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Abstract

Since 2018, there has been a consistent decline in the distance traveled by U.S. man-

ufacturing imports, reaching a level not observed since 2008. This trend is the result of

the substitution away from imports from China and towards imports from closer coun-

tries. At the same time, U.S. manufacturing inventory-to-sales ratio has continued to rise.

These trends are at odds with the literature, which finds that reductions in the distance

of imports are associated with a decline in inventories. We argue that a rise in delivery

time risk, driven by longer and more frequent delays and supply disruptions, can recon-

cile these trends. We do so in the context of a model of global sourcing with stochastic

delivery times and inventories. Firms trade off the lower price of farther inputs with the

increase in exposure to demand volatility and longer delays. In response, firms increase

their inventories. Yet, as delivery delays rise, firms need to carry more inventories per

unit of the input used. We calibrate the model for the period from 2018 to 2024 using

data on the increase in tariffs for inputs from China, and the rise in inventories over sales.

We find an increase in delivery delays for foreign inputs of 21 days across the period. The

rise in delays and tariffs had an output loss of 7.3% and a price increase of 1.8%. Of these,

the rise in delivery delays alone generated a 2.6% drop in output and a 0.4% increase in

prices.
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1 Introduction

Modern economies organize production along complex supply chains, whose operation relies on

the smooth functioning of logistics. Recent events have strained the international transport

system and generated frequent supply disruptions. Yet, measures of supply pressures or delays

are surprisingly difficult to estimate.

In this paper, we provide a model-based quantification of delays in supply procurement and

study their social cost. We consider an economy in which firms face demand volatility and their

foreign inputs face positive and stochastic delivery times. Firms require inputs from China,

rest of the world (ROW), and domestic to produce. For the inputs from China and ROW, firms

have access to a fraction of the order they placed in the period, and the rest of the order firms

can’t use to produce. Further, the share of the arriving order is stochastic. Thus, firms hold

inventories of their inputs due to the interaction between the demand shocks and the positive

delivery times, and additionally due to the delays inputs may face.

We rely on two empirical observations to quantify our model. First, the average import distance

of U.S. imports has started declining after decades of steady increase. The decline in distance is

driven by the decrease in imports from China, due to the rise in tariffs applied in 2018. Second,

the inventory-to-sales ratio of U.S. manufacturing firms has stabilized at a permanently higher

level after the global pandemic in 2020. These data trends are surprising, considering the well-

established positive correlation between the distance imports travel and inventories stocked, as

documented in the literature. We argue that a rise in delivery risk, driven by longer and more

frequent delays and supply disruptions, can reconcile these trends. The National Association

of Manufacturers (NAM) Manufacturers Outlook Survey for 4th quarter of 2023 reports that

86.2% of the firms in their sample report have worked to ‘de-risk’ their supply chains in the

last two years.

We use the model to obtain a measure of delays that is able to rationalize both trends. We start

by calibrating the model to match moments of the U.S. manufacturing sector in 2018. Then,

we use data on the rise in tariffs applied by the Trump and Biden administrations to inputs

from China, the decline in the imports from China, and the rise in input inventories from 2018

to 2024 to calibrate the trade war with China that started in 2018, and create the measure for

the rise in delivery delays, or a rise in in the standard deviation of the distribution of delivery

days, for foreign inputs.

Using the increase in tariffs between 2018 and 2019, we show that the import substitution from

Chinese to the ROW inputs can rationalize the declining import distance. However, absent any

other structural change, this would imply a reduction in the stock of inventories held by U.S.

firms since the average delay for Chinese imports is estimated to be larger than that of ROW

imports. Therefore, we consider an increase in delivery delays for all imported inputs. We use

our model to estimate this increase since 2018. The average delay faced by U.S. importers was

between 10 and 5 days when importing from China and ROW in 2018, respectively. These
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became 31 and 26 days at the onset of the global pandemic in 2020 and, after a short decline,

are peaking again in 2024.

We compare our model based measure of delivery delays to the private data on lead times

reported by the Institute of Supply Management (ISM) used in their Manufacturing PMI

Index. The lead times for maintenance, repair, and operating supplies (MRO), production

materials, and capital expenditures observe a sharp increase in 2020 and in 2024 remain higher

than pre-Covid levels. Using our estimated distributions of delivery days, and the calibrated

rise in delays, we compute a measure of days using a similar methodology as ISM. We find our

measure of delays is similar to the ISM data. MRO supplies increase by a total of 11 days and

production materials by 14 days, while our measure shows an increase of 11 days.

We then compute the implications of the rise in delivery delays in terms of output and prices.

First, we find that the combination of tariffs and delivery delays increase generated an output

drop of 7.3% and an increase in prices of 1.8%. These effects can be decomposed through the

lens of the model. We estimate that the trade war alone induced a 5.1% drop in output and

a 1.4% increase in prices, while the rising delivery delays alone would have generated a 2.6%

drop in output and 0.4% increase in prices.

Related Literature

This paper contributes to several strands of literature. First, we contribute to a large body

of work that analyzes the effect of disruptions in the production process, as in Barrot and

Sauvagnat (2016), Carvalho et al. (2020), Alessandria et al. (2020), Alessandria et al. (2023b),

Alessandria et al. (2023a), Acemoglu and Tahbaz-Salehi (2024). This paper is closest to Alessan-

dria et al. (2023a), where they quantify the costs of disruptions during COVID-19. Our con-

tribution to this literature is to provide a measure of disruptions through delivery delays using

public inventory and import data.

We incorporate the rise in tariffs between the U.S. and China that started in 2018. We rely on

the tariff estimate provided by Amiti et al. (2020) and follow the discussion on Fajgelbaum and

Khandelwal (2021) and Caliendo and Parro (2023). Here, we use a model with foreign trade

and inventories to isolate and quantify the cost of the rise in tariffs from the cost of disruptions

that were also present from 2018 to 2024.

Third, there is a strand of work that studies the importance of delivery times for trade, as in

Hummels (2007), Hummels and Schaur (2013), Clark et al. (2024), and Blaum et al. (2024).

