














alternative model might consider linear pricing for foreign suppliers but nonlinear pricing

for domestic suppliers (or vice versa). This model would reduce the domestic supplier’s

markup and so the scope for the composite supplier’s markup to adjust following a foreign

cost shock. Introducing nonlinear pricing into the outsourced model would thus increase

pass-through, though not to as much as in the multinational case, as some parts would

still be priced linearly. Pass-through would fall between the two extreme cases of fully

in-house or outsourced production of all domestic and foreign parts. In future research,

we plan to examine the impact of nonlinear pricing on pass-through in vertically-separated

supply chains, as these would allow multiple layers of mark-ups to be contracted away and

so result in higher pass-through.

Third, we assume that retail automobile dealers have a constant mark-up and thus com-

plete pass-through, for simplicity. This lets us focus on the upstream strategic interactions

between TOPSs and OEM s and given the empirical patterns in the data, appears to be

a reasonable way to model the retailer’s pass-through behavior. In a regression analysis,

we cannot reject full pass-through of changes in wholesale prices to retail prices for almost

every model in our sample.

Fourth, our approach in the structural model is static. While estimating a fully dy-

namic model would be desirable, the complexity of our structural model does not allow us

to do so without simplifying aspects that we consider essential to our analysis, such as the

strategic interactions between TOPSs and OEM s and the flexibility of the demand system.

However, we believe that our focus on cross-border shocks allows us to abstract from dy-

namics without relinquishing our model’s realism and relevance. A primary source of cost

variation facing the auto industry and a focus of our analysis is the exchange rate, which

is highly persistent, a stylized fact which implies that the premise of static expectations

is not unreasonable here. As Goldberg and Hellerstein (2008) set out in more detail, if

the exchange rate is a primary (but not the only) source of cost variation and it is highly

persistent, our model provides a reasonable approximation to a dynamic setup.6 Dynamic

considerations may affect the analysis in several ways. First, to the extent that consumers

or firms hold inventories of autos, the demand- and supply-side parameter estimates ob-

6Goldberg and Hellerstein (2008) note that if the exchange rate were the only source of cost variation,
and exchange rate shocks were perceived as permanent, the static model would be equivalent to a dynamic
one up to a discount factor: firms would be maximizing the sum over the (discounted) profits of each period,
which in the absence of any cross-period price effects or inventories would be equivalent to maximizing
period-by-period profits.
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tained by the static approach may be biased.7 Second, dynamics may enter the analysis

through intertemporal effects on the demand side, stemming for example from habit forma-

tion.8 While we believe that such dynamics are potentially important, it is not feasible to

incorporate them into our current framework in a way that would allow us to estimate the

model. That said, our static approach is standard in the industrial organization literature

and has been used in many previous studies of the auto industry (e.g., Berry Levinsohn

and Pakes, 1995, Brambilla, 1997, Goldberg and Verboven, 2001, 2005, and Brenkers and

Verboven, 2006).

Finally, our model assumes no fixed costs of price adjustment. Given the high frequency

of price adjustment in this industry — prices adjust in almost every period in our data —

large costs of price adjustment seem unlikely to be a primary explanation for any incomplete

pass-through we observe. Goldberg and Hellerstein (2008) use a similar structural model

to identify fixed costs of repricing for the beer market. This market exhibits many periods

where prices do not adjust and so is a more appropriate case to assess the effects of fixed

costs of price adjustment.

The final step in setting out our conceptual framework is to explore possible alternative

explanations for our finding of higher pass-through by multinationals. We do this in the

next section after setting out the results from our industry regressions.

3 Vertical Integration and Pass-Through: Empirical Evidence

Roughly 40 percent of U.S. imports occur through intra-firm transactions, a fact first

established by Zeile (1997). In this section, we present evidence of a positive relationship

between (1.) an industry’s degree of vertical integration (share of multinational imports)

and its pass-through of exchange-rate-induced marginal-cost shocks to prices, and (2.) a

firm’s degree of vertical integration in the auto industry and its pass-through of foreign-cost

shocks to its intermediate inputs through to its models’ retail prices.

Exchange-rate pass-through is defined as the percent change in an industry’s prices for a

given percent change in its marginal costs caused by movements in the dollar. Estimating

exchange-rate pass-through is not a simple exercise. The sensitivity of import prices to

7On the demand side, Hendel and Nevo (2006a, 2006b) have shown that when consumers stockpile
in response to temporary price reductions, static demand estimates may overstate the long-run price
elasticities.

8The implications of such dynamics are explored in Slade (1998) and Ravn, Schmitt-Grohe and Uribe
(2007).

8



dollar movements may differ from a simple correlation between the two variables due to

independent activity in the production or demand sectors. To estimate pass-through, one

must control for other forces that affect firms’ choices of import prices, such as demand

conditions in the importing country.

We use a standard workhorse model to estimate exchange-rate pass-through elastici-

ties across industries and for individual automakers and models. This section describes the

specification used to estimate the industry-level pass-through coefficients. Similar specifica-

tions are used in Feenstra (1989), Goldberg and Knetter (1997), and Campa and Goldberg

(2005). Our pricing equation is

pt = α+
4X

i=0

βiet−iwt−i + γYt + εt

where pt is an industry-specific index of U.S. import prices at time t, α is a constant, et−i is

the import-weighted nominal exchange rate at time t minus i, wt−j is a measure of import-

weighted marginal costs at time t minus j, Yt is a control for demand shifts that may affect

import prices independently of the exchange rate at time t, and εt is a stochastic error term

that is normally distributed. Each of the variables is in percentage-change terms.

Exchange-rate pass-through is defined as the sum of the coefficients on the nominal

import-weighted exchange rate e interacted with the marginal-cost term w at time t plus

four lagged periods. Changes in the demand for imports that reflect variation in consumer

tastes or income rather than in the dollar’s value are controlled for by including U.S.

domestic demand in each regression.

The dependent variable in the regression is the quarterly industry import-price index

for each NAICS 3-digit manufacturing industry from 1985 to 2004. The industry exchange

rate is the import-weighted exchange rate for each industry with weights derived from

the average share of each country’s imports in the industry’s total imports from 1987 to

2004. Foreign production costs proxy for marginal-cost shocks other than exchange-rate

fluctuations that may affect import prices. An import-weighted foreign consumer price

index (CPI ) proxies for foreign production costs w, with the same weights as those for

the exchange rate. Although foreign producer prices (PPI s) would be a better measure of

foreign-cost shocks than are consumer prices, CPI s usually track changes in PPI s fairly

well, and CPI s are available over more countries and years. We use this pass-through

specification with the marginal-cost and exchange-rate variables interacted to be consis-

9



tent with the set-up of the structural model, which focuses on marginal-cost shocks. In

robustness checks, we generally cannot reject that the coefficients on the marginal-cost

and exchange-rates variables are identical. U.S. domestic demand is defined as U.S. total

domestic output (GDP) minus exports (demand from outside the U.S.) plus imports (U.S.

demand not satisfied by domestic output) and comes from the U.S. Bureau of Economic

Analysis. The exchange rate and CPI data come from IMF’s International Financial Sta-

tistics. The trade data come from the U.S. International Trade Commission and the U.S.

Bureau of Economic Analysis and the industry import-price indexes from the U.S. Bureau

of Labor Statistics.

Following Antras (2003), we exclude from our analysis industries in which one country

has a predominant share of U.S. imports, as in those cases it is difficult to distinguish

between the effects of national origin and those of contractual form for any observed dif-

ferences in pass-through. We exclude two 3-digit NAICS manufacturing industries, Wood

Products and Paper Products (NAICS 321 and 322, respectively) because they each source

70-75 percent of their imports from one country, Canada.
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Figure 1: Industries with high intra-firm trade exhibit high exchange-rate pass-through.
Source: U.S. Bureau of Labor Statistics and Authors’ calculations.

Table 1 reports the regression results by industry. Pass-through varies significantly
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across industries, from statistically indistinguishable from zero for Food and Beverages and

Leather Goods to over 50 percent for Primary and Fabricated Metals, Industrial Machinery,

and Electrical Equipment. It averages 35 percent across industries with a standard deviation

of 20 percent. Figure 1 illustrates the positive relationship between an industry’s share of

intra-firm imports on the x-axis and its pass-through elasticity on the y-axis. The industry

shares of intra-firm imports are for the year 2000 and come from Table 2 of Bernard, Jensen,

Redding, and Schott (2008). The relationship between the two variables is clearly positive

as illustrated by the upward-sloping linear trend line.

Table 2 reports the results from regressing the industry pass-through coefficients on the

industry shares of intra-firm imports. The coefficients have a natural interpretation: A

10-percent increase in an industry’s share of intra-firm imports is associated with a roughly

6-percent increase in its pass-through to import prices.9 The R2 for the regression is 0.33,

which implies a reasonable fit, particularly given our limited observations.

3.1 Alternative Explanations from Prior Theoretical and Empirical Work

Is this pattern explained by omitted factors? Factors that cause or are correlated with

intra-firm trade may independently cause higher pass-through by multinationals and so

provide possible alternative explanations for our results. There is a growing theoretical

and empirical literature on the determinants of intra-firm trade. We derive several testable

hypotheses for alternative explanations from this literature.

Capital intensity. Antras (2003), Yeaple (2006), Bernard et al (2008), and Nunn and

Trefler (2008) find that an industry’s share of intra-firm imports has a positive relationship

to its physical capital intensity. If greater capital intensity is associated with greater market

power, industries with greater capital intensity may have more ability to pass-through cost

shocks. To test this hypothesis, we include in our regression the same measure of industry-

level capital intensity as in Antras (2003). This is the industry’s capital stock and comes

from the NBER-CES Manufacturing Industry Database for 1996. Table 2 shows that the

relationship between an industry’s pass-through and its average intra-firm share is robust

to controlling for its capital intensity. The coefficient on the intra-firm share variable does

not change significantly with the addition of this extra variable, and the coefficient on the

9We also consider industry regressions with different exchange rates in sensitivity checks reported in
Appendix A.
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capital-intensity variable is not significant.

Product differentiation One may also expect firms in industries with more differen-

tiated products to exhibit higher pass-through as they have greater market power afforded

by their more specialized products and so more ability to pass-through marginal-cost shocks

to prices. If industries with significant intra-firm trade produce more differentiated prod-

ucts, this omitted variable may explain the relationship between pass-through and intra-

firm trade. Along the same lines, Bernard et al (2008) find a positive relationship between

an industry’s skill intensity and its intra-firm trade shares. One would expect more skill-

intensive industries to produce more differentiated products and so potentially to exhibit

higher pass-through. To test this hypothesis, we define an industry’s degree of differentia-

tion as its import-weighted share of differentiated products, where differentiated products

are identified by the Rauch classification. As reported in Table 2, we find that this variable

is not significant in the regression and has no effect on the coefficient on the intra-firm-share

variable. This result is robust to using Rauch’s conservative or liberal definition of product

differentiation.

Market share of foreign producers A third testable alternative explanation comes

from the pass-through literature. One may expect foreign producers with a larger share

of the domestic market to have greater market power and therefore more ability to pass-

through marginal-cost shocks to prices, a relationship explored by Feenstra, Gagnon, and

Knetter (1996). If industries with high shares of intra-firm trade also have substantial

market share held by foreign producers, the latter may be an omitted variable that explains

the relationship between pass-through and intra-firm trade. Therefore, we examine whether

our results can be explained by the average market share of foreign relative to domestic

producers over the sample period. The market share of foreign producers is the mean share

of imports in the domestic market (comprised of imports+domestic shipments) from 1987

to 2004. As we report in Table 2, we find that this variable is not significant and that

controlling for it has little effect on the coefficient on the intra-firm-share variable.

