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“[T]he initiatives we announced today are aimed at ... accelerating user growth and
customer acquisition. Our Quality Supplier Program will allow buyers to trade with greater
confidence.” — David Wei, CEQO, |Alibaba.com| (November 3, 2008)

“Alibaba ... reported that 2,326 high volume sellers - ‘gold suppliers’, as they’re called-
defrauded customers over the course of two years, with the assistance of nearly 100 Al-
ibaba.com employees... As a result of the scandal, Alibaba.com CEO David Wei ... resigned
yesterday.” —|Fortune Magazine| (February 22, 2011)

1 Introduction

Choosing the right supplier is one of the most difficult decisions a firm can make. There
are many relevant considerations: price, location, “quality” of the supplier, and so on. One
of the most important considerations, however, is rarely observable directly: how to know
which suppliers are trustworthy? As the quotes above demonstrate, Alibaba.com tried to
smooth some of the confidence problems for importers sourcing from China by identifying
“gold suppliers”, but the challenge proved enormous.

The most basic way to assess reliability is to transact with a seller, and then determine
whether to pursue a subsequent transaction. Importantly, the relationship inertia over time
implied by such a practice can lead to high prices: if a firm is unaware of acceptable, lower-
priced alternatives to its current supplier, or is unwilling to bear the costs and uncertainty
involved in such a change, then that firm would be paying higher than the efficient price. In
this paper, I use confidential U.S. Customs and Border Protection data to demonstrate that
U.S. importer relationships with Chinese suppliers are persistent, and study the implications
of this persistence using a model where switching suppliers is costlyE]

The U.S. customs data reveals several regularities that large costs from changing one’s
supply network. Supplier-level switching costs are substantial: even with over 30 Chinese
suppliers to choose from in the average HS10 product, 45% of importers kept the exact
same supplier from one year to the next- accounting for nearly half the total value of U.S.
imports from China. Switching costs apply to changing cities as well: one-third of switching
importers remained in the same city as their original partner. Beyond these implicit costs,
price is an additional factor influencing the decision of whether to switch: those importers
who paid the highest prices are much more likely to change their partner in the following

year. Thus there is the potential for easier switching to lead to lower import prices.

'T use the term importer to refer to a firm-HS10 product pair. HS10 is a ten-digit harmonized system
product code, the most disaggregated product code used by U.S. firms in international trade.



Guided by the above empirical findings, I develop a dynamic discrete exporter choice
model. The importing firm decides which exporter to use by comparing partner-specific
profits across all possible choices, including its current match. Which exporter to use depends
not only on the price and quality of each exporting firm, but also a cost from switching, both
at the partner and the city level. The key tradeoff for the importer is that switching to either
a cheaper or a higher quality partner raises profits, but changing one’s partner or location is
costly. The model produces closed-form expressions of choice probabilities for each potential
outcome, allowing computation of the switching cost parameters via maximum likelihood.
I use the Mathematical Programming with Equilibrium Constraints (MPEC) techniques
developed by Dubé et al.|(2012) and [Su and Judd| (2012) to estimate the model. I compute the
parameters of the model product-by-product (at the HS10 level) and industry-by-industry
(at the HS6 level).

The main quantitative results can be summarized as follows. First, model estimates of
switching costs are large, heterogeneous across products, and match the characteristics of
underlying data well. How large are switching costs? Just to be indifferent between its cur-
rent partner and an otherwise identical partner, an importer would require an unexplained,
partner-specific boost to profits that is two standard deviations higher than average from
that new partner.

Second, the impact of switching frictions on importer prices is sizable. To examine this,
I alter switching cost estimates and allow importers to re-optimize their supplier choice.
The counterfactual U.S.-China Import Price Index that arises from cutting frictions in half
is 14.7% lower, a decline achieved by shrinking the percent of staying importers from 51%
to 13%E] Thus lowering the cost of switching export partners yields substantial efficiency
gains. Finally, I estimate the trade flow to a theoretical supplier not subject to any geographic
switching friction (such as a new supplier located in the U.S.). If each product category adds
a supplier charging the median price and producing a high-quality variety, approximately
4% of total imports from China would flow back to a theoretical U.S. supplier that charged
the median price of Chinese exporters in a product. That said, such a price is approximately
57% lower than the price charged by U.S. exporters for the same product mix, showing that
there are substantial barriers to “re-shoring” Chinese imports back to U.S. suppliers beyond
low Chinese prices.