Our contribution to this literature is to provide a measure of delivery delays and compare it to

the private data on lead times. Our measure matches well with the data on lead times, and we

use the model to quantify the cost of the delivery times in terms of output and prices.

Last, this paper touches on the large literature on inventory management, as in the works

by Khan and Thomas (2008), Alessandria et al. (2010), Khan and Khederlarian (2020), Pisch

(2020), Carreras-Valle (2024), Ferrari (2024). The model is based on Carreras-Valle (2024),
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Figure 1: Rise in delays: distance fell while inventories remain high
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(a) Distance traveled by manufacturing imports
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(b) Rise in manufacturing inventories over sales

where delivery time friction for foreign inputs is introduced as the firm is able to use only a

share of the order today, and the rest is delivered until the next period. Here, we leverage the

model to introduce our measure of delivery delays.

The remainder of the paper proceeds as follows. Section 2 describes the motivating evidence

and the data used. Section 3 outlines the model and discusses the trade-off between the price

and delivery times across input suppliers. Section 4 presents the calibration of the model used

to perform our quantitative analysis in Section 5. Here, we present our model-based measure

of delays and the costs of the rise in tariffs and delays. Section 6 concludes.

2 Motivating Evidence

Our research question is motivated by two empirical observations shown in Figure 1. First,

we show that the average distance U.S. imports travel has been decreasing, and in 2024, it

reached the lowest point since 2014.The second empirical observation is that U.S. manufactur-

ing inventories to sales ratio have increased from 2018 to 2024. The rise is observed across

manufacturing sectors and types of inventories.

First, we follow Ganapati and Wong (2023) and build a measure of the distance traveled by

U.S. imports. The index in equation 1 combines information from the CEPII-BACI dataset on

the average distance between countries and monthly import data from the U.S. Census Bureau

by country of origin.

Dt =
∑
i

DiMit∑
i Mit

, (1)

where Dit is the distance between country i and the U.S. and Mit is U.S. manufacturing imports

from i at time t.

The drop in import travel distance is driven by the decrease in the use of Chinese inputs, as

shown in panel (a) in Figure 2. Here, we show monthly manufacturing imports over sales for
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Figure 2: Decline in manufacturing imports from China since 2018
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(a) Decline in the imports from China

.6

.8

1

1.2

1.4

In
de

x 
of

 im
po

rt 
ov

er
 s

al
es

 (t
re

nd
)

2014m1 2016m1 2018m1 2020m1 2022m1 2024m1

 China  Rest of World

(b) Imports from China and ROW over sales

the three main U.S. trade partners (China, Mexico, and Canada) and their HP-filtered trends.

The trend for the imports from China over sales declined from 8.9% in 2018 to 5.7% in 2024,

whereas the sum of the imports from Mexico and Canada steadily grew between 2014 and 2024.

Panel (b) compares the growth of the imports from China over sales to the imports from the

rest of the world (ROW). Around 2018, we observe a trend reversal on Chinese imports while

imports from the ROW remain on trend. We interpret this as a consequence of substitution

away from Chinese imported inputs. Both of these trends are consistent across NAICS three-

digit manufacturing sectors, as shown in Appendix A. The decline in imports from China

follows the tariff hikes imposed by the U.S. government, which started in 2018. Using data

from the Peterson Institute for International Economics (PIIE), Panel (a) in Figure 3 shows

the increase in U.S. tariffs to China from 2018 to 2020, while tariffs to the ROW remained

relatively constant. Further, Panel (b) shows that the majority of products imported from

China were affected, and by 2020 around 65% of imports from China faced an increase in

tariff. Following Amiti et al. (2020), we compute the average tariff change for imports from

China using tariff data from the U.S. International Trade Commission (USITC) and U.S. Trade

Representative (USTR), and import flows from the U.S. Census Bureau as follows

∆τ =

∑
i ∆τi,2020−2017Mi,2017∑

i Mi, 2017
, (2)

with ∆τ is the weighted average change in tariff between 2017 and 2020, and Mi,2017 is the U.S.

product i import value from China in January 2017. Table 1 shows the tariff-weighted average

increase for imports from China of 15 percentage points.

Table 1: Increase in U.S. tariffs for imports from China

Tariff Rate Weighted Average Average

2017m1 2.99% 4.82%
2020m1 18.05% 24.49%
∆ (2017m1-2020m1) 15.05% 19.66%

As the distance imports travel declines, we expect the mean of the delivery times of inputs
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Figure 3: Rise in U.S. tariffs on imports from China
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(b) Affects the majority of products imported
from China

Figure 4: Rise in manufacturing inventories to sales

.8

.9

1

1.1

1.2

In
pu

t i
nv

en
to

rie
s 

ov
er

 s
al

es

2014m1 2016m1 2018m1 2020m1 2022m1 2024m1

(a) Rise in input inventories over sales

.4

.5

.6

.7

In
ve

nt
or

ie
s 

ov
er

 s
al

es

2014m1 2016m1 2018m1 2020m1 2022m1 2024m1

 Finished goods  Work in process  Materials

(b) Rise across types of inventories

for U.S. firms to decrease. If firms hold inventories to ensure smooth production operations,

we should also expect lower inventory stocks since their inputs are more readily available.

However, we observe an increase in the U.S. manufacturing inventories over sales from 2018 to

2024. Figure 4 shows the rise in input inventories over sales, measured as the sum of material

and supplies and work-in-process inventories, reported by the U.S. Census Bureau. In 2018,

the average firm carried around 26 days of sales as input inventories, and by 2024, they carry

an additional 3 days of sales in input inventories. Panel (b) shows the rise across the three

types of inventories: finished goods, materials and supplies, and work-in-process inventories.

The sharpest rise occurs in the materials and supplies inventories and then in work-in-process

inventories. Finished good inventories remain relatively constant, yet neither shows the decrease

expected given the decrease in the mean of delivery times. The rise in inventories in this period

is observed across NAICS three-digit manufacturing sectors, as shown in Appendix A.