To summarize, we identify a positive relationship between an industry’s share of intra-

firm trade and its pass-through of marginal-cost shocks to import prices. As we discuss

in more detail below, we hypothesize that this is a firm-level story. Multinationals are

more likely to pass-through a given shock because they have a lower vertical markup and

so less scope for adjustment following a marginal-cost shock. Our industry evidence is
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nevertheless indirect and we need to see what we can observe with firm-level data. To this

end, we next present evidence that supports our hypothesis from one industry, the auto

industry. In addition, it is possible that the industry results are affected by the presence

of transfer prices (administrative prices paid between subsidiaries of a multinational) in

the BLS’s industry import-price indexes. Some evidence against this claim is found in our

results from microeconomic data from the auto industry, which we describe and analyze

next.

3.2 Outsourcing and Pass-through in the Auto Industry

In this section we begin by describing our data from the auto industry and then set out

our pass-through model and regression results.

3.2.1 Data

Edmunds Data Our price data for the auto industry come from an industry data

provider, Edmunds.com. The Edmunds data contain a number of variables for individual

models on a monthly basis from October 2002 to June 2006. These include the National

Base Total Market Value (TMV) Price for both new and used models, the Manufacturer’s

Suggested Retail Price (MSRP) for new models, and characteristics data such as horse-

power, length, and sourcing. These price data build on previous pass-through studies by

enabling us to estimate pass-through coefficients at the make and model level, rather than

at the market-segment level. And unlike the prices used in some previous pass-through

studies, the Edmunds TMV prices are transaction prices that are calculated from a sample

of roughly 20-30 percent of all U.S. monthly auto sales. The TMV price is the median price

paid nationally for the base model after individual transactions are weighted to represent

regional trends correctly.

Busse et al (2006) note that most of the variation in retail automobile prices comes

from the application of dealer and consumer promotions to the MSRP, a fact that is well-

established in industry lore and frequently cited by practitioners, in industry publications,

and the like. The most common promotions are consumer and dealer cash rebates. The

latter are offered by manufacturers to dealers for each auto sold during a given promotion

and are frequently passed-through by dealers to the retail price. This stylized fact about

pricing in the auto industry is precisely why we use the Edmunds TMV price in our analysis

rather than the MSRP. An unusual and appealing feature of the Edmunds TMV retail prices
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is that they include the effects of both types of promotions. As a result, the TMV prices

tend to be several thousand dollars less than the MSRP on average and to exhibit much

more variability at a monthly frequency than the MSRP, which generally changes at most

several times over the model year in a step-like fashion. In this sense our data are much

more appropriate for a pass-through analysis than the MSRP used in previous studies,

which does not capture either the true level of or variation in the retail price over the

model year. These patterns are illustrated in Figure 2, which compares the MSRP and the

Edmunds TMV price for one model, the Ford Escape.

Figure 2: Comparison of the Manufacturer’s Suggested Retail Price and Edmunds’ Total
Market Value (TMV) Price for the Ford Escape. Source: Edmunds.

The Edmunds data include 24 models, each with a substantial U.S. market share. To-

gether, they comprise slightly more than one-third of total retail sales of passenger cars

and SUVs in the U.S. We choose the top selling models, resulting in a limited number of

models each with a large market share. This allows us to use a particular identification

strategy in our structural demand model that is not feasible with a broader sample, as we

describe further in the estimation section. These models are also least likely to be missing

observations in the Edmunds data. The Edmunds data also contain transaction prices from

the used-car market by make and model that we use as instruments for new car prices in

the structural model, as we discuss further in the estimation section.
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Other Data Our monthly sales quantity data come from Ward’s Automotive. Our

measure of vertical integration comes from Lieberman and Dhawan (2005) and is each au-

tomaker’s total value added relative to its total sales. We motivate our use of a firm-specific

measure from evidence that firms exhibit very different degrees of vertical integration that

persist over time, as Lieberman and Dhawan (2005) document. Some producers are his-

torically associated with very high levels of vertical integration (e.g., GM ) while others are

known to outsource much more (e.g., Honda). In addition, no model-specific measures of

vertical integration are available to us. Note that our measure of vertical integration for

Daimler-Chrysler comes from the Chrysler operations of the firm as our sample contains

only Chrysler models.

Finally, our study includes a measure of the share of foreign content in each model’s

total content, which enables us to identify the role of local costs and to separate its role

in any incomplete pass-through from that of inefficiencies caused by firms’ contractual

arrangements. Each auto manufacturer is required by law to report the share of foreign

content in each of its model’s total content. These data come from the Automotive Trade

Policy Council and the U.S. Department of Commerce and are for the year 2004. Every

model in our data is assembled in the United States but has some share of its parts sourced

from abroad, from 5 percent to 85 percent, with a mean of 25 percent across models and a

standard deviation of 17 percent.

Table 3 reports summary statistics for prices, quantities, characteristics, and share of

foreign content. Table 4 reports the sales-weighted share of foreign content by maker for

the models in our sample. It ranges from 18 percent for Ford to 57 percent for Toyota.

3.3 Pass-through Analysis

Our model to estimate exchange-rate pass-through for individual auto models is:

pt = α+ βffetw
f
t + βd(1− f)wd

t + γYt + εt

where pt is the Edmunds TMV price at time t, α is a constant, et is the nominal exchange

rate at time t, wf
t is a measure of foreign marginal costs at time t, wd

t is a measure of

domestic marginal costs at time t, f is the model’s share of foreign content, Yt is a control

for demand shifts that may affect import prices independently of the exchange rate at time

t, and εt is a stochastic error term that is normally distributed. The variables are expressed

as logs and the regressions use ordinary least squares.
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Exchange-rate pass-through is the coefficient on the nominal import-weighted exchange

rate e interacted with the foreign marginal cost term wf . In robustness checks, we generally

cannot reject that the coefficients on the foreign-marginal-cost and exchange-rates variables

are identical. We measure foreign-cost shocks by the PPI for the manufacturing sector in

the relevant country, using the PPI for the auto industry where available. The nominal

exchange rate and foreign marginal cost measure used in each regression depend on the

sourcing information in the Edmunds data. Domestic costs are measured by the PPI

for U.S. automobile manufacturing and comes from the U.S. Bureau of Labor Statistics.

Changes in the demand for imports that reflect variation in consumer tastes or income

rather than in the dollar’s value are controlled for by including U.S. domestic demand in

the regression. We examine exchange-rate pass-through over the course of one month, to

be consistent with the set-up of the structural model.

Finally, we interact the domestic-cost variable with the domestic share of each model

and the foreign-cost variable with the foreign share. The difference with the industry

regression is that we are interested in the pass-through of the share of intermediate parts

that pass-through to the final retail price. This is also consistent with our calculation of

pass-through in the structural model’s counterfactuals.

Table 5 reports the regression results by model. Pass-through varies significantly across

models, from statistically indistinguishable from zero for the Ford Explorer, the Honda

Accord, and the Honda Odyssey to 90 percent for the Chrysler PT Cruiser. It averages

38 percent across models with a standard deviation of 25 percent. Figure 3 illustrates the

positive relationship between an automaker’s degree of vertical integration on the x-axis

and its average pass-through across models on the y-axis. The relationship between the

two variables is clearly positive as illustrated by the upward-sloping linear trend line. Note

that by using a firm-level measure of vertical integration, we implicitly assume that a firm’s

average degree of vertical integration affects its pricing decisions across model lines.

One possible alternative explanation is that our results are explained by the behavior

of the exchange-rate over the sample period, as the firms with the lowest degree of vertical

integration in our sample are Japanese. However, the direction and magnitude of changes

in the yen-dollar relationship over the sample period do not differ significantly from those

of other relevant exchange rates for the auto industry. Figure B.1 in Appendix B shows

that over the sample period the Japanese yen tended to move together with other major

exchange-rate indexes against the dollar including the Federal Reserve Board’s Broad Dollar
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Figure 3: Pass-through is higher at more vertically-integrated makers. Mean pass-through
across models for each maker over the Edmunds’ data sample period, from October 2002
to June 2006. Source: Authors’ calculations.

Index and an industry-specific index for the auto industry. The yen depreciates at the end

of the sample by more than the other indexes, but this movement is likely to produce

greater pass-through by Japanese relative to U.S. OEM s, not the low pass-through we

observe. Therefore, it doesn’t seem likely that our results are explained by peculiarities in

the yen-dollar relationship.

Overall, this section illustrates the fact that cross-border pass-through is positively

related to firms’ degree of vertical integration. We use this stylized fact to motivate the

exercises done with the structural model.

4 The Structural Model

This section describes the supply model used in the structural analysis and derives simple

expressions to compute pass-through coefficients. It then sets out the random-coefficients

model used to estimate demand.
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4.1 Supply

Here we introduce the two vertical supply models we consider in the analysis, the outsourced

model where all upstream production is outsourced, resulting in double marginalization, as

in Brenkers and Verboven (2006), Villas-Boas and Hellerstein (2006), Villas-Boas (2007),

and Hellerstein (2008) and the multinational model where all upstream production is done

in-house, resulting in a supply model where only the manufacturer has a markup.

Consider a standard linear-pricing model in which Tier-1 parts suppliers, acting as

Bertrand oligopolists with differentiated products, set their prices followed by original

equipment manufacturers who set their prices taking the price they observe as given. Thus,

a double markup is added to the marginal cost to produce the composite parts that make

up the product. The retailer is assumed to have constant markup, and so complete pass-

through, for simplicity. Strategic interactions between TOPSs and OEM s with respect to

prices follow a sequential Nash-Bertrand model. To solve the model, one uses backwards

induction.

4.1.1 Retailers

Consider R retail firms that each sell some share κr of the market’s J differentiated prod-

ucts. For simplicity, assume they have the same ownership structure as manufacturers.

We cannot reject full pass-through of changes in manufacturer prices to retail prices for

almost every model in our sample. We therefore assume a constant markup by retailers

which implies that any changes to manufacturer prices are completely passed through to

retail prices. This lets us focus on the upstream strategic interactions between intermediate

goods suppliers and manufacturers and given the empirical patterns in the data, appears

to be a reasonable way to model the retailer’s pass-through behavior.

4.1.2 Original Equipment Manufacturers

Consider A original equipment manufacturers (OEM ) that each sell a subset κa of the mar-

ket’s J differentiated products. Let all firms use linear pricing and face constant marginal

costs. The profits of an auto manufacturer firm in market t are given by

(1) Πa
jt =

X
j∈κa

¡
pajt − psjt − ntcajt

¢
sjt (p

r
t (p

a
t ))
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where pajt is the price the manufacturer sets for make j , p
s
jt is the price paid by the manu-

facturer to the Tier-1 suppliers for the composite of parts necessary to make model j , ntcajt
are local nontraded costs paid by the manufacturer to sell model j , and sjt (p

r
t (p

a
t )) is the

quantity demanded (or market share) of product j which is a function of the retail prices

of all J products, prt that in turn are functions of p
a
t . Assuming that each manufacturer

acts as a Nash-Bertrand profit maximizer, the model price pajt must satisfy the first-order

profit-maximizing conditions:

(2) sjt +
X
k∈κa

(pakt − pskt − ntcakt)
∂skt
∂pajt

= 0, for j = 1, 2, ..., Jt.