What drives these large effects of switching costs on exporter choice and import prices?
There are three interpretations, each related to a different interpretation of what the model

estimates of switching costs actually represent. One is a lack of knowledge about potential

2To calculate this, I use 50 of the highest-value HS products between the U.S. and China, and generate
a price index from those products.



suppliers- the high cost of switching partners and additional cost of geographic switching
implies that importers are simply not aware of other low-price options that are availableﬂ In
this case, a policy that reduces switching costs would reduce information asymmetry, such
as a “gold standard” exporter certification or a directory of exporter and price information
for importers to use when selecting partners. A second interpretation is that the existence of
long-term trading contracts prevents more efficient matchingﬁ Here, an overall improvement
in contracting institutions leading to more short-term contracts would be consistent with
reductions in switching costs discussed above. A third interpretation is that there is some
logistical difficulty in adjusting suppliers in response to price changes, even with knowledge
of other alternatives and a freedom to use them, as in Drozd and Nosal (2012)). Here, the
experiments described above are best thought of as more widespread use of intermediaries-
companies specializing in connecting importers with exportersE] In summary, the above
quantitative exercises can be thought of as policies that reduce matching frictions, and they
can lead to significant reduction in input prices.

Although the field of international trade has focused on numerous aspects of firm-level
participation in international activity, the study of individual exporter-importer relationships
remains relatively nascent. Empirical work on this question began with the study of networks
in international trade: [Rauch| (2001) surveys the potential for transnational cultural networks
to help smooth international trade and reduce barriers to entry, while |Rauch and Watson
(2004) present a general equilibrium model through which economic agents can use their
supply of networks to either produce/export more efficiently or to become an intermediary.
Recent work has made use of the U.S. Customs data, which provides information about U.S.
importers and their foreign exporting partners. [Eaton et al. (2014) study the relationship
between Colombian exporters and the number of U.S. importers they partner with over
time and calibrate a search and matching model to match exporter decisions, including
sales, number of clients, and transition probabilities. [Kamal and Sundaram, (2013)) use the
same U.S. import data to determine how likely textile producers in Bangladeshi cities are
to follow other exporters in their same city to export to a particular partner. Many of these
papers put the onus on the exporter to undertake searching behavior buyer by buyer; in
this work, I model matching as an importer’s choice given information about each exporter.
Other work takes advantage of two-sided trade data to study the effects of heterogeneity in
trade: [Bernard et al.| (2014)) develop a model of relationship-specific fixed costs to exporting

3Allen| (2014) shows the importance of information frictions, especially geographically, for Filipino farmers
searching for buyers of their product.

4These contracts are studied in [Kleshchelski and Vincent| (2009).

SIndeed, intermediaries play an important in the Chinese export market, as described in|Ahn et al.| (2011)
and Tang and Zhang (2012)).



using Norwegian buyer-supplier trade data, while Blum et al.| (2013) use exporter-importer
pair data on Chile to study the effects of intermediaries. Alessandrial (2009) is a model
of search frictions in international trade that, like my model, generates deviations from
the law of one price, without distinguishing importers within a country. |[Kleshchelski and
Vincent| (2009) also construct a model of switching frictions, where firms and customers
form long-term relationships, showing that prices stabilize as the number of repeat buyers
increases. |Antras and Costinot| (2011) and [Petropoulou/ (2011) model the effects of trade
with costly search frictions, and |Allen| (2014) estimates a buyer search model on agricultural
trade inside the Philippines. I combine the theory of partner choice with data on importer-
exporter relationships and geographic location, through which I am able to determine the
effects of switching frictions on import prices.

The way I measure these frictions is with a structural demand model that incorporates
the factors underpinning importer-exporter switching behavior, including geographic compo-
nents. To do this, I use a model of dynamic discrete choice, pioneered by Rust| (1987) in his
study of bus engine replacement. I implement the problem in a similar way, using the MPEC
methodology for solving discrete choice problems found in [Su and Judd| (2012)) and |Dubé et
al.| (2012). As in those studies, and as in |Lincoln and McCallum| (2011)), my model includes
fixed costs entering into a firm’s profit/utility function- namely, supplier switching costs at
both the partner and city level. Estimates are retrieved through maximizing a likelihood
function based on observed outcomes for importer-exporter switching. The model I estimate
is most similar to the model of employer choice utilized by [Fox| (2010)) in his study of Swedish
engineers. Similar to the use of wages as a driving force behind employee switching behavior,
in my context, one of the main components of the “stay or switch” decisions is the price
offered to U.S. importers by a Chinese supplier. Roberts et al. (2012) also study exports
from China in a structural context. The dispersion of prices among Chinese exporters found
in Byrne et al. (2013), and the implications for exporter heterogeneity they find, match my
findings of widespread differences among Chinese suppliers even within disaggregated prod-
ucts. Similarly, the role for Chinese cities in exporting echoes the findings in [Head et al.
(2014) about the heterogeneity of importing patterns among Chinese cities. The sparsity
and discrete choice nature of the supplier-matching problem I set up also bears similarity
to the ”balls-and-bins” models of trade of |Armenter and Koren| (2014)), as well as the dis-
crete choice framework found in Artu¢ and McLaren| (2012). More generally, there have
been a number of studies that estimate the effects of relationship networks in other contexts:
Joskow] (1985)) studies contract length among coal suppliers and power plants, while |Atalay
et al.| (2014) measure the extent to which firms rely on subsidiaries versus outside firms for