These seemingly conflicting observations can be reconciled by rising delays and disruptions in

supply chains. To investigate this hypothesis, we present two measures that show evidence

of the supply chains pressure firms faced during and after Covid-19. The first measure is the

Global Supply Chain Pressure Index (GSCPI) reported by the Federal Reserve Bank of New

York, shown in Panel (a) in Figure 5. The GSCPI aims to provide evidence of supply pressures
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Figure 5: Rise in disruptions and lead times
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(a) Global Supply Chain Pressure Index
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(b) Rise in the lead times reported by the ISM

faced by U.S. firms, and shows an increase starting in 2019, which is reabsorbed by 2023.

Importantly, this does not imply that the pressures firms face are back to their 2018 level. The

index uses data on transportation costs and supply-chain components. They combine data on

the cost of container shipping and the charter market, reported by the Baltic Dry Index (BDI)

and the Harper Index, and air freight rates reported by the Bureau of Labor Statistics, which is

37% higher in 2024 than in 2018. Appendix A shows the data on transportation costs. The data

on supply-chain components, provided by the Institute of Supply Management (ISM) Purchase

Manager Index (PMI), reports diffusion indices on new orders, production, employment, and

deliveries of manufacturing firms. Diffusion indices measure changes in the extensive margin,

the number of firms that report an increase or decrease, but not the change in the intensive

margin. As a consequence, they do not reflect the changes in the level of pressures or disruptions

firms face. Thus, we cannot use the GSCPI to measure and quantify the volatility firms face,

nor are we able to compare the environments across time.

Next, the ISM has private data on average lead times for inputs for manufacturing firms,

which have been consistently rising since 2020. The lead times are computed by measuring

the number of firms that report their lead time in different bins of time, for 5, 30, 60, 90, 180,

or 365 days or more. Panel (b) of Figure 5 shows the index of the growth of lead times for

three types of inputs, capital expenditures, maintenance, repair and supplies, and production

materials. After 2022, lead times decreased or remain constant, yet the level is still higher

than the pre-Covid 2018 levels. As the mean of delivery times decline, given the drop in the

distance imports travel, the rise in lead times shows evidence of a rise in delays. However, this

observational data naturally includes any optimal rerouting by firms as a consequence of rising

delays. Therefore, we cannot use these lead times directly as the shock. In what follows, we

use our model to back out the rise in delays accounting for the optimal choices of firms. We do

so only using the model and public data on U.S. manufacturing inventories and compare our

measure to the ISM data. Further, the model will allow us to isolate and quantify the costs

associated with the rise in delays and tariffs.
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3 Model

We present a model with stochastic delivery times for inputs and demand volatility to measure

the rise in delays and quantify their cost in terms of output, prices, and sourcing choices.

Following the framework in Carreras-Valle (2024), we introduce a model where firms use three

different inputs to produce a final good. They require a domestic input, a foreign input sourced

from a faraway trade partner, which represents trade with China, and a foreign input from

a close trade partner, which stands for trade with the rest of the world (ROW). We assume

domestic inputs are delivered within the period, while both foreign inputs face pair-specific and

stochastic delivery times. Firms are able to stock inventories of foreign inputs to insure against

demand and delivery time shocks.

3.1 Environment

Time is discrete and indexed by t ∈ {0, 1, 2, ...,∞}. The partial equilibrium economy is com-

posed of a unit continuum of monopolistically competitive final good producers, a unit contin-

uum of firms that produce a domestic input, two foreign inputs, and a domestic representative

consumer. Uncertainty in the model is given by firm-specific, independent, and identically dis-

tributed (iid) demand shocks that each firm faces from the consumer and delivery time shocks

for each of the foreign inputs.

Final good firms. The unit continuum of final good firms, j ∈ [0, 1], behave monopolistically

and produce a unique variety of the final good, yj. Final good firms maximize profits subject to

six constraints. First, each firm faces the demand from the representative consumer, which is

a function of the per-period iid firm-specific demand shock, νj, total production, Y , and price

index, P .

yj(pj) = νj Y (P/pj)
ϵ where νj ∼iid G (µν , σν) (3)

Second, a firm’s technology combines the domestic input, xd
j , a foreign input sourced from a

close trade partner, xc
j, and foreign input sourced from a far trade partner, xf

j , to produce the

final good. I assume the inputs are combined using a constant elasticity of substitution (CES),

with elasticity σ. Within the CES aggregator, close foreign inputs are weighted using θc and the

far foreign inputs using θf . This allows the model to match the initial level of inputs observed

in the data.

yj =
(
θc

1
σ x

c σ−1
σ

j + θf
1
σ x

f σ−1
σ

j + (1− θc − θf )
1
σ x

d σ−1
σ

j

) σ
σ−1

(4)

Third, the close and far foreign inputs, i = {c, f}, face stochastic delivery times. Only a fraction

λi
j of the order of the inputs, n

i
j, is available for them to produce that period. Thus, inputs used

to produce, xi
j, are constrained to be less than or equal to the initial level of inventories, sij, and

the fraction λi
j of the order that arrives before production takes place. Each delivery time shock,

λi
j, is drawn from the input-specific distribution F i(·). Equation (5) summarizes the third and

fourth constraint the final good firm faces. Fourth, firms are able to store inventories of each
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Figure 6: Timing – firms order inputs before shocks are realized
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foreign input, which depreciate at rate δ. Equation 6 shows the law of motion of inventories, in

which inventories tomorrow, s′ij , are equal to the inputs left after production, sij + λi
j n

i
j − xi

j,

plus the remaining order arriving next period, (1−λi
j)n

i
j, discounted at rate (1−δ). We assume

that, on average, the close foreign input face shorter delivery times than the far foreign input,

E(λc) > E(λf ). The domestic input, xd
j , can be delivered entirely within the period, so the

firm has no incentives to hold inventories for this input.

xi
j ≤ sij + λi

j n
i
j where λi

j ∼iid F i(µi
λ, σ

i
λ) (5)

s′ij = (sij + ni
j − xi

j)(1 − δ) for i = {c, f} (6)

Last, Figure 6 shows the timing constraint firms face. Firms must decide how much of each

of the foreign inputs to order before the demand and delivery time shocks are realized for the

period. Firms place their orders according to their initial level of inventories and expected

shocks. After the firm-specific demand and delivery time shocks are realized, {ν, λc, λf}, the
fraction, λc, λf , of the orders arrive and can be used for production. Then, firms decide on

the amount of each of the inputs, xd, xc, xf , which they can use to produce and set the price,

p. These choices, together with the law of motion of inventories, define the inventories for

tomorrow. The rest of the order arrives at the beginning of the following period and is added

to the inventory stock s′i.