This gives us a set of J equations, one for each product. One can solve for the manufacturer

markups by defining Sa
jk =

∂skt(p
r
t (p

a
t ))

∂pajt
j, k = 1, ..., J ., as the matrix of demand substitution

patterns, the marginal change in the kth product’s market share given a change in the j th

product’s manufacturer price, and a J × J matrix T a with the ( j th, kth ) element equal

to 1 if both products j and k are produced by the same manufacturer, and equal to zero

otherwise. If we define “∗” to denote the element by element multiplication of two matrices
then the stacked first-order conditions can be rewritten in vector notation:

(3) st + (S
a
t ∗ T a) (pat − pst − ntcst) = 0

and inverted together in each market to get the manufacturer’s pricing equation, in vector

notation:

(4) pat = pst + ntcst − (Sa
t ∗ T a)−1 st

where the manufacturer price for product j in market t will be the sum of its composite

(fixed-proportions) supplier price pst , composite destination-market nontraded costs ntc
s
t

incurred by the supplier to produce and sell product j , and a markup.10

4.1.3 Tier-1 Parts Suppliers

Let there be S tier-1 parts suppliers that each produce some subset Γ s of the market’s Jt
differentiated products. We assume each supplier’s product is combined into a composite

10This pricing equation results in the downstream margins of the linear-pricing models in Brenkers and
Verboven (2006), Villas-Boas and Hellerstein (2006), Villas-Boas (2007), and Hellerstein (2008).
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supply product in fixed proportions over time. Each supplier chooses its price psjt while

assuming each manufacturer behaves according to its first-order condition (2). Supplier s’s

profit function is:

(5) Πs
t =

X
j∈Γs

¡
psjt − tcsjt − ntcsjt

¢
sjt (p

r
t (p

a
t (p

s
t)))

where tcsjt are traded costs and ntc
s
jt are destination-market nontraded costs incurred by

the supplier to produce and sell product j . Multiproduct suppliers are represented by a

ownership matrix, T s, with elements T s (j, k)= 1 if both products j and k are produced by

the same supplier and zero otherwise. Consistent with industry lore, these ownership ma-

trices are assumed to be identical to those of the auto manufacturers, as we discuss in more

detail below. Assuming a Bertrand-Nash equilibrium in prices and that all suppliers act

as profit maximizers, the equipment price psjt must satisfy the first-order profit-maximizing

conditions:

(6) sjt +
X
k∈Γs

T s (k, j) (pskt − tcskt − ntcskt)
∂skt
∂psjt

= 0 for j = 1, 2, ..., Jt.

This gives us another set of J equations, one for each product. Let S st be the matrix with

element ∂skt(p
r
t (p

a
t (p

s
t )))

∂psjt
, which is the change in each product’s market share with respect

to a change in each product’s composite supplier price. This matrix is a transformation

of the manufacturer’s demand substitution matrix Sa
t previously defined: Ss

t = Sm
t
0Sa

t

where Sm
t is a J -by-J matrix of the partial derivative of each OEM price with respect to

each product’s TOPS price. Each column of Sm
t contains the entries of a response matrix

computed as the average percent change in a product’s OEM price for a given change in its

composite supplier price. To obtain expressions for this matrix, we follow Villas-Boas (2007)

and use the implicit-function theorem to totally differentiate the manufacturer’s first-order

condition for product j with respect to all manufacturer prices (dpak, k = 1, .., N) and with

respect to the composite supplier’s price psf with variation dpsf :

(7)
NX
k=1

Ã
∂sj
∂pak

+
NX
i=1

µ
T a (i, j)

∂2si
∂paj∂p

a
k

(pai − psi − ntcai − ntcsi − tcsi )

¶
+ T a (k, j)

∂sk
∂paj

!
| {z }

v(j,k)

dpak−T a (f, j)
∂sf
∂paj| {z }

w(j,f)

dpsf
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Let V be a matrix with general element v(j, k) and W be an N-dimensional vector with

general element w(j, f). Then V dpa −Wfdp
s
f = 0. One can solve for the derivatives of all

manufacturer prices with respect to the tier-one supplier’s price f for the fth column of

Sm :

dpa

dpsf
= V −1Wf.

Stacking the N columns together gives Sm = V −1Wf . The (j th, kth) entry of Sm is then

the partial derivative of the kth product’s manufacturer price (and given our assumption

of constant markups, of the kth product’s retail price) with respect to the j th product’s

supplier price for that market. The retail prices in turn affect the kth product’s retail

market share, that is:
P

m
∂skt
∂prjt

∂p
r
jt

∂pajt

∂p
a
mt

∂psjt
for m = 1 , 2 , ...J .

The suppliers’ marginal costs are then recovered by inverting the element by element

multiplication of St ∗ T s for each market t , in vector notation. So

(8) pst = tcst + ntcst − (Ss
t ∗ T s)−1 st

where for product j in market t the supplier price is the sum of the supplier traded costs,

nontraded costs, and markup function.11 The supplier of product j can use its estimate

of the manufacturer’s reaction function to compute how a change in the supplier price will

affect the manufacturer price for its product. Suppliers can assess the impact on the vertical

profit, the size of the pie, as well as its share of the pie by considering the manufacturer

reaction function before choosing a price. Suppliers may also act strategically with respect

to one another. The manufacturer mediates these interactions by its pass-through of a

given supplier’s price change to the product’s manufacturer (and so retail) price. Suppliers

set prices after considering the manufacturer’s pass-through of any supplier price changes

to the manufacturer price, and other suppliers’, manufacturers’, and consumers’ reactions

to any manufacturer-price changes.

11This pricing equation results in the upstream margins of the linear-pricing models in Brenkers and
Verboven (2006), Villas-Boas and Hellerstein (2006), Villas-Boas (2007), and Hellerstein (2008).
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4.2 Computing Pass-through Coefficients

To recover pass-through coefficients we simulate the effect of a shock to foreign suppliers’

marginal costs on all manufacturers’ prices by computing a new Bertrand-Nash equilibrium.

Suppose a shock hits the traded component of the j th supplier’s marginal cost. To compute

the composite supplier pass-through of that shock, one substitutes the new vector of traded

marginal costs, tcs∗t , into the system of J nonlinear equations that characterize supplier

pricing behavior, and then searches for the composite supplier price vector ps∗t that will

solve the system in each market t :

(9) ps∗jt = tcs∗jt + ntcsjt −
X
k∈Γs

(Ss
t ∗ T s)−1 skt for j = 1, 2, ..., Jt.

To compute pass-through at the OEM level, one substitutes the derived values of the

vector ps∗t into the system of J nonlinear equations for OEM firms and then searches for

the price vector pa∗t that will solve it:

(10) pa∗jt = p
s∗
jt + ntcajt −

X
k∈κa

(Sa
t ∗ T a)−1 skt for j, k = 1, 2, ..., Jt.

Pass-through to the retail price is assumed to be complete. The degree of vertical integra-

tion is expressed via the ownership matrix. If a supplier and manufacturer are completely

vertically integrated, then the T s’s will be equal to zero and only the manufacturer will

have a markup. If they operate in an outsourced relationship, then each diagonal entry

of T s’s will be a 1. Between these two extremes, each entry of T s will be calibrated to

the average degree of integration between that OEM and its suppliers. This will affect

markups and pass-through behavior along the supply chain.

4.3 Discussion

Several assumptions used in the supply model merit further discussion. First, the model

assumes that Tier-1 suppliers have the same ownership structure as OEM s. This assump-

tion is motivated by the very large Tier-1 suppliers of which there are roughly 25 and which

tend to have strong ties to one OEM. The classic example of this type of relationship is

that of Tier-1 supplier Delphi with GM and Tier-1 supplier Visteon with Ford. Over the

sample period, most of Delphi ’s output went to GM and made up a substantial portion of
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each car GM produced.12 In addition, OEM s will commonly use contractual provisions to

prevent Tier-1 suppliers from working with other OEM s. Ben-Shanar and White (2007)

describe how OEM s will often pay for investments in machinery to be used to produce a

particular set of parts. When they do so, they insist on contractual provisions that prevent

the supplier from serving multiple clients, i.e., other OEM s, with that machinery. A com-

mon complaint of Tier-1 suppliers is about the wasteful exclusivity this type of contract

provision enforces. That said, this assumption also serves as a useful simplification of the

analysis as there are many suppliers to each OEM and some do supply more than one. Our

model of upstream relationships in auto manufacturing is necessarily stylized, as it would

be almost impossible to map exactly the contractual relationships between OEM s and

their many suppliers. Changing the model’s ownership structure to allow Tier-1 suppliers

to supply multiple OEM s has only a second-order effect on the pass-through coefficients.

Second, the supply model assumes that firms adjust their prices at a monthly frequency,

and that upstream and downstream firms transact in a spot-market-like fashion each month.

A question naturally arises whether this assumption is consistent with the frequency of price

adjustment observed in the auto industry and with the types of contracts commonly used

by OEM s with their suppliers. In the microeconomic price data used by the U.S. Bureau of

Labor Statistics (BLS) to construct the Producer Price Index (PPI) from 1998 to 2008, the

average duration of a price change in the transportation equipment sector is roughly one

month (Goldberg and Hellerstein 2009), which is consistent with the monthly frequency of

price adjustment assumed in our structural model. As for contracts, in a detailed study of

the contracts OEM s use with their Tier-1 suppliers, Ben-Shahar and White (2007) show

that while there can be a long-term sourcing commitment by an OEM to one supplier for

a particular part, actual purchase orders are issued on a short-term basis, and are typically

associated with renegotiation on price. When setting up a new auto model production

line, OEM s tend to create an overarching contract for four to eight years but then order

parts in individual purchase orders whose duration can go from several days to 12 months.

As we assume a fixed proportions model for Tier-1 suppliers, we think of pass-through as

conditional on any sequencing of price changes that may coincide with different contract

durations for individual suppliers.13

12See “Delphi’s Troubles Have Deep Roots,” The Detroit News, October 10, 2005.
13Regarding quantities, the auto industry’s widespread use of “fixed-quantity-range contracts” was high-

lighted in a recent case that appeared before the Michigan Supreme Court (ACEMCO Inc v Ryerson Rull
Coil Processing, September 28, 2008). Purchase orders generally specify a target quantity and allow for
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4.4 Demand

The pass-through computations done with the sequential Bertrand-Nash supply models

require consistent estimates of demand. Market demand is derived from a standard discrete-

choice model of consumer behavior that follows the work of Berry (1994), Berry, Levinsohn,

and Pakes (1995), and Nevo (2001) among others. We use a random-coefficients logit model

to estimate the demand system, as it is a very flexible and general model. As the notation

is fairly standard, we include in Appendices C and D a more detailed description of the

demand model, its estimation, and further discussion of demand identification issues.

The pass-through coefficients’ accuracy depends in particular on consistent estimation

of the curvature of the demand curve (see Hellerstein and Villas-Boas, 2006), that is,

of the second derivative of the demand equation. The random-coefficients model allows

for considerable flexibility in the specification and estimation of the curvature of demand

that is not available with the simple logit. The model’s parameters that characterize

heterogeneity in consumers’ tastes for various product characteristics, particularly their

price sensitivity, also determine the curvature of demand. The scope of this heterogeneity

determines a firm’s ability to raise its price as its costs rise. As a firm raises its product’s

price, more price-sensitive consumers will respond by not purchasing the product or by

dropping out of the market altogether (purchasing the outside good), meaning the firm

will retain only its less price-sensitive consumers. Note that consumers’ sensitivity to price

changes depends on their taste for other characteristics as well. If the price of a model with

a high horsepower-to-length ratio rises, for example, consumers with a stronger preference

for this characteristic will be more likely to remain in the market. The random-coefficients

model also imposes very few restrictions on the demand system’s own- and cross-price

elasticities. This flexibility makes it the most appropriate model to study pass-through in

this market.

Focusing on the top sellers allows us to control for product-specific characteristics via a

product fixed effect, leaving to the unobserved residual the changes in unobserved product

characteristics such as unobserved promotional activity as we discuss in more detail in

Appendix D. As used prices are likely uncorrelated to those unobserved changes in the

determinants of demand, we can use the variation in used prices as exogenous variation to

estimate demand price sensitivity consistently.

some deviation (e.g. +/- 20 percent) from that target.
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Suppose consumer i chooses to purchase one unit of good j if and only if the utility from

consuming that good is as great as the utility from consuming any other good. Consumer

utility depends on product characteristics and individual taste parameters. Product-level

market shares are derived as the aggregate outcome of individual consumer decisions. All

the parameters of the demand system can be estimated from product-level data, that is,

from product prices, quantities, and characteristics.