intermediate input purchase. Bernard et al. (2015) study network formation for domestic



firm relationships in Japan, while Egan and Mody| (1992) and Kranton and Mineheart| (2001))
present models on the formation of buyer-seller networks and how the properties of these
networks affect economic outcomes.

The rest of the paper is organized as follows. Section 2 describes the data sources used
in this paper and summarizes the empirical results. Section 3 presents the dynamic discrete
choice model with supply chain adjustment costs. Section 4 describes the implementation
of the model and summarizes the baseline results. Section 5 describes the quantitative
experiments used to determine the importance of the supplier-switching channel. Section 6

concludes.

2 Data and Stylized Facts

2.1 Importer-Exporter Data

I work with 2002-2008 relationship data from the Longitudinal Foreign Trade Transaction
Database (LFTTD), which contains confidential information on all international trade trans-
actions by U.S. firms, and is maintained jointly by the U.S. Census Bureau and U.S. Cus-
toms[¥] Every transaction of a U.S. company importing or exporting a product requires filing
a form with U.S. Customs and Border Protection, and the LE'TTD contains the universe of
these transactions. In particular, the import data consists of all the information included in
customs documents provided by U.S. firms purchasing goods from abroad, including quan-
tity and value exchanged for each transaction, HS 10 product classification, date of import
and export, port information, country of origin, and a code identifying the foreign supplier
firm. Known as the manufacturing ID, or MID, the foreign partner identifier contains limited
information on the name, address, and city of the foreign supplier. |Kamal et al.|(2015])) find
substantial support for the validity of the MID and its applicability towards studying buyer-
seller relationships[]] I use this variable to provide stylized facts for the amount of churning
in U.S.-China trade relationships and the geographic elements of switching behavior. My
unit of observation throughout will be a U.S.-China trade relationship, comprising a U.S.

importer (the combination of a U.S. importing firm and an HS10 product) and a Chinese

6T clean the LFTTD using methods outlined in [Bernard et al.[ (2009)) and [Pierce and Schott| (2012)). As
in Bernard et al.| (2009), I drop all transactions with imputed quantities or values (which are typically very
low-value transactions) or converted quantities or values. I concord HS10 codes over time according to the
methodology in |Pierce and Schott| (2012).

"They describe the institutional background for the creation of the variable, propose various cleaning
methods, and compare the number and composition of exporters from U.S. data with international data.
I include a brief summary of the variable, including its construction and the relevant laws surrounding
information provided in trade transactions in Appendix A.



supplier ff

I focus on U.S.-China trade relationships for three reasons. First, individual exporter
varieties within HS10 codes are more likely to be comparable within a country, and China
became the largest exporter to the U.S. in my timeframe (2002-2008). Combined with its
small share of related party trade, the bloc of U.S.-China trade relationships forms the largest
laboratory to explore arm’s-length supplier relationships in trade.ﬂ Second, I combine my
quantitative findings with domestic Chinese firm-level data to illustrate how relationship
patterns are affected by Chinese production patterns (Section 4.3). Finally, by manually
translating firm names and addresses from Chinese production data, I show that the MID is
likely to uniquely identify individual foreign suppliers (Appendix A).

Given this focus, I take special care to remove unreasonable values for the MID related
to U.S.-China tradeET] I restrict the sample to importers with an MID country identifier of
China (meaning the producing firm is located in China), rather than a “country of origin”
of China (which is often based on where the imported good last departed from). Due to
the entrepot nature of Hong Kong’s international trade flows and other thorny data issues, I
concentrate solely on Mainland China - deleting any observation that appears to come from
Hong Kong, Macau, or Taiwan. For example, a three-letter city code of “HON”, even with
a country code for mainland China, is likely referring to Hong Kong and thus dropped[’T] T
also drop any exporter whose city code does not correspond to any of the top 300 cities of

China by population.