The recursive problem for the final good producer is given by two Bellman equations, which

correspond to the choices made within the timing constraint. For clarity, I drop the subscript

denoting the specific firm in the unit continuum, j. The value function, V (sc, sf ), defines

the optimal order of inputs, given the initial inventories of each input. Then, after shocks are

realized and given the order of inputs, firms decide on the amount of inputs and labor to use in

production, and set prices. This problem is described by the value function Ṽ (sc, sf , nc, nf , η),

where firms maximize present and future profits subject to 6 constraints: the demand from
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the consumer (equation 3), the production function (equation 4), the two constraints for the

two foreign inputs (equation 5), and the law of motion for the close and far input inventories

(equation 6).

V (sc, sf ) = max
{nc,nf}

Eη

[
Ṽ (sc, sf , nc, nf , η)

]
where η = (ν, λc, λf )

Ṽ (sc, sf , nc, nf , η) = max
{p,xd,xc,xf ,s′c,s′f}

p y(p)− pd xd − pc nc − pf nf + β V (s′c, s′f )

Firms behave monopolistically by setting prices. If a firm is unconstrained in the amount

of inventories it needs to meet the demand, then the price it sets is equal to a markup over

the cost-minimizing marginal cost. If the firm is constrained by the available input quantity,

it distorts its optimal price by changing the input mix. The binding constraint forces the

firm to a suboptimal pricing strategy. As a consequence of the risk of foregone profits, the

interaction between positive delivery times and demand shocks creates incentives for firms to

hold inventories. Since firms have to wait for their inputs to arrive, while their demand changes

every period, they need to store some of these inputs as inventories to ensure they will be able to

meet their demand. Additionally, firms hold inventories because delivery times are stochastic,

and firms do not have certainty regarding when they will arrive. On the other hand, inventories

are costly; they depreciate at a rate δ and firms face a discount rate β. The cost of holding

inventories creates a trade-off between the relative price and delivery times across inputs.

Partial equilibrium. We assume there is a unit continuum of the input producers that

produce each variety, j. We abstract from modeling the problem of the inputs firms, and take

as given the input prices. This is equivalent to assuming a constant return to scale technology

for the input firms, where xi
j = Aiℓij and thus pi = wi/Ai for i ∈ {d, c, f}. All firms along the

continuum have access to the same technology and do not face any shocks, so there is a unique

price for the unit continuum of the inputs, pd, pc, pf .

3.2 Discussion of the mechanism of the model

Tradeoff between price and delivery times. When selecting a production input bundle,

firms consider not only the relative prices of inputs but also their inventory costs. The amount

of inventory needed for each input depends on their delivery time distribution. Sourcing inputs

with long delivery times means the firm receives only a small portion of the order placed

today. To consistently meet demand, firms must maintain larger inventories of these inputs.

Furthermore, if an input faces volatile delivery times, where the share of the input order that

arrives today is uncertain, firms hold additional inventory of the input. Hence, inputs that face

longer and more volatile delivery times are optimally more inventory-intensive.
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Change in the price of an input. As the price of an input rises, under our CES technology

assumption, firms substitute away from that input and towards the remaining two inputs. If

the price of an inventory-intensive input increases, then the total inventory stock decreases.

Firms turn to inputs with shorter or less volatile delivery times that require less inventory.

With rising tariffs on inputs from China, U.S. firms are shifting away from these inputs and

increasing their reliance on domestic and the rest of the world inputs, which offer shorter and

more stable delivery times. Consequently, total inventory holdings decrease.

Change in the volatility of delivery times. Firms’ incentives to store inventories are

driven by not only the mean but also the variance of the distribution of delivery times. An

increase in the standard deviation of delivery times, raises the value of holding an additional

unit of inventories. Thus, inputs facing longer and more frequent delays have higher inventory

costs. However, the effect of a change in the volatility of delivery times on inventories is a

priori ambiguous. On the one hand, as the firm substitutes away from that input, it needs to

hold less of those inputs as inventories. On the other hand, higher delivery times increase the

amount of inventories per utilized input unit the firm needs to hold.

As a consequence, the net change in total inventories depends on how easily inputs can be

substituted and whether firms are moving toward more or less inventory-intensive options. As

the delay increases, inventory requirements for the affected input are influenced by two opposing

forces: firms need to stock more per unit used, but as they substitute away from this input,

they require less inventories.

We use the model to examine the rise in delivery time volatility for both inputs that carry

inventories. Recent global events have intensified delays faced by these inputs. We have seen

an increase in supply disruptions due to factors such as COVID-19, port congestion, shortages

of essential components, repeated blockages of key ocean trade routes, and escalating political

conflicts. In the quantitative section, we show that the rise in delivery time volatility for the

two foreign inputs increases total inventories.

4 Quantification

To measure and study the costs of the rise in delays in the aggregate economy, in this section we

describe how we choose the parameters for our quantitative analysis. We start by calibrating

the model to match moments of the U.S. manufacturing sector in 2018. Then, we use data on

the actual tariff change, the decline in the imports from China, and the rise in input inventories

to calibrate the trade war with China that started in 2018, and the rise in delivery delays for

inputs.
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4.1 Estimating the delivery time distributions

Delivery times for each of the foreign inputs in the model are determined by the stochastic

parameter λ. Equation (7) shows the relationship between the delivery days observed in the

data and λ. We assume λ represents the proportion of days within a period the firm is able

to use the order to produce. Thus, given the number of days in a period, T, λ equals the

proportion of days of the period the firm has the input in its warehouse and can use it to

produce, 1− delivery days/T.1 An alternative interpretation is that there is a continuum of

firms ordering throughout the period. In which case, λ represents the share of firms for which

the order arrives before the period ends, and they are able to use the inputs to produce.