Using the typical notation for discrete choice models of demand, the indirect latent

utility of consumer i from buying product j during market t is given by

(11) uijt = dj − αipjt + xjtβi + ξjt + �ijt, i = 1, ..., I., j = 1, ..., J., t = 1, ..., T.

where dj represents product fixed-effects capturing time-invariant product characteristics,

pjt is the price of product j, xjt are product characteristics such as horsepower, ξjt identifies

the mean across consumers of unobserved changes in product characteristics,14 and �ijt

represents the distribution of consumer preferences about this mean. The the random

coefficients αi and βi represent the marginal disutility of price and the taste parameters

with respect to characteristics xjt, respectively. These taste parameters for price are allowed

to vary across consumers according to αi = α + Σa vi, and for the characteristics xjt are

given by βi = β+Σb vi, where unobserved consumer characteristics are contained in vi. The

parameters α and β represent the mean of the random coefficients described above. The

nonlinear demand parameters in Σ capture the unobservable heterogeneity due to random

shocks vi. In the econometric model, unobserved random consumer characteristics vi are

assumed to be normally distributed. Finally, consumers have the option to not purchase

any of the inside goods and choose an outside good (or to not purchase at all), where the

price of the outside good is assumed to be set independently of the prices observed in the

sample. The mean utility of the outside good is normalized to be zero and constant over

markets and the resulting indirect utility from choosing to consume the outside good is

defined in Appendix C.

Assuming that consumers purchase one unit of that product among all the possible

products available in a certain market t that maximizes their indirect utility, then the

market share of product j during market t is given by the probability that good j is

14In particular, ξjt includes changes in unobserved product characteristics, such as unobserved promo-
tions, changes in unobserved consumer preferences.
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chosen, that is,

(12) sjt =

Z
[(vi,�it)|uijt≥uiht ∀ h=0,...Nt]

dF (�) dF (v).

If v is fixed and consumer heterogeneity enters only through the random shock where �ijt is

distributed i.i.d. with an extreme value type I density, then (12) becomes the multinomial

logit model (McFadden and Train, 2000). Assuming that �ijt is distributed i.i.d. extreme

value, and allowing consumer heterogeneity to affect the taste parameters for the different

product characteristics, this corresponds to the random coefficients logit model. This allows

more general substitution patterns among products than is permitted under the restrictions

of the multinomial logit model (McFadden and Train, 2000).

5 Demand Estimation and Identification

This section describes the econometric procedures used to consistently estimate the struc-

tural model’s demand parameters. Any detailed derivations related to our identification

strategy are found in Appendix D. Two issues arise in estimating a complete demand system

in an oligopolistic market with differentiated products: the high dimensionality of elastic-

ities to estimate and the potential endogeneity of price.15 Following McFadden (1973),

Berry, Levinsohn, and Pakes (1995), and Nevo (2001) we draw on the discrete-choice liter-

ature to address the first issue: we project the products onto a characteristics space with

a much smaller dimension than the number of products. The second issue is that a prod-

uct’s price may be correlated with changes in its unobserved characteristics. We deal with

this second issue by instrumenting for the potential endogeneity of price. We use 2001

model-year used-auto prices as instruments. Used auto prices should be correlated new car

prices because they share some of the same features, but not with unobserved changes in

consumer demand for new cars, perhaps stimulated by advertising campaigns (such as a

taste for a more angled bumper), that affect both new prices and quantities demanded.

15In an oligopolistic market with differentiated products, the number of parameters to be estimated is
proportional to the square of the number of products, which creates a dimensionality problem given a large
number of products.
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5.1 Demand Estimation

In principle, demand parameters can be estimated by choosing the value that implies

predicted market shares as close as possible to observed shares. However, in this case

the objective function will be nonlinear in the structural error term, which is a problem

since price enters as an endogenous variable. The key step is to construct a demand-side

equation that is linear in the structural error so that instrumental variables estimation can

be applied directly. Following Berry (1994) and Berry, Levinsohn and Pakes (1995), this is

done by equating the estimated product market shares to the observed shares and solving

for the mean utility across all consumers, defined as

(13) δjt(Σ) = dj + xjtβi − αpjt + ξjt.

For the random coefficient logit model, solving for the mean utility has to be done numer-

ically (see Berry, 1994 and Berry, Levinsohn and Pakes, 1995). Let θ be the demand side

parameters to be estimated, then θ = (θL,Σ) where Σ are the nonlinear parameters. In the

random coefficient logit model, θ is obtained by feasible Method of Simulated Moments fol-

lowing Nevo’s (2000) estimation algorithm, where equation (13) enters in one of the steps.

This algorithm uses a nonlinear generalized-method-of-moments (GMM) procedure. The

main step in the estimation is to construct a moment condition that interacts instrumental

variables and a structural error term to form a nonlinear GMM estimator.16

5.2 Instruments and Identification of Demand

The remainder of the paper relies heavily on having consistently estimated demand parame-

ters or, alternatively, demand substitution patterns. The source of variation that identifies

demand is the relative price variation over time. In this paper, the experiment asks con-

sumers to choose between different products over time, where a product is perceived as

a bundle of attributes (among which are prices). Since retail prices are not randomly as-

signed, we use used-car price level changes over time that are significant and exogenous to

unobserved changes in new product characteristics to instrument for prices. These instru-

16See Nevo (2000) for details. To ensure a global minimum, we start by using a gradient method
(providing an analytical gradient) with different starting values of the non-linear parameters to find a
minimum of the simulated GMM objective function. Then we use that minimum as a starting value for
the Nelder-Mead (1965) simplex search method.
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ments separate variation in prices due to exogenous factors from endogenous variation in

prices from unobserved product characteristics changes.

Instrumental variables in the estimation of demand are required because when retailers

consider all product characteristics when setting retail prices, not only the ones that are

observed. That is, retailers consider both observed characteristics, x jt , and unobserved

characteristics. Retailers also account for any changes in their products’ characteristics

and valuations. A product fixed effect is included to capture observed and unobserved

product characteristics/valuations that are constant over time. The econometric error that

remains in ξjt will therefore only include the changes in unobserved product characteristics

such as unobserved promotions and/or changes in unobserved consumer preferences. This

implies that the prices are correlated with changes in unobserved product characteristics

affecting demand. Hence, to obtain a precise estimate of the price coefficients, instruments

are used, the zjt that are orthogonal to the error term ξjt of interest. The population

moment condition requires that the variables zjt be orthogonal to those unobserved changes

in product characteristics stimulated by local advertising.

Since prices are not randomly assigned, we use used price changes over time to in-

strument for prices. Used prices should be correlated with new auto prices, which affect

consumer demand, but are not themselves correlated with changes in unobserved char-

acteristics that enter consumer demand. That is, used prices are unlikely to have any

relationship to the types of promotional activity that will stimulate perceived changes in

the characteristics of the sample’s products. The used-auto data come from Edmunds as

well, and are make, model, and model-year specific for used-auto sales for each month in

the new-auto-price data. We use prices for 2001 models.

Finally, one might expect used auto prices to be weakly correlated with new auto prices,

thus generating a weak instrumental-variables problem.17 The model’s first-stage results,

reported in Table 6, indicate that used auto prices appear to be valid instruments.

5.3 Results of Demand Estimation

We use the logit model for demand as a basis for illustrating the need to instrument for

prices when estimating demand. Understanding the drawback of having poor substitution

patterns (see McFadden (1984) and Nevo (2000)), we then estimate a random-coefficients

17Staiger and Stock (1997) examine the properties of the IV estimator in the presence of weak
instruments.
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discrete-choice model of demand for differentiated products.

5.3.1 First-Stage and Logit Demand Results

The first-stage part of Table 6 reveals that the first-stage R-squared and F -statistic of

the instrumental-variable specification are high and the F-test for zero coefficients asso-

ciated with the used-car series as instruments is rejected at any significance level. This

suggests that the instruments are useful to consistently estimate demand parameters. Ta-

ble 6 presents the results from regressing the mean utility, which for the logit case is given

by ln(s jt)-ln(s0t), on prices and product dummy variables in equation (11). The second

column displays the estimate of ordinary least squares for the mean price coefficient α, and

column three contains estimates of α for the instrumental variables (IV) specification. The

consumer’s sensitivity to price should increase after we instrument for unobserved changes

in characteristics. That is, consumers should appear more sensitive to price once we in-

strument for the impact of unobserved (by the econometrician, not by firms or consumers)

changes in product characteristics on their consumption choices. It is promising that the

price coefficient falls from -1.43 in the OLS estimation to -10.15 in the IV estimation.

5.3.2 Random-Coefficients Demand Results

In Table 7 we report results from estimating the random-coefficients demand model. We

allow consumers’ unobservable characteristics to interact with their taste coefficients for

price and horsepower relative to vehicle length. As we estimate the demand equation

using product fixed effects, we recover the consumer taste coefficients for time-invariant

product characteristics in a generalized-least-squares regression of the estimated product

fixed-effects on product characteristics. This GLS regression assumes changes in models’

unobserved characteristics ∆ξ are independent of changes in models’ observed characteris-

tics x: E (∆ξ|x) = 0.
The coefficients on the characteristics appear reasonable. The mean preference in the

population is positive towards more horsepower for a given auto length and negative with

respect to price, as one would expect. The interaction of the horsepower variable with

unobservables is positive and significant for the horsepower variable, indicating some het-

erogeneity in the population’s preferences for this characteristic. The minimum-distance

R2 is 0.69 indicating these characteristics explain the variation in the estimated product

fixed effects fairly well.
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6 Simulations

For the structural model, our empirical approach has two components: estimation and sim-

ulation of counterfactuals. At the estimation stage, we estimated the demand parameters

and then the marginal costs and markups of the original equipment manufacturers and

tier-one parts suppliers for each vertical-contractual model. To assess the overall impact

of each vertical contract on firms’ pass-through behavior, we employ simulation. Using

the full random-coefficients model and the derived measures of marginal costs, we conduct

counterfactual experiments to analyze how firms with different degrees of vertical integra-

tion respond to marginal cost shocks. This section presents and discusses the results from

these experiments.

We consider the effect of a 10-percent cost shock to parts sourced from abroad on retail

prices in four scenarios, each with a different assumption about firms’ vertical integration.

First, we study the effects of contracts at the two extreme points of vertical integration:

the first, where all upstream value-added is done in house (the multinational case) and

the second, where all upstream value-added is outsourced to another firm. We compute

the industry equilibrium that would emerge if firms experienced a 10-percent cost shock in

the outsourced scenario, and compare it to the equilibrium that prevails when one firm, a

multinational, controls pricing along the distribution chain. We interpret the differential

response of prices across the two cases as a measure of the overall impact of the firms’

organization on their pass-through of shocks. Second, we compute pass-through with a

structural model calibrated to each firm’s observed degree of vertical integration using

the Lieberman-Dhawan (2005) measure from Section 3. We then compare the results to

the outcome given a one-standard-deviation increase in the share of value-added that is

outsourced.

Simulations 1 and 2: Simulate the effect of a 10-percent cost shock when all

upstream value-added is outsourced or in-house. The first counterfactual experi-

ment examines how retail prices adjust following a 10-percent change in the cost of foreign

parts when all upstream production is fully outsourced. Its results are reported in the third

column of Table 8. The median pass-through across brands is 13 percent and it ranges from

7 percent for the Nissan Maxima to 27 percent for the Chrysler PT Cruiser. The second

counterfactual experiment considers how retail prices adjust following a 10-percent change

in the cost of foreign parts if all upstream production is done in house. Its results are
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reported in the fourth column of Table 8. The median pass-through of the cost shock to

the retail price is 54 percent, but varies significantly across brands, ranging from 32 percent

for the Chevrolet Corvette to 120 percent for the Toyota Corolla.