2.2 Static Relationships: Import Concentration at One Supplier

I begin by characterizing U.S.-China trade relationships in a single year. The main finding
is straightforward: even though one U.S. importer has an average of two Chinese suppliers,
trade tends to be overwhelmingly clustered within an importer’s primary supplier- meaning
that supplier from which it has the most imports. First of all, 65% of U.S. importers
have only a single Chinese supplier. Furthermore, even when restricting to importers with
multiple suppliers, the average trade share at an importer’s primary supplier is a sizable

64%, compared to an average trade share of 24% an importer’s second-largest relationship.

8Thus, a single U.S. firm could be counted as many importers. The median number of HS10 products a
U.S. firm imports from China is 3.

90nly 16% of importers whose main supplier is Chinese will change to a main supplier from another
country (including Hong Kong) in the following year.

10T eliminate all related-party transactions, as importers receiving goods from another branch of their firm
will likely have very different relationship dynamics than arm’s-length exporters. 10.2% of all U.S.-China
transactions in 2006 are between related parties, accounting for 18.6% of U.S. imports from China.

1 Other dropped city codes: “KOW” for Kowloon, Hong Kong; “MAC” for Macau; “AOM” for the Hanyu
Pinyin spelling of Macau, “Aomen”; “KAQO” for Kaohsiung, Taiwan.



Primary relationships are also the most important in the aggregate: they account for 62%
of all U.S. imports from China. For all of these reasons, my unit of analysis for studying
relationship dynamics is the combination of an importer and its primary supplier, what I

refer to as a “primary relationship”.

2.3 Dynamic Relationships: Inertia in Suppliers and Locations

Given that primary relationships dominate in the data, I track how often importers maintain
their primary supplier and source over time. I define an importer as “staying” with its partner
in a year if its primary supplier remained the same from one year to the next.I track the
universe of U.S. importers from China in the years 2003-2008, and for each year, determine
whether they (a) also imported one year previously, and if so, (b) whether they continued to
import from the same primary supplier and/or geographic location as in the previous year.
Figure 1 illustrates the fraction of importers staying with their supplier, staying in the same
city, and staying in the same province.

Two facts are clear from Figure 1. First, there is a significant share of U.S. importers who
maintain the same supplier over time. Even though the number of potential exporting choices
is increasing over this time period, the share of importers using the same supplier year-to-
year is 45.9%[™ As a benchmark, given that there are an average of 30 Chinese exporters to
the U.S. per HS10 product in the data, if importers were choosing their partners randomly
each year, the probability of staying would be 1/30, or 3%. Thus path dependence is far
higher than would be expected if importers were choosing their supplier randomly. Secondly,
among those firms who do choose to switch, approximately one-third of all importers remain
in the same city as their original supplier. Using a similar benchmark as above, random
exporter selection would imply a 12-13% chance of staying in the same city['’] Thus there
is strong inertia keeping firms in their original city, even if they choose not to use the
same supplier as before.In sum, supplier choices are highly correlated with previous supplier
usage, and decisions of whom to switch to are dependent on geographic considerations. It is
these stylized facts related to switching, both geographically and over time, that govern the

dynamic discrete choice model I lay out in Section 3.

12The share of trade accounted for by these relationships over the years 2003-2008 is approximately 43%.
13There is an average of 9 cities for each HS10 product, but the number of exporters are not distributed
equally across cities. I first calculate the probability an importer originally in city ¢ picks a random supplier
also in ¢ as Z)jf)c(ic, where X;. is the number of exporters of product 7 in city c. Therefore, the probability

any importer picks a random supplier also in their original city is the weighted average of these probabilities,
where the weights are the number of importers M;. buying from each city. Calculating this object using
2006 data gives a 12% probability of staying in the same city under random supplier choice. Replacing X,
with the value of trade in a city (meaning the probability of staying depends on the distribution of exports,
not exporters) gives a 13% probability of staying.