λi
j = max(0, 1− delivery daysij/T ) for i = c, f and firm j (7)

The delivery daysij for the inputs from China, xf , and ROW, xc, are drawn from two different

distributions, daysfj ∼ Gf (µf , σf ) and dayscj ∼ Gc(µc, σc). We assume each distribution is log-

normal, and estimate the geometric mean to be equal to the mean of delivery days in the data.

Further, we calculate the geometric standard deviation such that 2/3 of the distribution lies

within the observed delays. In this case, delays can be either early or late deliveries relative to

the expected delivery date.

To estimate the delivery day distribution for the inputs from China, we use data on ocean

transportation times. Around 80% of total imports that arrive from China use ocean trans-

portation, which takes on average 30 days to arrive to the U.S., according to the logistics

company Freightos. The expected delays reported by Sea Intelligence, defined as days before or

after the expected delivery, are approximately 10 days. Thus, the geometric mean, µf , equals

30, and the standard deviation equals σf =
µf+10

µf
= 4/3.

To estimate the parameters of the distribution of delivery days for the ROW imports, we

compare the distance traveled by imports from China to the import weighted distance of imports

from ROW. According to the population-weighted distance reported by CEPII, imports from

China travel 11, 613 km. We measure the import weighted distance traveled by ROW in 2018,

D =
∑

i
DiMi,2018∑

j Mj,2018
, where Di is the distance traveled by imports Mi from country i, and we

sum over all imports except China. The distance traveled by ROW is equal to 0.65 of the

kilometers traveled by imports from China in 2018. Then, we define the average delivery

days of ROW to be proportional to the days from China, and the geometric mean is equal to

µc = (30)(0.65) = 19.5. Similarly, the delays would be equal to a fraction 0.65 of the 10 day

delay observed in the trade route between the U.S. and China. Thus, the geometric standard

deviation is the same across foreign inputs, and equals σc =
µc+6.5

µc
= 4/3.

1If the delivery time is longer than the length of the period, then λ is capped at a one-period delay, as
common in the literature.
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4.2 Assigned parameters

Panel C in Table 2 summarizes the parameters that we take from the literature. A period is

equal to a quarter, T = 90 days. The discount factor is set to β = 0.961/4, which corresponds to

a 4% annual interest rate. The depreciation rate for inventories, δ, equals 7.5%, which implies

a 30% annual rate following the work by Richardson (1995). In line with the literature, we set

the elasticity of demand for a firm’s variety of the final good, ϵ, equal to 4 to generate markups

of 1.33.

4.3 Jointly determined parameters

The remaining parameters are jointly determined to match four moments from the data. First,

from the firm’s technology in equation (4), we set the weight of inputs from China, θf , and the

weight of inputs from ROW, θc, to match the imports over sales from each input observed in the

data in 2018. Here, θf = 0.089 and θc = 0.444. Second, we assume the idiosyncratic per period

demand shocks the firms faces, ν, are drawn from an independent and identically distributed

log-normal distribution, where the standard deviation, σν , equals 0.638 to match the input

inventories over quarterly sales in 2018. We define input inventories as the sum of materials

and supplies plus the work-in-process inventories as defined by the U.S. Census Bureau.

Last, we calibrate the elasticity of substitution between inputs, σ, to match the decline in

imports from China over sales from 2018 to 2024. To do so, we first measure the import-

weighted rise in tariffs for imports from China, as in Amiti et al. (2020). Using tariff data from

the U.S. International Trade Commission (USITC) and the U.S. Trade Representative (USTR),

and trade volumes from the U.S. Census Bureau, the initial average weighted tariffs in 2018

were 3%, and had increased to 18% in 2024, shown in Table 1. Given the rise of 15 percentage

points in the net price of imports from China, we then calibrate the elasticity of substitution

required to match the 3.23 percentage point decline in imports from China over sales observed

from 2018 to 2024. The elasticity, σ, equals 4.51.
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Table 2: Parameters

Quarterly model, T = 90

Panel A. Calibrated parameters

Parameter Value Moment Model Data

Weight inputs China θf 0.089 inputs China / sales in 2018 8.89% 8.89%

Weight inputs ROW θc 0.444 inputs ROW / sales in 2018 27.75% 27.74%

Elasticity inputs σ 4.511 ∆18−23 inputs China / sales −3.24% −3.23%

Variance of demand σν 0.638 input inventory / sales in 2018 28.86% 28.86%

νj ∼ LN (0, σν)

Panel B. Estimated parameters

Parameter Value

Delivery times China λf daysf ∼ LN (30, 1.33)

Delivery times ROW λc daysc ∼ LN (19.5, 1.33)

λ = max( 0, 1− days/T )

Tariffs on China ∆τ τ17 = 3.0% and τ24 = 18.1%, then ∆17−24 τ = 15.1%

Panel C. Predetermined parameters

Parameter Value Comment

Elasticity of sub. y ϵ 4.0 Markups = 4/3

Interest rate β 0.961/4 4% annual interest rate

Depreciation rate δ 0.075 30% annual rate (inventory holding costs)

5 Quantitative results

In this section, we describe how we quantify the costs of the rise in volatility in terms of the rise

in delays for inputs. Further, we measure the cost of delays in terms of the change in output,

prices, and sourcing choices. To do so, first, we calibrate the rise in delivery delays to match the

observed rise in input inventories over sales. Then, to distinguish the cost of delays from the

cost of the rise in tariffs, we compare the stationary distribution for different counterfactuals.

Last, we show the tariff equivalent measure of a 10-day rise in delays.

5.1 Quantifying the rise in delays

To quantify the rise in delays, we internally calibrate the change in the relative price of inputs

from China and the standard deviation of the delivery times for foreign inputs from China

and ROW. We do so by matching the decline in the manufacturing imports from China over

sales and the rise in input inventories over quarterly sales observed in the data. We start by

computing the steady state in 2024. To do so, we rely on the initial calibration strategy where

the elasticity of substitution, σ, is calibrated to match the decline in imports from China over

sales observed in 2024, given the rise in tariffs of 15 percentage points. Then, we calibrate the

change in the delays, ∆delays, to match the input inventory data in 2024. To do so, we adjust

14



the geometric standard deviation of the delivery days of both the inputs from China and ROW

as follows. We find that a rise in delays of an additional 21.25 days matches the 2024 inventory

data.