The median differences between the results from the “outsourced” and the “multina-

tional” simulations are reported in the final column of Table 8. It is 40 percentage points

across models and ranges from 18 percentage points for the Chrysler PT Cruiser to 107

percentage points for the Toyota Corolla. The median pass-through elasticity is higher in

the in-house than in the outsourced counterfactual for every auto model.

This table drives home the point that consumer prices are most insulated from cost

shocks when there are multiple optimizations along a production chain. The differences

are so stark between the two models because the margin available for adjustment in the

outsourced case is much larger than that in the in-house case. The inefficiencies associated

with double marginalization in an outsourced production chain have a secondary effect given

a cost shock which is to dampen the pass-through of that shock to prices. Outsourcing

thus reduces the cross-border transmission of shocks, all else equal.

This result is consistent with the patterns we documented in Section 3 suggesting that

multinational firms pass-through marginal-cost shocks at a higher rate than do outsourced

production chains. However, these simulations use a stylized model with two extreme points

of vertical integration. Although it serves to make our point, it is too abstract to compare

directly to the regression results for the auto industry. To that end, we turn to a more

realistic structural model in the next two simulations.

Simulation 3: Simulate the effect of a 10-percent cost shock when each firm’s

vertical integration is calibrated to its observed value-added that is outsourced.

The third counterfactual experiment considers how retail prices adjust following a 10-

percent change in the cost of foreign parts when each firm’s vertical integration is calibrated

to its observed value-added that is outsourced. This is done by calibrating the ownership

matrix of tier-one suppliers to the Lieberman-Dhawan (2005) measure. Recall that in the

structural model, each production chain’s degree of vertical integration is expressed via the

ownership matrix for suppliers, Ts, as defined in equation (8). If a supplier andmanufacturer

are completely vertically integrated, then the diagonal entries of Ts will be equal to zero

and only the manufacturer will have a markup. If they operate in an outsourced supply

chain, then each diagonal entry of Ts will be a 1. Between these two extremes, each entry
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of Ts will reflect the average degree of integration between that OEM and its suppliers

measured by its total in-house value-added relative to its total revenue.

The results from this simulation are reported in the column entitled “observed” in Table

9. Across all the auto models in the sample, the simulated pass-through coefficient is 25

percent, and ranges from 2 percent for the Nissan Maxima to 63 percent for the Ford

Ranger.

Simulation 4: Simulate the effect of a 10-percent cost shock when each firm’s

vertical integration is calibrated to one standard deviation above its observed

value-added that is outsourced. The final counterfactual experiment considers how

retail prices adjust following a 10-percent shock to foreign-sourced parts when each firm’s

vertical integration is calibrated to one standard-deviation above its observed value added

that is outsourced. Its results are reported in the middle column of Table 9. A one-

standard-deviation increase in outsourcing decreases the value of each diagonal entry of

the supplier ownership matrix, Ts. This results in a median pass-through elasticity of 14

percent across models and that ranges from 1 percent for the Nissan Maxima to 31 percent

for the Ford Ranger.

The last column of Table 9 reports the difference between the pass-through results

from simulations 3 and 4. It shows that a one-standard-deviation increase in outsourcing

is associated with a 12-percent decline in the median pass-through across models, from

25 to 14 percent. The results are striking, with the most substantive changes for models

where the pass-through elasticity is large in absolute terms — it drops from 63 percent

to 31 percent for the Ford Ranger, for example, and from 51 to 23 percent for the GM

Impala. The counterfactual experiments thus confirm that pass-through is higher in a

vertically-integrated production chain (where all upstream value-added is in-house) than

in a vertically-separated production chain (where all upstream value-added is outsourced).

Finally, to give a visual impression of the fit of our structural model, in Figure 4 we com-

pare the average estimated pass-through elasticities by firm from the Section 3 regressions

to the average simulated pass-through elasticities by firm from each of our three structural

models: the outsourced, multinational, and observed-degree-of-vertical-integration models.

The resulting scatterplots are in Figure 4, where the values on the x-axis correspond to

the average estimated pass-through from the regressions, and the values on the y-axis cor-

respond to the average simulated pass-through from each of the structural models. The
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Figure 4: Pass-through and firm organization. Scatterplots and OLS regression lines com-
paring estimated pass-through and simulated pass-through for each structural model, arm’s-
length (solid line and squares), multinational (dashed line and triangles), and observed
(calibrated to each automakers’ observed internal value-added relative to total revenue —
dotted line and diamonds). Source: Authors’ calculations.
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figure shows that the pass-through elasticities produced by the structural model calibrated

to each OEM ’s observed degree of vertical integration from Section 5 produces the best fit

to the pass-through elasticities produced by the regressions from Section 3. It illustrates

that the structural model calibrated to each auto model’s observed degree of vertical inte-

gration explains 38 percent of the variation in pass-through across OEMs, and roughly 20

percent of that variation that is not explained by the outsourced or multinational models.

Thus, it provides some visual evidence that although our structural model is somewhat

stylized, it does a reasonable job of explaining the differences in estimated pass-through

across OEM s.

7 Conclusion

This paper shows that the organization of firms has a clear relationship to their pass-through

of cost shocks to their prices. First, our regression analysis suggests that pass-through is

positively related to firms’ degree of vertical integration across industries and in the auto

industry in particular. Given this stylized fact, we estimate a structural model and use it

to assess the extent to which pass-through is related to the degree of vertical integration.

We do this by simulating firms’ pass-through behavior under illustrative what-if scenarios.

Our findings suggest that a significant portion of incomplete cross-border pass-through may

result from successive optimizations by firms along a production chain that spans national

borders.

One implication of our work is that an exchange-rate shock’s overall effect on a domestic

economy will vary in its magnitude and its distribution across domestic firms, foreign

firms, and consumers depending on the vertical contract that dominates the economy’s

import and export sectors. Future research might explore the implications of these findings

for exchange-rate pass-through patterns across countries with different industry mixes,

and thus, dominant vertical contracts, in their import and export sectors. To give an

example, most rich-rich country trade is multinational, while most rich-poor country trade

is outsourced. It is worth exploring how many of the stylized facts about how developed

and developing economies respond differently to external shocks can be attributed to the

dominant form of firm organization in each’s cross-border transactions and its effects on

the resulting transmission of foreign shocks to the domestic economy.

34



References

[1] Anderson, J. E. and E. Van Wincoop. 2004. “Trade Costs,” Journal of Economic

Literature, vol. 42, no. 3, pp. 691-751.

[2] Alterman,W. 1997. “A Comparison of the Export and Producer Price Indexes for

Semiconductors.” Paper presented at the National Bureau of Economic Research’s

Summer Institute, July.

[3] Antras, P. 2003. “Firms, Contracts, and Trade Structure,” The Quarterly Journal of

Economics, vol. 118, no. 4, pp. 1375-1418.

[4] Ben-Shahar, O. and J.J. White. 2007. “Boilerplate and Economic Power in Auto-

Manufacturing Contracts.” In O. Ben-Shahar, ed., Boilerplate: The Foundation of

Market Contracts. Cambridge: Cambridge University Press, pp. 29-44.

[5] Bergin, P. and R. Feenstra. 2001. “Pricing to Market, Staggered Contracts, and Real-

Exchange-Rate Persistence,” Journal of International Economics, vol. 54, pp. 333-59.

[6] Bernard, A., J. B. Jensen, and P.K. Schott. 2006. “Transfer Pricing by U.S.-Based

Multinational Firms,” NBER Working Paper No. 12493.

[7] Bernard, A., J. B. Jensen, S.J. Redding, and P.K. Schott. 2008. “Intra-Firm Trade

and Product Contractability,” Dartmouth University Working Paper, February.

[8] Berry, S. 1994. “Estimating Discrete Choice Models of Product Differentiation,” Rand

Journal of Economics, vol. 25, no. 2, pp. 242-62.

[9] Berry, S., J. Levinsohn, and A. Pakes. 1995. “Automobile Prices in Market Equilib-

rium,” Econometrica, vol. 63, pp. 841-90.

[10] Betts, C. and M. Devereux. 2000. “Exchange-Rate Dynamics in a Model of Pricing to

Market,” Journal of International Economics, vol. 50, pp. 215-44.

[11] Brambilla, I. 2007. “A Customs Union with Multinational Firms: the Automobile

Market in Argentina and Brazil,” Yale University Working Paper.

[12] Brenkers, R. and F. Verboven. 2006. “Liberalizing a Distribution System: The Euro-

pean Car Market,” Journal of the European Economic Association, vol. 4, no. 1, pp.

216-51.

35



[13] Burstein, A.T., J.C. Neves, and S. Rebelo. 2003. “Distribution Costs and Real Ex-

change Rate Dynamics during Exchange Rate Based Stabilization,” Journal of Mon-

etary Economics, vol. 50, pp. 1189-1214.

[14] Busse, M., J. Silva-Risso, and F. Zettelmeyer. 2006. “$1,000 Cash Back: The Pass-

Through of Auto Manufacturer Promotions,” The American Economic Review, vol.

96, no. 4, pp. 1253-70.

[15] Campa, J.M. and L.S. Goldberg. 2005. “Exchange-Rate Pass-Through into Import

Prices: A Macro or Micro Phenomenon?” Review of Economics and Statistics, Sep-

tember.

[16] Chevalier, J. A., A.K. Kashyap, and P.E. Rossi. 2003. “Why Don’t Prices Rise During

Periods of Peak Demand? Evidence from Scanner Data,” The American Economic

Review, vol. 93, no. 1, pp. 15—37.

[17] Clausing, K. 2003. “Tax-Motivated Transfer Pricing and U.S. Intrafirm Trade Prices,”

Journal of Public Economics, vol. 87, pp. 2207-23.

[18] Corsetti, G. and L. Dedola. 2005. “Macroeconomics of International Price Discrimina-

tion,” Journal of International Economics, vol. 67, no. 1, pp. 129-55.

[19] Corsetti, G., L. Dedola, and S. Leduc. 2007. “Optimal Monetary Policy and the Sources

of Local-Currency Price Stability,” NBER Working Paper No. 13544.

[20] Feenstra, R.C. 1989. “Symmetric Pass-Through of Tariffs and Exchange Rates Under

Imperfect Competition: An Empirical Test,” Journal of International Economics, vol.

27, pp. 25-45.

[21] Feenstra, R.C. 1998. “Integration of Trade and Disintegration of Production in the

Global Economy,” The Journal of Economic Perspectives, vol. 12, no. 4, pp. 31-50.

[22] Feenstra, R.C., J. Gagnon, and M. Knetter. 1996. “Market Share and Exchange Rate

Pass-through in World Automobile Trade,” Journal of International Economics, vol.

40, no. 1/2, pp. 187-208.

[23] Goldberg, P.K. 1995. “Product Differentiation and Oligopoly in International Markets:

The Case of the U.S. Automobile Industry,” Econometrica, vol. 63, no. 4 (July), pp.

891-951.

36



[24] Goldberg, P.K. and R. Hellerstein. 2008. “A Framework for Identifying the Sources of

Local Currency Price Stability with an Empirical Application,” NBER Working Paper

No. 13183.

[25] Goldberg, P.K. and R. Hellerstein. 2009. “On Firms and Prices: New Evidence from

the BLS’s Producer Price Index,” Federal Reserve Bank of New York Working Paper.

[26] Goldberg, P. and M. Knetter. 1997. “Goods Prices and Exchange Rates: What Have

We Learned?”, Journal of Economic Literature, vol. 35, no. 3, pp. 1243-72.

[27] Goldberg, P.K. and F. Verboven. 2001. “The Evolution of Price Dispersion in the

European Car Market,” Review of Economic Studies, vol. 67, pp. 811-48.

[28] Goldberg, P.K. and F. Verboven. 2005. “Market Integration and Convergence to the

Law of One Price: Evidence from the European Car Market,” Journal of International

Economics, vol. 65, pp. 49-73.

