m)))]/G(m), w = m
0, w < m

 , (9)

where w is the equilibrium wage offer. Simulating this theoretical wage distribution under

different bargaining power values, therefore, shows how bargaining power and labor-market

policies interact to affect market wages.

7 Appendix B: JOLTS

In this appendix, we document trends in the number of job openings, and hires in the

trucking industry. Consistent with the industry narrative of a persistent and worsening

shortage of workers in the trucking industry, the data in Figure B1 below shows that the

ratio of job hires to job openings in the trucking industry between 2011 and 2021 fell from

1.87 – or nearly 2 job openings for every new hire – to 0.6 or slightly more than half of

all job openings are filled. The data in this figure supports the notion that labor shortages

in the trucking industry may be due as much to a skills mismatch as they are to either

shortages in the number of people willing to work, or work only part time as there are far

more open positions than successful matches, even when unemployment was relatively high

in 2020. The data in this figure also suggest that industry projections of growing shortages

of truckers may indeed be true as the gap between openings and matches is due mostly to

rising demand, rather than a decline in the supply of workers.

[Figure B1 in here]

8 Appendix C: Job Turnover

In this appendix, we provide summary data on job turnover among truckers in our sample

data. For purposes of Table C1 below, we focus only on CPS-ASEC respondents who report

working in the trucking industry in either the first or second period of the ASEC longitudinal
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survey. If they report work as a trucker in the first and second period, they are determined

to have stayed in the industry, but if they report working as a trucker in the first period

and something different in the second, they are defined as an “exiter.” Similarly, if they were

not a trucker in the first period, but report working as a trucker in the second period, they

are defined as an “entrant.” For each entrant and exiter, we report the industry they either

entered from (or from unemployment) or exited to, including unemployment. In general, the

data in Table C1 suggests that truckers tend to enter from and exit to office work, other jobs

in transportation – likely dock workers and others closely related to the trucking or logistics

activity, and unemployment. Of all those who were truckers in the first period, fully 74% stay

as truckers in the next period. Normalized by the numbers who either enter, exit, or stay

in the industry, the proportion of truckers who remain truckers is closer to 45% each year.

Consistent with the data presented in the text, this summary data suggests that turnover in

the trucking industry is not nearly as problematic as industry sources would suggest (ATRI

2021).

[Table C1 in here]

9 Appendix D: Likelihood Function Derivation

In this appendix, we summarize the likelihood derivation in Flinn (2006) as it applies to our

sample of CPS-ASEC workers in the trucking industry. We depart from Flinn (2006) by

allowing the bargaining parameter, α, to vary systematically with a COVID dummy that

takes a value of 1 during or after the year 2020, and 0 before. In this section, we derive

the likelihood function from Flinn (2006) based on the structural model of labor-market

equilibrium above that accounts for features of the trucking market, and captures the likely

effect of the COVID-19 pandemic on drivers’ decisions to enter, or to exit, the industry.

We begin our equilibrium search-and-bargaining model with the approach taken by Flinn

(2006), but modify his approach to suit our application to the CPS-ASEC data described

above, and the unique nature of the trucking industry. Assuming an exogenous distribution
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of worker-firm productivity for a match value of θ, and an exogenous rate of job-destruction

(η), the density of an unemployment spell of length ti implied by the search function is

(dropping the i individual subscript for clarity):21

fu(t|u) = λG(m) exp(−λG(m)t), (10)

where we recall that λ is the exogenous rate at which employers create jobs, and m is the

administratively-determined minimum wage. With exogenous rates of job destruction, the

probability of becoming unemployed becomes:

pr(u) =
η

η + λG(m)
, (11)

so that the joint probability of observing unemployment for a spell of length t is:

f(t, u) =
ηλG(m) exp(−λG(m)t)

η + λG(m)
, (12)

and we adopt the usual assumption that G is log-normal, so G(θ) = Φ((ln(θ) − µ)/σ),

where Φ is the standard normal distribution function, µ is the mean, and σ is the standard

deviation.

We account for workers who are paid at, or near, the minimum wage by including the

probability of a worker falling into the set of minimum-wage workers, and variation in the

share of rents earned by these workers. In general, allowing for minimum-wage workers is

necessary to identify the parameters of our model as the share of rents earned by employees

constrained by the minimum wage will differ from the rest of the sample. Therefore, we

break the likelihood function into regimes that represent workers paid at the minimum wage,

workers paid above the minimum wage, and those who are unemployed. More formally, the

likelihood contribution from minimum-wage employees is given by:

pr(w = m, e) =
λ
[
G(m)−G

(
m−(1−α)ρVn(m)

α

)]
η + λG(m)

, (13)