σc =
µc + 6.5 + ∆delays

µc

σf =
µf + 10.0 + ∆delays

µf

(8)

Next, we obtain the calibrated change in delays, ∆delayst, and the price of the input from

China, τpft , for each quarter from 2018 to 2024. They are calibrated to match HP filtered trend

of the manufacturing imports from China over sales and the inputs inventories over sales in

every period, as shown in panels (c) and (d) in Figure 7. To do so, we use backward induction

under the assumption of perfect foresight along the transition. Panel (a) shows the rise in the

price of inputs from China for each quarter, and panel (b) shows the rise in delivery delays.

The rise in delays has an initial peak of 21.4 days in the second quarter of 2020, following the

rise in the inventory data. Then, delays decline to around an additional 16 days during the

first quarter in 2022, but they increase again to 21.2 days in 2024. Delays remain high in 2024

because as imports from China decline, delays need to continue to rise to match the rise in

inventories.

Figure 7: Rise in delays

(a) Rise in tariffs for imports from China (b) Rise in delivery delays for imported inputs

(c) Match inputs from China over sales (d) Match the increase in input inventory over sales
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5.2 Comparing the model delivery days to the data.

We compare our model measure of delivery times to the data on lead times reported by the

ISM. To do so, we replicate the ISM survey procedure in our model. The ISM lead times are

computed by measuring the number of firms that report their lead time in different bins of

time, for 5, 30, 60, 90, 180, or 365 days or more. We take a large number of draws of each of

the domestic and foreign distributions and compute the mean days for each trade flow. The

mean of the days follows the ISM methodology, where we categorize each draw in a bin, and

then take the average across bins. Then, we aggregate them using the share of inputs from

China and ROW over total imports.

daysmodel
t =

importsct
total importst

∑
j binj

∑N
i∈binj days

c
i

N
+

importsft
total importst

∑
j binj

∑N
i∈binj days

f
i

N
(9)

where daysci and daysfi are draws from the estimated log-normal delivery time distributions,

and binj is the days in a given bin defined by ISM. Figure 8 shows the model comparison to

the two ISM series for maintenance, repair, and operating supplies (MRO), and production

materials. Panel (a) shows the model delivery days computed using Equation (9) and the lead

times reported for MRO supplies and Production Materials. The model-based initial delivery

times for foreign imports equal 34 days, which is similar to the days reported for MRO supplies

in 2018. The model-based days grow faster than the ISM days at the beginning, but the total

growth from 2018 to 2024 equals 11 days for both the model and MRO days.2 The lead times

for Production Materials start at 49 days in 2018 and grow by 14 days. While the level is off

by 7 days with respect to the Production Materials, the growth in both series equals 13 days

and 11 days, respectively. Panel (b) shows the growth of the Production Materials lead times

and our model-based measure of days.

5.3 Cost of the rise in tariffs and delays

In our model, the combination of the rise in a 21-day delay and an increase in tariffs for

inputs from China of 15pp leads to a drop in output of 7.3% and an increase in prices of 1.8%.

Inventories are influenced by two opposing factors. On one hand, the increase in tariffs prompts

firms to shift away from Chinese inputs, which have the longest delivery times, reducing the need

for inventories. On the other hand, as delays grow, firms are compelled to hold more inventories

per unit used. Given our calibration strategy, where we match the rise in inventories, the impact

of delays will outweigh the substitution effect, resulting in an 11% increase in total inventories

relative to sales. Isolating the effects of delays, we show that output drops by 2.6% and the

2A simple explanation for the different dynamics in the model and the data is that we do not include any
aggregate change in demand. As a consequence, the increase in inventories partly driven by changes in aggregate
demand during the Covid pandemic is loaded on delays in the model. As changes in demand subside, the model
correctly captures the rise in delays that explains the new level of inventory-to-sales ratio.
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Figure 8: Comparing our measure on delivery days to ISM

(a) Model, MRO, and Production Material (b) Growth of model and production materials

final good prices increase by 0.4%. In this case, inventories rise 17%.

To disentangle the cost of the rise in tariffs from the cost of the rise in delays, we compare

the moments of the stationary distributions of different economies, shown in Table 3. The first

column shows the benchmark economy, obtained by matching the moments of U.S. manufac-

turing in 2018. Here, we compute the equilibrium using the low tariffs observed in 2018 and

no change in delays. The second column isolates the role of the trade war. We consider the

steady state, where delays remain at the initial level, but firms face the increase in tariffs of

15pp (tariffs). The third column outlines the moments of an economy in which delays increase

by 21 days, but tariffs remain at their 2018 level (delays). The last column shows the effect of

both the tariff increase and the rise in delays that match the moments of the 2024 economy.

The last three columns of Table 3 show the comparison across different economies. Column

5 shows the impact of the increase in tariffs through the change between columns 2 and 1.

Column 6 quantifies the cost of delays by showing the change between columns 3 and 1. Last,

column 7 shows the change in the U.S. economy between 2024 and 2018. Appendix B shows

the same exercise computed for the average increase in tariffs of 19.7 percentage point increase

(see Table 1), where results remain similar. We discuss each counterfactual in turn.

Cost of the rise in tariffs. Column 5 of Table 3 isolates the cost of the rise in tariffs, where

output declines 5.1% and the final good prices increase 1.4%. As the tariffs imposed in imports

from China increase, firms substitute away from these inputs and towards ROW and domestic

inputs, which grow 5.2% and 4.9% respectively. The higher cost of input bundle raises the

final price, and output declines in response. As firms use less of the input from China, the

inventories for these inputs decrease by 35%, yet as firms increase the use of ROW inputs, they

increase their stock of this type of inventories by 5.2%. As firms substitute towards domestic

and ROW inputs, which are more readily available and require fewer inventories per unit used,

the total inventories over sales drop 5.7%. As expected, when firms reduce their dependence

on imports from far away sources, inventories decrease in response.