[29] Gopinath, G. and R. Rigobon. “Sticky Borders,” The Quarterly Journal of Economics,

vol. 123, no. 2, pp. 531-75.

[30] Gron, A. and D. Swenson. 2000. “Cost Pass-Through in the U.S. Automobile Market,”

Review of Economics and Statistics, vol. 82, no. 2, pp. 316-24.

[31] Hastings, J. S. 2004. “Vertical Relationships and Competition in Retail Gasoline Mar-

kets: Empirical Evidence from Contract Changes in Southern California,” The Amer-

ican Economic Review, vol. 94, no. 1, pp. 317—28.

[32] Hellerstein, R. 2008. “Who Bears the Cost of a Change in the Exchange Rate? Pass-

through Accounting for the Case of Beer,” Journal of International Economics, vol.

76, no. 1, pp. 14-32.

[33] Hellerstein, R., D. Daly, and C. Marsh. 2006. “Have U.S. Import Prices Become Less

Responsive to Changes in the Dollar?” Federal Reserve Bank of New York Current

Issues in Economics and Finance, vol. 12, no. 6.

[34] Hendel, I. and A. Nevo. 2006a. “Sales and Consumer Inventory,” Rand Journal of

Economics, vol. 37, no. 3, pp. 543-561.

37



[35] Hendel, I. and A. Nevo. 2006b. “Measuring the Implications of Sales and Consumer

Inventory Behavior,” Econometrica, vol. 74, no. 6, pp. 1637-73.

[36] Hummels, D., J. Ishii, and K. Yi. 2001. “The Nature and Growth of Vertical Spe-

cialization in World Trade,” Journal of International Economics, vol. 54, no. 1, pp.

75-96.

[37] Krugman, P. 1987. “Pricing to Market when the Exchange Rate Changes,” in J.D.

Richardson and S. Arndt (eds.), Real-Financial Linkages among Open Economies,

Cambridge, MA, MIT Press, 1987.

[38] Lieberman, M.B. and R. Dhawan. 2005. “Assessing the Resource Base of Japanese and

U.S. Auto Producers,” Management Science, vol. 51, no. 7, pp. 1060-75.

[39] McFadden, D. 1973. “Conditional Logit Analysis of Qualitative Choice Behavior,”

Frontiers of Econometrics edited by P. Zarembka, pp. 105-42, New York: Academic

Press.

[40] McFadden, D. 1981. “Econometric Models of Probabilistic Choice,” Structural Analysis

of Discrete Data, edited by D. McFadden and C.F. Manski, pp. 169-70, Cambridge:

MIT Press.

[41] McFadden, D. and K. Train. 2000. “Mixed MNL Models for Discrete Response,” Jour-

nal of Applied Econometrics, (September/October) pp. 447-70.

[42] Neiman, B. 2008. “Intrafirm Trades and International Macro Dynamics.” University

of Chicago Graduate Business School, Mimeo.

[43] Nelder, J.A. and R. Mead. “A Simplex Method for Function Minimization,” The Com-

puter Journal, vol. 7, pp. 308-13.

[44] Nevo, A. 2000. “A Practitioner’s Guide to Estimation of Random-Coefficients Logit

Models of Demand,” Journal of Economics and Management Strategy, vol. 9, no. 4,

pp. 513-48.

[45] Nevo, A. 2001. “Measuring Market Power in the Ready-to-Eat Cereal Industry,”

Econometrica, vol. 69, no. 2, pp. 307-48.

38



[46] Nunn, N. and D. Trefler. 2008. “The Boundaries of the Multinational Firm: An Em-

pirical Analysis.” In E. Helpman, D. Marin, and T. Verdier, eds., The Organization of

Firms in a Global Economy, Cambridge: Harvard University Press.

[47] Rangan, S., R. Z. Lawrence, and R.N. Cooper. 1993. “The Responses of U.S. Firms

to Exchange Rate Fluctuations: Piercing the Corporate Veil,” Brookings Papers on

Economic Activity, vol. 1993, no. 2, pp. 341-79

[48] Ravn, M., S. Schmitt-Grohe, and M. Uribe. 2007. “Incomplete Cost Pass-through

Under Deep Habits,” NBER Working Paper No. 12961.

[49] Slade, M. 1998. “Optimal Pricing with Costly Adjustment and Persistent Effects:

Empirical Evidence from Retail-Grocery Prices,” The Review of Economic Studies,

vol. 65, no. 1, pp. 87-107.

[50] Staiger, D. and J.H. Stock. 1997. “Instrumental Variables Regression with Weak In-

struments,” Econometrica, vol. 65, no. 3, pp. 557-86.

[51] Villas-Boas, S.B. 2007. “Vertical Relationships Between Manufacturers and Retailers:

Inference With Limited Data,” The Review of Economic Studies, vol. 74, no. 2, pp.

625-52.

[52] Villas-Boas, S.B. and R. Hellerstein. 2006. “Identification of Supply Models of Retailer

and Manufacturer Oligopoly Pricing,” Economics Letters, vol. 90, no. 1, pp. 132-40.

[53] Yeaple, S. R. 2006. “Offshoring, Foreign Direct Investment, and the Structure of U.S.

Trade,” Journal of the European Economic Association Papers and Proceedings, vol.

4, nos. 2-3, pp. 602-11.

[54] Yi, K. 2003. “Can Vertical Specialization Explain the Growth of World Trade?” Jour-

nal of Political Economy, vol. 111, no. 1, pp. 52-102.

[55] Zeile, W.J. 1997. “U.S. Intrafirm Trade in Goods,” Survey of Current Business, Feb-

ruary, pp. 23-38.

39



Industry NAICS Exchange Rate* Standard R-Squared
Foreign Costs Error

Food 311 -0.02 (.10) 0.17
Beverages and Tobacco 312 0.20 (.08)*** 0.21
Textiles 313 0.39 (.09)*** 0.28
Apparel 315 0.07 (.09)   0.02
Leather Goods 316 -0.02 (.04) 0.06
Chemicals 325 0.40 (.07)*** 0.37
Rubber and Plastics 326 0.37 (.13)*** 0.15
Nonmetallic Metals 327 0.46 (.13)*** 0.21
Primary Metals 331 0.55 (.19)*** 0.24
Fabricated Metals 332 0.56 (.08)*** 0.44

 Industrial Machinery 333 0.55 (.10)*** 0.43
Computers 334 0.45 (.16)*** 0.10
Electrical Equipment 335 0.54 (.15)*** 0.37
Autos 336 0.43 (.07)*** 0.44
Furniture 337 0.30 (.13)** 0.12
Miscellaneous 339 0.37 (.09)*** 0.35

Table 1. Industry Pass-through Regressions

Notes: Each regression has 80 observations. The dependent variable is the quarterly 
industry import-price index from the U.S. Bureau of Labor Statistics from 1985 to 2004. 
The industry exchange rate is the import-weighted exchange rate for each industry 
with weights derived from the average share of each country's imports in the 
industry's total imports from 1987 to 2004. The foreign cost variable is the import-
weighted foreign CPI, with the same weights as those for the exchange rate. The 
exchange rate and CPI data come from the IMF 's International Financial Statistics . The 
trade data come from the United States International Trade Commission  and the Bureau 
of Economic Analysis , U.S. Department of Commerce . The regressions also control for 
U.S. domestic demand with U.S. Gross Domestic Purchases from the Bureau of 
Economic Analysis . The domestic demand coefficients are reported in Appendix Table 
A.1. Starred coefficients are significant at the *10- ,**5-, and ***1-percent level.



Variable Industry Industry Industry Industry
Pass-through Pass-through Pass-through Pass-through

Industry Share of Intra-Firm Imports 0.57 0.59 0.57 0.56
(.20)** (.22)** (.22)** (.18)***

Industry Capital Stock -0.01
 (.03)

  
Rauch Classification 0.05

 (.38)

Market Share of Foreign Producers -0.24
 (.30)

Constant 14.03 14.31 10.39 19.48
 (9.51) (10.09) (14.62) (12.62)

R-Squared 0.33 0.33 0.34 0.36
Observations 16 16 16 16

Table 2. Robustness Checks for Pass-through Patterns

Notes: The dependent variable is the industry pass-through coefficient from Table 1. The industry share 
of intra-firm imports is for the year 2000 and comes from Table 2 of Bernard, Jensen, Redding, and 
Schott (2008). The industry capital stock is from the NBER-CES Manufacturing Industry Database for 
1996. The market share of foreign producers is the mean share of imports in the domestic market 
(comprised of imports+domestic shipments) from 1987 to 2004. The Rauch classification is the import-
weighted share of differentiated products in each 3-digit NAICS industry.  



Description Mean Standard Min Max
 Deviation   

Retail TMV Price ($) 24,137 7,177 12,949 57,256
Manufacturer TMV Price ($) 23,308 6,670 8,450 50,423
Retail Used TMV Price ($) 26,999 10,853 6,165 40,420
Foreign Content (%) 25.5 16.9 5.0 85.0
Horsepower/Length 29.0 3.0 24.8 34.9

Description Share
(%)

Maker
DaimlerChrysler 0.29
Ford 0.18
GM 0.21
Honda 0.47
Nissan 0.56
Toyota 0.57

Table 4. Sales-Weighted Share of Foreign Sourcing

Source: U.S. Department of Commerce; Automotive Trade Policy 
Council. 

Table 3. Summary Statistics for the Automobile Data

Source: Edmunds; Automobile Trade Policy Council. 



Maker Model Exchange Rate* Standard Domestic Standard R-Squared
Foreign Costs Error Costs Error

Daimler-Chrysler Caravan 0.67 (.38)* -0.46 (.67) 0.19
Daimler-Chrysler Grand Cherokee 0.25 (.10)** -0.26 (.25) 0.07
Daimler-Chrysler PT Cruiser 0.90 (.27)*** 1.45 (1.03) 0.33
Daimler-Chrysler Town & Country 0.43 (.24)* -0.34 (.45) 0.09
Daimler-Chrysler Wrangler 0.30 (.09)*** 0.32 (.44) 0.85
Ford Escape 0.16 (.07)** -0.04 (.20) 0.48
Ford Explorer 0.01 (.26) 0.03 (.24) 0.0036
Ford MPV 0.52 (.17)*** -0.54 (.68) 0.32
Ford Mountaineer 0.41 (.08)*** 0.61 (.44) 0.41
Ford Mustang 0.60 (.23)*** -0.17 (.41) 0.27
Ford Ranger 0.20 (.06)*** 0.34 (.27) 0.68
Ford Taurus 0.08 (.04)** -0.10 (.20) 0.68
GM Corvette 0.50 (.22)** -0.49 (.38) 0.36
GM Impala 0.61 (.15)*** -0.14 (0.49) 0.59
GM Malibu 0.68 (.18)*** 0.37 (.75) 0.52
GM Monte Carlo 0.71 (.17)*** 0.38 (.58) 0.55
GM Tahoe 0.56 (.12)*** 0.25 (.56) 0.34
Honda Accord 0.15 (0.11) 0.05 (.45) 0.61
Honda Civic 0.62 (.20)*** 0.03 (.32) 0.76
Honda Odyssey -0.02 (.22) 0.16 (.91) 0.51
Nissan Altima 0.16 (.09)* 0.32 (.14)** 0.90
Nissan Maxima 0.44 (.10)*** 0.70 (.46) 0.74
Toyota Camry 0.13 (.068)* -0.02 (.10) 0.43
Toyota Corolla 0.14 (.06)** 0.19 (.29) 0.87

Table 5. Pass-through Regressions for the Edmunds' Automobile Data

Notes: The dependent variable is the monthly Total Market Value (TMV) price from Edmunds  from October 2002 to 
June 2006. Each regression has 37 observations. The regressions also control for U.S. domestic demand with U.S. gross 
domestic purchases from the Bureau of Economic Analysis, U.S. Department of Commerce. 