21The nature of the distribution G(θ) is generally assumed to be determined by the production technology
of the firm, so it is determined outside of the labor-employment relationship.
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which is the likelihood of being employed (e) and being paid a wage equal to the minimum

(m), given the firm’s willingness to employ a worker at the minimum wage. Further, the

probability that the wage exceeds the minimum, and the threshold necessary to induce the

employee to accept employment is given by:

f(w|w > m, e) =

1
α
g
(

w−(1−α)ρVn(m)
α

)
G
(

m−(1−α)ρVn(m)
α

) , (14)

as the wage has to exceed the match-minimum of m−(1−α)ρVn(m)
α

. Therefore, the probability

that a sample member is paid greater than the minimum, conditional on being employed, is

given by:

pr(w > m|e) =
G
(

m−(1−α)ρVn(m)
α

)
G(m)

, (15)

and the likelihood contribution of observing an employee accepting a job, and being paid a

wage that is above the minimum is:

f(w,w > m, e) =

λ
α
g
(

w−(1−α)ρVn(m)
α

)
η + λG(m)

. (16)

Combining observations from individuals who are paid at the minimum wage with those who

are paid above the minimum wage, the log-likelihood function becomes:

LLF = [ln(λ)− ln(η + λG(m))] + δU [ln(η) + lnG(m)]− (17)

λG(m)δU ti + δM ln

(
G(m)−G

(
m− (1− α)θ∗

α

))
−

δH ln(α) + δH ln

(
g

(
wi − (1− α)θ∗

α

))
,

where δU = an indicator that the individual belonged to the set of unemployed workers

(U), δM = an indicator that the individual belongs to the set of workers who are paid the

minimum wage (M), δH = an indicator that the individual belongs to H, the set of workers

paid above the minimum wage, and θ∗ = ρVn(m) = the implicit minimum wage. With this

likelihood function, and the data described above, we obtain estimates of the key parameters

that characterize the labor-market equilibrium, including the bargaining power parameter

that shows the share of total employment surplus earned by workers.
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Table 4. Private-Carrier vs For-Hire Trucking

Private-Carrier Trucking For-Hire Trucking

Hours Hourly Wage Hours Hourly Wage

Year N Mean Sdv. Mean Sdv. N Mean Sdv. Mean Sdv.

2011 618 38.290 15.343 20.570 22.685 213 44.756 15.997 23.683 33.431

2012 638 39.898 14.971 24.804 53.103 226 46.898 15.213 23.597 32.335

2013 649 40.379 14.077 21.259 25.189 184 45.603 18.355 20.808 18.006

2014 626 39.599 14.351 21.440 46.314 201 44.856 15.657 17.868 12.128

2015 475 39.568 14.120 23.396 86.482 167 46.994 13.712 19.871 12.008

2016 551 40.906 13.483 23.528 33.022 169 47.219 13.378 21.293 13.421

2017 531 39.727 14.370 25.925 52.179 178 46.006 14.023 29.690 57.542

2018 550 41.893 13.307 22.905 31.066 183 45.344 16.726 20.319 14.031

2019 527 40.429 14.098 22.795 28.764 176 45.409 14.261 23.892 17.372

2020 504 39.492 13.501 28.937 71.352 160 46.788 15.369 25.366 17.584

2021 456 38.879 13.928 24.422 20.981 148 45.318 16.159 34.922 74.716

Note: Data are from U.S. Census Bureau, Current Population Survey (CPS) Annual Economic

Supplement (ASEC) for drivers defined to be in the for-hire (IND = 6170) or the private

-carrier (IND = all else) market segments. Sdv. = standard deviation.

48



T
a
b
le

5.
S
tr
u
ct
u
ra
l
M
o
d
el

E
st
im

a
ti
on

R
es
u
lt
s

M
o
d
el

1
M
o
d
el

2
M
o
d
el

3
M
o
d
el

4

P
ar
am

et
er

E
st
im

a
te

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

λ
0.
22

7
1
**

*
0.
00

77
0.
28

06
**

*
0.
00

81
0.
19

63
**

*
0.
00

65
0.
22

93
**

*
0.
00

49

η
0.
00

2
8
**

*
0.
00

06
0.
00

13
**

*
0.
00

03
0.
00

15
**

*
0.
00

03
0.
00

54
**

*
0.
00

01

µ
2.
87

8
1
**

*
0.
01

53
2.
92

55
**

*
0.
00

70
2.
78

99
**

*
0.
01

05
2.
78

13
**

*
0.
00

47

σ
0.
51

8
9
**

*
0.
01

00
0.
39

61
**

*
0.
00

30
0.
38

97
**

*
0.
00

59
0.
37

92
**

*
0.
00

18

θ∗
4.
59

5
8
**

*
0.
02

03
4.
61

52
**

*
0.
01

78
4.
38

00
**

*
0.
01

57
4.
53

02
**

*
0.
01

90

α
0.
38

2
7
**

*
0.
00

17
0.
36

90
**

*
0.
00

15
0.
35

27
**

*
0.
00

14
0.
38

29
**

*
0.
00

17

C
O
V
ID

0.
00

42
**

*
0.
00

12
0.
00

49
**

*
0.
00

01

S
ta
te

E
ff
ec
ts
?