Cost of the rise in delays. A 21-day delay leads to an output decline of 2.6%, and the final
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Table 3: Quantify costs of tariffs and delays

(1) (2) (3) (4) (5) (6) (7)
2018 Tariffs Delays 2024 Tariffs vs Delays vs 2024 vs

Benchmark ↑ τ c ↑ delay ↑ τ c + delay 2018 2018 2018

Tariff τ cpc = 0.87 τ cpc = 1.0 τ cpc = 0.87 τ cpc = 1.0
Change delays ∆ delay = 0 ∆ delay = 0 ∆ delay = 21 ∆ delay = 21
Output 0.915 0.868 0.891 0.848 -5.1% -2.6% -7.3%
Prices 1.350 1.368 1.355 1.374 1.4% 0.4% 1.8%
Inputs China/sales 0.089 0.057 0.087 0.057 -35.4% -1.9% -36.1%
Inventories China/sales 0.078 0.051 0.090 0.060 -34.9% 14.6% -23.2%
Inputs ROW/sales 0.278 0.292 0.272 0.286 5.2% -2.1% 3.0%
Inventories ROW/sales 0.21 0.221 0.248 0.261 5.2% 18.0% 24.0%
Inputs domestic/sales 0.368 0.386 0.376 0.393 4.9% 2.0% 6.7%
Inventories/sales 0.289 0.272 0.338 0.321 -5.7% 17.1% 11.2%

Columns 1 to 4 in the table report the average of the stationary distribution for different variables. Column one represents the benchmark economy
of 2018 with the low initial tariffs and no additional delays. Column two isolates the effects of tariffs, and computes the steady state average of
an economy with the raise in tariffs and low delays. Column three shows an economy with high delays and the initially low tariffs. Then, column
four shows an economy with both the rise in tariffs and delays. The last three columns compares the economies relatively to the benchmark 2018
economy to show the effects of tariffs, in column 5, the effect of delays, column 6, and both changes in column 7.

good price increases 0.4%, as shown in column 6. As the standard deviation of the delivery times

increases, the added uncertainty in the share of the order they can access before production

increases the firm’s incentives to hold additional inventories per unit of input used. Inventories

are costly, which increases the price. Further, the rise in volatility increases the share of firms

that are constrained at a given period, which forces the firm to suboptimally increase their

reliance on the more expensive domestic inputs, which also raises their price and lowers output.

These results are comparable to Alessandria et al. (2023b) who report a 3% drop in output

and a 2% increase in final prices due to delays. As the delays for foreign inputs increases,

firms substitute away from inputs from China and ROW (−1.9% and −2.1% respectively), and

towards domestic inputs. Even though firms are using less of the foreign inputs, inventories for

each of these inputs increase, as the delays raise the need for inventories per unit used. Thus,

total inventories increase by 17.1%.

Cost of both the rise in tariffs and delays. The output costs considering both the increase

in tariffs and delays equals 7.3%, and the final good prices rise 1.8% from 2018 to 2024. In

this case, the combined effect of increased tariffs and delays drives up the final price, causing

a sharper drop in output. Inputs from China observe a steep decline because of the direct

increase in their price and their more volatile delivery times. Yet, their inventory holdings

face opposing forces. As firms substitute away from these inputs, they carry fewer inventories,

but the increase in delays raises the need for inventories per unit used. Quantitatively, the

substitution effect is stronger, and inventories of inputs from China decline by 23%. Inputs

from ROW increase by 3%, since the effect of firms substituting towards these inputs is larger

than the drop of the inputs due to the rise in delays. Thus, inventories over sales of ROW

inputs increase by 24%, since firms use more of these inputs and have to carry more inventories

per unit used. The increase in ROW inventories mitigates the fall of the inventories from inputs

from China, and total inventories increase by 11%.
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6 Conclusions

In this paper, we study the effect of rising delays in supply chains and their economic cost.

We use a model of international sourcing matched to import flows and the stock of invento-

ries over time. Accounting for the U.S.-China trade war that started in 2018, we estimate a

rise of 21 days in the average U.S. import shipping delay. The combination of rising tariffs

and delays induces an output loss of 7.3% and a price increase of 1.8%. We decompose these

into the part driven by the trade war (5.1% and 1.4%, respectively) and the contribution of

rising delivery delays (2.6% and 0.4%).
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Figure 9: Decline in imports from China across sectors
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(a) Decline in imports from China
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(b) Rise in imports from ROW

The figures show the HP filtered trends for both the imports from China over sales and the
imports from ROW over sales for the three digit NAICS industries. The solid line show the
quadratic fit across the industries.

Pisch, Frank, “Managing global production: Theory and evidence from just-in-time supply chains,” Work-

ing Paper, 2020.

Richardson, Helen, “Control your costs, then cut them,” Transportation and Distribution, 1995.

A Empirical Analysis

Here, we provide additional evidence for the two empirical observations motivating the paper.

First, we show that the decline in manufacturing imports from China and the rise in

manufacturing inventories over sales from 2018 to 2024 is present across the NAICS three

digit sectors. Then, we include information on the transportation costs for air and ocean

shipping that are used in creating the GSCPI. Here, we show the rise in transportation costs

that started in 2020, which remains high for 2024. Last, we show the increased observed in

the average lead times for capital expenditures, maintenance, repair, and operating supplies,

and for production materials.

In Figure 9 we show the decline in manufacturing imports from China and the rise in ROW

imports over sales across NAICS three digit sectors. The figures plot the HP filtered trends

for each sector in gray, and the solid lines represent the quadratic fit for each series. Further,

Figure 10 shows the decline in the total manufacturing imports over sales that starts in 2022.

Total imports decline due to the sharp decrease in imports from China, which is not

compensated by the growth in the ROW manufacturing imports after 2022. This trend is

observed across manufacturing sectors, as shown in Panel (b) in Figure 10. Next, Figure 12

shows the rise in manufacturing input inventories over sales across the NAICS three digits

sectors.

Figure 13 shows the rise in transportation costs in 2020 for ocean and air used to construct

the GSCPI. Panel (a) shows the Baltic Exchange Dry Index, which measures the cost of
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Figure 10: Decline in total imports over sales across sectors
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(a) Decline aggregate total imports over sales
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(b) Total imports over sales across sectors

Panel (a) shows the total monthly manufacturing imports over sales and the HP filtered
trend, which shows a decline starting in 2022. The decline is observed across sectors, a shown
in Panel (b). The figure plots the HP filtered trend for the total imports over sales for the
three digit NAICS industries and the solid line show the quadratic fit across the industries.