Variable OLS IV
Price -1.43 -10.15

(.26)*** (1.60)***

Adjusted R-Squared 0.86  
Observations 888 888
First-Stage Results  
F-Statistic 61.15
Instruments used prices

Variable Population Mean Interaction with
 Unobservables

Constant 12.31  
(.90)***  

Price -2.38 0.02
 (1.19)** (.03)

 
Horsepower/Length 0.23 1.56

(.002)*** (.34)***

M-D Weighted R-Squared 0.69  
Observations 888  

Table 6. Diagnostic Results from the Logit Demand Model

Notes: Starred coefficients are significant at the * 10-, **5-, and *** 1-percent 
level. Source: Authors' calculations. 

Table 7. Results from the Random-Coefficients Demand Model

Notes: The dependent variable is ln(Sjt)-ln(Sot). Both regressions include brand 
fixed effects. Huber-White robust standard errors are reported in parentheses. 
Starred coefficients are significant at the *** 1-percent level. Source: Authors' 
calculations. 



manufacturer model
coefficient s.e. coefficient s.e. coefficient s.e. 

Daimler-Chrysler Caravan 0.16 (.05)* 0.77 (.28)* 0.61 (.24)*

Daimler-Chrysler Grand Cherokee 0.11 (.03)* 0.51 (.13)* 0.40 (.12)*

Daimler-Chrysler PT Cruiser 0.27 (.04)* 0.45 (.19)* 0.18 (.09)*

Daimler-Chrysler Town & Country 0.14 (.03)* 0.44 (.12)* 0.30 (.10)*

Daimler-Chrysler Wrangler 0.15 (.04)* 0.39 (.11)* 0.24 (.08)*

Ford Escape 0.11 (.05)* 0.74 (.21)* 0.64 (.27)*

Ford Explorer 0.12 (.03)* 0.51 (.13)* 0.39 (.12)*

Ford Mountaineer 0 15 (.03)* 0 48 (.15)* 0 33 (.10)*

Table 8. Counterfactual experiments: Simulated pass-through of a foreign cost shock given 
variation in manufacturers' outsourcing

differenceoutsourced multinational

Ford Mountaineer 0.15 (.03) 0.48 (.15) 0.33 (.10)

Ford MPV 0.23 (.06)* 0.58 (.12)* 0.35 (.17)*

Ford Mustang 0.14 (.03)* 0.39 (.11)* 0.25 (.09)*

Ford Ranger 0.22 (.06)* 0.90 (.19)* 0.67 (.21)*

Ford Taurus 0.13 (.04)* 0.83 (.28)* 0.70 (.26)*

GM Corvette 0.10 (.02)* 0.32 (.06)* 0.22 (.05)*

GM Impala 0.13 (.04)* 0.73 (.23)* 0.60 (.22)*

GM Malibu 0.10 (.07)* 0.50 (.15)* 0.40 (.16)*

GM Monte Carlo 0.13 (.04)* 0.62 (.17)* 0.49 (.18)*

GM Tahoe 0.17 (.03)* 0.46 (.11)* 0.29 (.09)*

Honda Accord 0.08 (.03)* 0.50 (.21)* 0.41 (.15)*

Honda Civic 0.12 (.04)* 1.09 (.47)* 0.97 (.30)*

Honda Odyssey 0.08 (.03)* 0.45 (.12)* 0.38 (.33)
Nissan Altima 0.10 (.03)* 0.64 (.21)* 0.54 (.22)*

Nissan Maxima 0.07 (.03)* 0.33 (.09)* 0.26 (.09)*

Toyota Camry 0.09 (.03)* 0.59 (.22)* 0.50 (.22)*

Toyota Corolla 0.13 (.05)* 1.20 (.71) 1.07 (.94)
Total 0.13 (.03)*

0.54 (.13)*
0.40 (.13)*

Notes: Simulated coefficients from structural model with degree of vertical integration calibrated to reflect outsourced or 
multinational transactions along the supply chain. Starred coefficients are significant at the 5-percent level. Standard 
errors for the simulated coefficients are computed in 200 bootstrap simulations of the structural model. Source: Authors' 
calculations. 



model
coefficient s.e. coefficient s.e. coefficient s.e. 

Daimler-Chrysler Caravan 0.28 (.11)* 0.15 (.05)* 0.13 (.04)*

Daimler-Chrysler Grand Cherokee 0.20 (.08)* 0.12 (.04)* 0.08 (.03)*

Daimler-Chrysler PT Cruiser 0.28 (.05)* 0.23 (.02)* 0.05 (.02)*

Daimler-Chrysler Town and Country 0.20 (.07)* 0.13 (.03)* 0.07 (.03)*

Daimler-Chrysler Wrangler 0.19 (.08)* 0.12 (.03)* 0.08 (.03)*

Ford Escape 0.32 (.13)* 0.12 (.03)* 0.20 (.10)*

Ford Explorer 0.37 (.16)* 0.16 (.05)* 0.21 (.09)*

Ford Mountaineer 0.30 (.13)* 0.20 (.06)* 0.10 (.16)
* *

Table 9.  Counterfactual experiments: Simulated pass-through of a foreign cost shock given 
variation in manufacturers' outsourcing

observed 1 std-dev rise in outsourcing difference

Ford MPV 0.23 (.08)* 0.21 (.04)* 0.02 (.04)
Ford Mustang 0.34 (.13)* 0.18 (.05)* 0.15 (.06)*

Ford Ranger 0.63 (.26)* 0.31 (.12)* 0.32 (.15)*

Ford Taurus 0.55 (.23)* 0.25 (.10)* 0.30 (.14)*

GM Corvette 0.12 (.05)* 0.09 (.03)* 0.03 (.03)
GM Impala 0.51 (.20)* 0.23 (.09)* 0.29 (.10)*

GM Malibu 0.46 (.18)* 0.23 (.09)* 0.23 (.07)*

GM Monte Carlo 0.44 (.17)* 0.20 (.08)* 0.24 (.09)*

GM Tahoe 0.31 (.14)* 0.21 (.06)* 0.10 (.09)
Honda Accord 0.03 (.01)* 0.03 (.01)* 0.01 (.03)
Honda Civic 0.10 (.04)* 0.02 (.03) 0.08 (.01)*

Honda Odyssey 0.07 (.01)* 0.04 (.03) 0.04 (.02)*

Nissan Altima 0.03 (.01)* 0.02 (.02) 0.01 (.01)
Nissan Maxima 0.02 (.01)* 0.01 (.02) 0.01 (.02)
Toyota Camry 0.03 (.02) 0.02 (.02) 0.01 (.02)
Toyota Corolla 0.09 (.06) 0.03 (.04) 0.05 (.01)
Total 0.26 (.08)*

0.15 (.04)*
0.12 (.04)*

Notes: Simulated coefficients from  the structural model with degree of vertical integration calibrated to each automakers' 
share of internal value-added over total revenue. Starred coefficients are significant at the 5-percent level. Standard errors for 
the simulated coefficients are computed in 200 bootstrap simulations of the structural model. Source: Authors' calculations. 



A Alternative Industry Pass-Through Results

This appendix contains results from industry regressions with different exchange rates. In

the import data, we observe a cluster of countries below the 2-percent average import

share and another cluster below the 7.5 percent average import share. We draw on these

patterns to construct two new sets of industry exchange rates that exclude the exchange

rates of countries with less than 2 percent or 7.5 percent of the average industry imports,

respectively. We conceive of the first set as excluding countries with a negligible industry

import share and the second set as including only major trading partners. Appendix Table

2 reports the differences between the original pass-through coefficients and those from

the two sets of alternative regressions with the new exchange rates. While the different

exchange rates produce some variation in individual industry’s pass-through coefficients,

across industries these differences net out to zero. The mean difference across industries

between the >2-percent regressions and the original regressions is 1 percentage point, and

between the >7.5-percent regressions and the original regressions is 2 percentage points.

The differences between the coefficients from the >7.5-percent regressions and those

from the original regressions are negatively correlated with the share of differentiated prod-

ucts in each industry — the correlation coefficient is -.66. Pass-through coefficients for indus-

tries with less differentiated products generally rise as one excludes countries with smaller

market shares, the most notable case being Primary Metals whose pass-through coefficient

doubles from the original regressions to the >7.5-percent regressions, while the coefficients

for industries with more differentiated products generally fall, the most dramatic cases

being Electrical Equipment, whose pass-through coefficient falls by 21 percentage points,

and Furniture, whose pass-through coefficient falls by 18 percentage points (and becomes

statistically insignificant). For other industries, the differences are generally small (in the

single digits). Our interpretation of these differences is that in less differentiated indus-

tries, firms with low market shares generally have little market power, and so little ability

to pass-through cost shocks to prices. In more differentiated industries, in contrast, low

market share may reflect other sources of market power, including specialized niches that

some firms occupy in the product space. These industries may exhibit oligopolistic inter-

actions between major trading partners that limits their pass-through relative to trading

partners with smaller market shares that does not occur in less differentiated industries.
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Figure A.1: Industries with high intra-firm trade have high exchange-rate pass-through.
The industry-level exchange-rates include the bilateral exchange rates of only those coun-
tries with at least 2 percent of average industry imports over the sample period from 1985
to 2004. Source: U.S. Bureau of Labor Statistics and Authors’ calculations.
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Figure A.2: Industries with high intra-firm trade have high exchange-rate pass-through.
The industry-level exchange-rates include the bilateral exchange rates of only those coun-
tries with at least 7.5 percent of average industry imports over the sample period from 1985
to 2004. Source: U.S. Bureau of Labor Statistics and Authors’ calculations.
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Industry NAICS Exchange Rate* Standard Domestic Standard R-Squared
Foreign Costs Error Demand Error

Food 311 -0.02 (.10) 1.36 (.63)** 0.17
Beverages and Tobacco 312 0.20 (.08)*** -0.50 (.22)** 0.21
Textiles 313 0.39 (.09)*** -0.08 (.23) 0.28
Apparel 315 0.07 (.09)   0.09 (.20) 0.02
Leather Goods 316 -0.02 (.04) 0.44 (.32) 0.06
Chemicals 325 0.40 (.07)*** 0.49 (.27)* 0.37
Rubber and Plastics 326 0.37 (.13)*** -0.25 .34 0.15
Nonmetallic Metals 327 0.46 (.13)*** 0.50 (.32) 0.21
Primary Metals 331 0.55 (.19)*** 2.87 (.86)*** 0.24
Fabricated Metals 332 0.56 (.08)*** 0.17 -0.21 0.44
Industrial Machinery 333 0.55 (.10)*** 0.20 (.37) 0.43
Computers 334 0.45 (.16)*** 0.00 (.45) 0.10
Electrical Equipment 335 0.54 (.15)*** 0.31 (.38) 0.37
Autos 336 0.43 (.07)*** -0.19 (.19) 0.44
Furniture 337 0.30 (.13)** 0.04 (.28) 0.12
Miscellaneous 339 0.37 (.09)*** 0.54 (.27)** 0.35

Appendix Table A.1. Original Industry Pass-through Regressions

Notes: Each regression has 80 observations. The dependent variable is the quarterly industry import-price index 
from the U.S. Bureau of Labor Statistics from 1985 to 2004. The industry exchange rate is the import-weighted 
exchange rate for each industry with weights derived from the average share of each country's imports in the 
industry's total imports from 1987 to 2004. The foreign cost variable is the import-weighted foreign CPI, with the 
same weights as those for the exchange rate. The exchange rate and CPI data come from International Financial 
Statistics. The trade data come from the United States International Trade Commission and the Bureau of Economic 
Analysis, U.S. Department of Commerce. The regressions also control for U.S. domestic demand with U.S. Gross 
Domestic Purchases from the Bureau of Economic Analysis. Starred coefficients are significant at the *10- ,**5-, and 
***1-percent level.