Y
es

Y
es

Y
es

Y
es

J
ob

E
ff
ec
ts
?

Y
es

Y
es

Y
es

Y
es

D
em

og
ra
p
h
ic
s?

Y
es

Y
es

Y
es

Y
es

F
H
T
?

Y
es

Y
es

Y
es

Y
es

C
O
V
ID

?
N
o

N
o

Y
es

Y
es

R
an

d
om

P
ar
am

et
er
s?

N
o

N
o

N
o

Y
es

L
L
F

-2
,4
3
5.
7

7,
39

2.
5

2,
16

9.
2

-3
00

.0
01

A
I
C
/N

0
.3
12

-0
.9
94

-0
.2
76

0.
02

9

N
ot
e:

A
ll
m
o
d
el
s
es
ti
m
at
ed

w
it
h
C
u
rr
en
t
P
o
p
u
la
ti
o
n
S
u
rv
ey

(A
S
E
C
,
B
u
re
a
u
o
f
C
en
su
s)

d
a
ta
.
M
o
d
el

1
is

b
a
se

m
o
d
el

w
it
h
n
o

d
em

an
d
-s
id
e
in
fo
rm

at
io
n
fo
r
α
.
M
o
d
el

2
is

b
a
se

m
o
d
el

w
it
h
la
b
o
r-
sh
a
re
-o
f-
re
ve
n
u
e
d
a
ta

u
se
d
to

id
en
ti
fy

th
e
b
a
rg
a
in
in
g
p
ow

er

p
ar
am

et
er
.
M
o
d
el

3
is

M
o
d
el

2
w
it
h
h
et
er
o
g
en
ei
ty

in
b
a
rg
a
in
in
g
.
M
o
d
el

4
is

M
o
d
el

3
w
it
h
ra
n
d
o
m

va
ri
a
ti
o
n
in
α
.
A

si
n
g
le

as
te
ri
sk

in
d
ic
at
es

si
gn

ifi
ca
n
ce

at
a
10
%

le
ve
l,
*
*
a
t
5
%
,
a
n
d
*
*
*
a
t
1
%
.
N

=
1
5
,8
6
6
.
F
H
T

=
in
d
ic
a
to
r
fo
r
F
o
r
H
ir
e
T
ru
ck
in
g

ob
se
rv
at
io
n
s.

49



Table 6. Shortage, Truck Rates and Availability

Fixed Parameters Random Parameters

Truck Rates Estimate Std. Err. Estimate Std. Err.

Distance -0.0014*** 0.0003 -0.0014*** 0.0005

Shortage 0.5151* 0.2722 0.4174*** 0.0668

Year Effects? Yes Yes

Regional Effects? Yes Yes

Random Parameters? No Yes

LLF 811.137 890.711

AIC/N -0.124 -0.111

Availability

Distance -0.0010 0.0006 -0.0010*** 0.0004

Shortage 0.9511* 0.4835 0.9512*** 0.0817

Year Effects? Yes Yes

Regional Effects? Yes Yes

Random Parameters? No No

LLF -2,262.512 -2,262.503

AIC/N 0.292 0.292

Note: Model estimated with CPS ASEC data, and USDA-AMS Refrigerated Truck Rate

data over 2011 - 2021 time period. Distance is the distance in miles between routes in the

USDA-AMS data, and Disequilibrium is the estimated difference between the rates of job

creation and destruction from the CPS-ASEC data. All standard errors are clustered at the

state level. A single asterisk (*) indicates significance at 10%, ** at 5%, and *** at 1%.
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Table D1. Job Transitions by Sector, CPS-ASEC

From Trucking To Trucking

Sector N % N %

Management 113 5.58% 116 5.54%

Foodservice 58 2.86% 54 2.58%

Building Grounds 66 3.26% 57 2.72%

Sales 152 7.51% 173 8.27%

Office 240 11.85% 263 12.57%

Construction 147 7.26% 170 8.12%

Installation 83 4.10% 95 4.54%

Production 144 7.11% 144 6.88%

Transportation 289 14.27% 300 14.33%

All Other 377 18.62% 345 16.48%

Not Employed 356 17.58% 376 17.96%

Note: Estimates averaged over 2010 - 2021 sample period,

using CPS ASEC longitudinal data sample. Totals imply

74.14% of all drivers stay in the industry from the first

sample period to the second.
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