Figure 11: Rise in input inventories over sales across sectors
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Figure 12: Decline in imports from China

The figures show the HP filtered trend for the input inventories over sales across sectors and
the quadratic fit, which shows the rise across sectors.
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Figure 13: Increase in transportation costs

(a) Increase in ocean shipping rates
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(b) Increase in air freight rates

Panel (a) shows the Baltic Exchange Dry Index and the Harpex Index, which have a sharp
increase in 2020. Panel (b) shows the import air freight index, reported by the Bureau of
Labor Statistics, and its the HP filtered trend. All three indices show the increase in 2020.

shipping raw materials through a composite of dry bulk time charter costs, and the Harpex

Index, which measures worldwide price changes in the charter market for container ships.

Both of these indices show the rise in ocean transportation freight rates during 2020. Panel

(b) shows the rise in import air freight index reported by the Bureau of Labor Statistics,

which measures the change sin air rates for air transportation of freight to the U.S. There is

a sharp increase in air freight rates starts in 2020, and we see a decline in 2022, but by 2024

the level is far above the air freight cost rates of 2018.

Last, Figure 14 shows the average lead times reported by the ISM. The lead times are

computed by measuring the number of firms that report their lead time in different bins of

time: between 5, 30, 60, 90, 180, or 365 days or more. Lead times are reported for capital

expenditures, production materials, and maintenance, repair and operating (MRO) supplies.

Lead times across supplies increase sharply in 2020 and remains high for 2024.

B Robustness exercise

In this section, we include a robustness exercise to include a larger increase in tariffs, than

the 15 percentage points we use in the main text. Here, we use the average increase in tariffs

reported in Table 1 of 19 percentage point increase. The results hold across both exercises.

We first recalibrate the benchmark model to fit the larger raise in tariffs. The parameters we

obtain are summarized in Table 4. While we see small variations in the weight of the inputs

from China and ROW, and the variance of demand. The key change is observed in the

elasticity of inputs, σ, since it is calibrated to match the 3.23 percentage point decline in

imports from China over sales observed from 2018 to 2024, given the rise in tariffs of 19

percentage points. In this case, the elasticity of substitution equals 3.97, which is lower than
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Figure 14: Average lead times reported by the ISM
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(a) Average lead times in capital expenditures
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 Maintenance, Repair and Operating Supplies  Production Materials

(b) Production materials, and maintenance,
repair and operating supplies

Panel (a) shows the average lead times for capital expenditures reported by the ISM, and
panel (b) shows the times for production materials, and maintenance, repair and operating
(MRO) supplies. All series show the rise in lead times in 2020.

the 4.5 used before. The larger change in the price of inputs from China allows for a smaller

elasticity.

Table 4: Parameters

Quarterly model, T = 90

Panel A. Calibrated parameters

Parameter Value Moment Model Data

Weight inputs China θf 0.084 inputs China / sales in 2018 8.89% 8.89%

Weight inputs ROW θc 0.440 inputs ROW / sales in 2018 27.75% 27.74%

Elasticity inputs σ 3.97 ∆18−23 inputs China / sales −3.24% −3.23%

Variance of demand σν 0.623 input inventory / sales in 2018 28.86% 28.86%

νj ∼ LN (0, σν)

For this tariff change, we need a 30-day additional delay for the foreign inputs to match the

observed input inventory over sales. Delays rise since inputs are less substitutable, thus we

need a larger change in the standard deviation of delivery times to match the inventory data.

Table 5 shows the results across the different stationary distributions. The rise in a 30-day

delay and an increase in tariffs for inputs from China of 19 percentage point leads to a drop

in output of 8.5% and an increase in prices of 2.1%. Inventories are influenced by two

opposing factors. On one hand, the increase in tariffs prompts firms to shift away from

Chinese inputs, which have the longest delivery times, reducing the need for inventories. On

the other hand, as delays grow, firms are compelled to hold more inventories per unit used.

The impact of delays outweighs the substitution effect, resulting in an 11.2% increase in total

inventories relative to sales. Isolating the effects of delays, we show that output drops by

2.4% and the final good prices increase by 0.4%. In this case, inventories rise 17%.
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Table 5: Quantify costs of tariffs and delays with a 19 percentage point increase

(1) (2) (3) (4) (5) (6) (7)

2018 Tariffs Delays 2024 Tariffs vs Delays vs 2024 vs

Benchmark ↑ τ c ↑ delay ↑ τ c + delay 2018 2018 2018

Tariff τ cpc = 0.84 τ cpc = 1.0 τ cpc = 0.84 τ cpc = 1.0

Change delays ∆ delay = 0 ∆ delay = 0 ∆ delay = 30 ∆ delay = 30

Output 0.919 0.860 0.897 0.841 -6.5% -2.4% -8.5%

Prices 1.345 1.369 1.351 1.374 1.8% 0.4% 2.1%

Inputs China/sales 0.088 0.055 0.087 0.055 -37.3% -1.7% -37.5%

Inventories China/sales 0.079 0.050 0.089 0.059 -36.8% 13.6% -24.3%

Inputs ROW/sales 0.277 0.292 0.273 0.288 5.4% -1.6% 3.7%

Inventories ROW/sales 0.210 0.222 0.248 0.262 5.7% 18.3% 24.8%

Inputs domestic/sales 0.368 0.387 0.374 0.392 5.2% 1.6% 6.6%

Inventories/sales 0.288 0.271 0.337 0.321 -5.9% 17.0% 11.5%

Columns 1 to 4 in the table report the average of the stationary distribution for different variables. Column one represents the benchmark econ-

omy of 2018 with the low initial tariffs and no additional delays. Column two isolates the effects of tariffs, and computes the steady state average

of an economy with the raise in tariffs and low delays. Column three shows an economy with high delays and the initially low tariffs. Then, col-

umn four shows an economy with both the rise in tariffs and delays. The last three columns compares the economies relatively to the benchmark

2018 economy to show the effects of tariffs, in column 5, the effect of delays, column 6, and both changes in column 7.
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