Industry NAICS Exchange Rate* Standard Exchange Rate* Standard Difference Exchange Rate* Standard Difference
Foreign Costs Error Foreign Costs Error from Original Foreign Costs Error from Original

Food 311 -0.02 (.10) -0.01 (.12) 0.01 0.47 (.35) 0.49
Beverages and Tobacco 312 0.20 (.08)*** 0.38 (.14)*** 0.18 0.29 (.08)*** 0.09
Textiles 313 0.39 (.09)*** 0.60 (.09)*** 0.21 0.48 (.11)*** 0.09
Apparel 315 0.07 (.09)   -0.01 (.08) -0.08 -0.07 (.09) -0.14
Leather Goods 316 -0.02 (.04) 0.00 (.04) 0.02 0.01 (.04) 0.03
Chemicals 325 0.40 (.07)*** 0.43 (.08)*** 0.03 0.47 (.09)*** 0.07
Rubber and Plastics 326 0.37 (.13)*** 0.40 (.15)*** 0.03 0.37 (.15)** 0.00
Nonmetallic Metals 327 0.46 (.13)*** 0.60 (.14)*** 0.14 0.33 (.22) -0.13
Primary Metals 331 0.55 (.19)*** 0.44 (.21)*** -0.11 1.02 (.36)** 0.47
Fabricated Metals 332 0.56 (.08)*** 0.53 (.09)*** -0.03 0.51 (.11)*** -0.05
Industrial Machinery 333 0.55 (.10)*** 0.51 (.11)*** -0.04 0.52 (.12)*** -0.03
Computers 334 0.45 (.16)*** 0.41 (.16)** -0.04 0.41 (.19)** -0.04
Electrical Equipment 335 0.54 (.15)*** 0.51 (.11)*** -0.03 0.33 (.19)* -0.21
Autos 336 0.43 (.07)*** 0.39 (.06)*** -0.04 0.39 (.08)*** -0.04
Furniture 337 0.30 (.13)** 0.28 (.12)** -0.02 0.12 (.16) -0.18
Miscellaneous 339 0.37 (.09)*** 0.27 (.11)** -0.10 0.27 (.12)** -0.10
Mean 0.35 0.36 0.01 0.37 0.02

Mean Import Shares Import Shares > .075Import Shares > .02
Appendix Table A.2. Industry Pass-through Regressions with Different Exchange Rates

Notes: Each regression has 80 observations. The dependent variable is the quarterly industry import-price index from the U.S. Bureau of Labor Statistics from 1985 
to 2004. The industry exchange rate is the import-weighted exchange rate for each industry with weights derived from the average share of each country's imports 
in the industry's total imports from 1987 to 2004. The foreign cost variable is the import-weighted foreign CPI, with the same weights as those for the exchange 
rate. The exchange rate and CPI data come from International Financial Statistics. The trade data come from the United States International Trade Commission and 
the Bureau of Economic Analysis, U.S. Department of Commerce. The regressions also control for U.S. domestic demand with U.S. Gross Domestic Purchases from 
the Bureau of Economic Analysis. Starred coefficients are significant at *10- ,**5-, and ***1-percent level.



B A Comparison of Exchange Rates

Figure B.1: A comparison of three exchange-rate indexes. The auto-industry index includes
the bilateral exchange rates of major importers of autos and auto parts each weighted by
its average import share in the NAICS 3-digit industry 336 “Transportation Equipment”.
The broad index comes from the Federal Reserve and is a weighted average of the foreign
exchange values of the U.S. dollar against the currencies of a large group of major U.S.
trading partners each weighted by its trade share. The yen-dollar index is the bilateral
exchange rate between Japan and the United States over the sample period. Sources:
Federal Reserve Board, authors’ calculations.

C Demand

Market demand is derived from a standard discrete-choice model of consumer behavior that

follows the work of Berry (1994) and Berry, Levinsohn, and Pakes (1995). Our estimation

approach follows Nevo (2001). As the notation is fairly standard the demand section refers
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to the above papers for details for interested readers and we include here in the appendix

a more detailed description of the demand model, its estimation, and further discussion of

several demand identification issues.

The demand specification starts with consumer i choosing to purchase one unit of good j

if and only if the utility from consuming that good is as great as the utility from consuming

any other good. Consumer utility depends on product characteristics and individual taste

parameters. Product-level market shares are derived as the aggregate outcome of individual

consumer decisions. All the parameters of the demand system are then estimated from

product-level data, that is, from product prices, quantities, and characteristics.

Suppose we observe t=1 , ...,T markets. Let the indirect utility for consumer i in

consuming product j in market t take a linear form:

(C.1) uijt = xjtβi − αipjt + ξjt + εijt, i = 1, ..., I., j = 1, ..., J., t = 1, ..., T.

where εijt is a mean-zero stochastic term. A consumer’s utility from consuming a given

product is a function of product characteristics (x , ξ, p) where p are product prices, x are

product characteristics observed by the econometrician, the consumer, and the producer,

and ξ are product characteristics observed by the producer and consumer but not by

the econometrician. Let the taste for certain product characteristics vary with individual

consumer characteristics:

(C.2)
µ
αi

βi

¶
=

µ
α

β

¶
+ Σvi

where vi is a vector of unobserved characteristics for consumer i , and Σ is a matrix of coef-

ficients that characterizes how consumer tastes vary with their unobserved characteristics.

We assume that the distribution of consumers’ unobserved characteristics is multivariate

normal. Indirect utility can be redefined in terms of mean utility δjt= βx jt−αpjt+ξjt and
deviations (in vector notation) from that mean μijt= [Σvi] ∗ [pjt xjt]:

(C.3) uijt = δjt + μijt + εijt

Finally, consumers have the option of an outside good. Consumer i can choose not to

purchase one of the products in the sample. The price of the outside good is assumed to
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be set independently of the prices observed in the sample. The mean utility of the outside

good is normalized to be zero and constant over markets. The indirect utility from choosing

to consume the outside good is:

(C.4) ui0t = ξ
0t
+ σ0vi0 + εi0t

Let Aj be the set of consumer traits that induce purchase of good j . The market share of

good j in market t is given by the probability that product j is chosen:

(C.5) sjt =

Z
ζ∈Aj

P ∗(dζ)

where P∗(dζ) is the density of consumer characteristics ζ = [ν] in the population. To

compute this integral, one must make assumptions about the distribution of consumer

characteristics. We report estimates from two models. For diagnostic purposes, we initially

restrict heterogeneity in consumer tastes to enter only through the random shock εijt which

is independently and identically distributed with a Type-I extreme-value distribution. For

this model, the probability of individual i purchasing product j in market t is given by the

multinomial logit expression:

(C.6) sijt =
eδjt

1 +
PJt

k=1 e
δkt

where δjt is the mean utility common to all consumers and Jt remains the total number of

products in the market at time t .

In the full random-coefficients model, we assume εijt is i.i.d with a Type-I extreme-

value distribution but now allow heterogeneity in consumer preferences to enter through

an additional term μijt. This allows more general substitution patterns among products

than is permitted under the restrictions of the multinomial logit model. The probability of

individual i purchasing product j in market t must now be computed by simulation. This

probability is given by computing the integral over the taste terms μit of the multinomial

logit expression:

(C.7) sjt =

Z
μit

eδjt+μijt

1 +
P

k e
δkt+μikt

f (μit) dμit

The integral is approximated by the smooth simulator which, given a set of N draws from
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the density of consumer characteristics P∗(dζ), can be written:

(C.8) sjt =
1

N

NX
i=1

eδjt+μijt

1 +
P

k e
δkt+μikt

We take 20 draws, which is typical in this literature. Given these predicted market shares,

we search for demand parameters that implicitly minimize the distance between these

predicted market shares and the observed market shares using a generalized method-of-

moments (GMM) procedure, as we discuss in further detail in the estimation section.

D Demand Estimation

We estimate the demand parameters by following the algorithm proposed by Berry (1994).

This algorithm uses a nonlinear generalized-method-of-moments (GMM) procedure. The

main step in the estimation is to construct a moment condition that interacts instrumental

variables and a structural error term to form a nonlinear GMM estimator. Let θ signify the

demand-side parameters to be estimated with θ1 denoting the model’s linear parameters

and θ2 its nonlinear parameters. We compute the structural error term as a function of the

data and demand parameters by solving for the mean utility levels (across the individuals

sampled) that solve the implicit system of equations:

(D.1) st (xt, pt,δt|θ2) = St

where St are the observed market shares and st (xt, pt.δt|θ2) is the market-share function
defined in equation (C .8 ). For the logit model, this is given by the difference between the

log of a product’s observed market share and the log of the outside good’s observed market

share: δjt = log(Sjt)− log (S0t). For the full random-coefficients model, it is computed by
simulation.

As in Nevo (2000), to ensure a global minimum, we start by using a gradient method

(providing an analytical gradient) with different starting values of the nonlinear parameters

to find a minimum of the simulated GMM objective function. Then we use that minimum

as a starting value for the Nelder-Mead (1965) simplex search method.

Following this inversion, one relates the recovered mean utility from consuming product

j in market t to its price, pjt, its constant observed and unobserved product character-

istics, dj, and the error term ∆ξjt, which now contains changes in unobserved product
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characteristics:

(D.2) ∆ξjt = δjt − βjdj − αpjt

We use brand fixed-effects as product characteristics following Nevo (2001). The prod-

uct fixed-effects dj proxy for the observed characteristics term xj in equation (C .1 ) and

mean unobserved characteristics. The mean utility term here denotes the part of the in-

direct utility expression in equation (C .3 ) that does not vary across consumers. Equation

(23) thus relates the mean utility, which is a transformation of market shares (which are

themselves functions of the data and the nonlinear parameters such as the standard de-

viation of retail prices and horsepower/length) to the right-hand-side variables that are

product fixed-effects and prices. This equation is linear in prices and so instrumental vari-

ables can be implemented directly using it. Its only endogenous right-hand-side variable

is the retail price and used prices are its instrument. More precisely, the right-hand-side

variables in our linear-demand equation after the inversion are X = [price product fixed-

effects], our first-stage right-hand-side variables (our instruments) are used prices, and all

other variables are assumed to be exogenous other than the retail price. The instrument

matrix is then Z=[used prices product fixed-effects] given that the product fixed-effects

are exogenous in our linear-demand equation. Therefore we have as many columns in Z as

in X, the same number of instruments as regressors.

Note that we must restrict the number of models in our sample to use this estimation

approach in our structural model. A natural question is why we don’t use the instrumental

variables strategy of BLP (1995) which would allow us to include many more models in

the sample. The characteristics of our data make the use of BLP’s identification strategy

infeasible. Our Edmunds dataset contains monthly observations for their TMV prices and

model characteristics over five years while BLP’s dataset contains annual observations for

MSRP’s and model characteristics over twenty years. The characteristics of automobile

models generally change annually. This means the time-series variation of characteristics

and prices is consistent in the BLP data, but not in our data, where we observe consider-

able variation in monthly TMV new and used prices but almost no variation in monthly

characteristics. For this reason, using BLP instruments (the sum of characteristics across

own and rival makers) would be akin to using product-year fixed effects in our demand

estimation. If we adopted this strategy, we would need to restrict the number of models

in the sample due to the limited degrees of freedom afforded by our sample length. In
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addition, using the BLP approach would require us to assume that unobserved changes

in product characteristics that stem from monthly promotional activity are unrelated to

constant product-specific demand shifters, which may not be the case for automobiles. A

new design for a bumper, for example, may be tied to more monthly promotions over the

course of a model year. For these reasons, we choose to use product fixed effects in our

demand estimation (to control for constant product-specific demand shifters) and employ

used prices to instrument for the Edmunds TMV prices, as these should not be correlated

with monthly unobserved changes in product characteristics, that for example, stem from

promotional activity. This identification strategy requires us to limit the number of models

in the sample to maintain sufficient degrees of freedom in our demand estimation.
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