10



The stylized facts about importer-exporter relationships described above are robust to
a number of alternative checks and specifications. One may be concerned that switching is
driven by exit on the exporter side: given the structural changes in the Chinese economy
over this period, it is likely that many exporters are entering or exiting. To account for this,
in Figure 2 Panel A, I recreate the results using only those matches where the same MID
is found in both years. The two main facts carry over: a significant share of importers stay
with their suppliers, with previous geographic location an important factor in the decision of
where switching importers move to. I also check that the results are not driven by defining
“staying” to mean buying from the same main supplier. Figure 2 Panel B shows that when
considering “staying” to mean buying from keeping at least one supplier within a product
category the same, the results are again very similar. These facts are robust to a number of
other specifications, including using only importers classified as manufacturing firms, calling
an importer a firm-HS6 product combination or a firm, using other definitions of switching,
and following the share of importers not adjusting their supply network over a longer time
frame than one year.

It is certainly the case that the above results (and all those that follow) are an artifact of
the decision to only follow primary relationships over time. That said, there are a number
of justifications to do so. First of all, threshold switching - meaning minimal adjustments
in import value causing “switches”- is uncommon. Among all recorded switches from 2005-
2006, only 6% had a reduction of 25 or less percentage points in the primary supplier’s share
of the importer’s importsllzl Secondly, the primary supplier measure catches the majority
of “big changes” in a supply network. If a new supplier was added that occupied 25% or
more of an importer’s total trade, the switch measure picked this up 71% of the time; if a
supplier that occupied 25% or more of an importer’s total trade was dropped, the switch
measure captured this 73% of the time. Thirdly, importers seldom add a supplier without
concurrently dropping one (and vice versa), meaning that the single-supplier assumption
implicit in following only primary supplier relationships is reflective of how most importers
source["”| Finally, only a minority of switching (21.5%) is to a previous year’s minor supplier.
Thus, in this context, primary relationships are the most relevant unit of analysis for tracking

relationship dynamics.

140Only 1% of switches involved a change of 10 percentage points or less.

1514% of importers added a supplier in 2006 without dropping a 2005 supplier (accounting for 14% of
trade), and 11% dropped a supplier in 2006 without adding a new supplier (6% of trade). 53% (accounting
for 73% of trade) both added and dropped.

11



2.4 Reduced-Form Regression Results

I next analyze the factors that govern the stay-or-switch supplier decisions. There are a
number of potential explanations for switching behavior that I can measure using the LFTTD
data. Using U.S.-China trade data from 2002-2008, I use the following linear probability
models to estimate the relationship between the decision of a U.S. importer to switch Chinese
exporting partners and a variety of potential explanatory variables, including price, size and

age of the Chinese partner, U.S. importer size, and the date of entry into importing.

St(zyfﬂt,prl =ap + alStandardPrz'cef"t + ’ylE:z:pCharit + ’yg[mpCharf,t + fi+ fe v (1)

10
Stayzj,t,t—f—l = Qo + Z il [Standardprice(;'atit = k;}
k=1
+71Exp0harit + ’yQImpCharg’t + fi+ fi +vig (2)

As above, I define firm ¢ importing product j as staying (Stay{m +1 = 1) with its supplier
if it maintains the largest percentage of imports from the same supplier in time ¢t and ¢t +1. I
define the “standardized price” (StandardPrice) to be the relationship-specific “unit value”
from the LEFTTD, minus its HS10 product mean and divided by the standard deviation. Thus
prices are comparable across industries. In Equation (2)), I allow for non-monotonic effects
of price on staying by including it as a categorical variable StandardPriceCat representing
each of ten deciles. I omit the 5th decile in the regression, in order to check the effects of
having both very low and very high prices. I use both exporter characteristics (FxpChar)
and importer covariates (ImpChar). For exporters, I calculate the “Supplier Size” of a
Chinese exporter by summing together its total exports to the U.S., and similarly calculate
the ”Supplier Age” of a Chinese exporter by calculating the first year a MID appears in
the trade data. On the importer side, I construct importer size by summing together total
imports from China, and the first year of its entry into the Chinese import market by
calculating its first appearance in the Chinese import data. All of the above covariates are
assigned using their values in the prior year, using later year data only to determine whether
or not an importer switched exporting partners. Finally, I include HS10 level fixed effects
f; and year fixed effects f;. The results of the Linear Probability Models and are
reported in Table 1. Standard errors are clustered at the HS10 level.

It is clear that the higher the price a firm paid in a previous year, the lower the probability

12



that it would stay with its main supplier. Though the effect is not significant for prices near
the middle of the distribution, the results in Table 1 make it clear that the importers who
received the highest prices were 2-3% more likely to switch their supplier than the omitted
group (Hth decile). Those importers paying the lowest prices were also more likely to stay
with their supplier when accounting for importer and exporter characteristics, as can be
seen in Columns (2')-(4"). Figure 3 tells the same story as Table 1, and is generated using
the results in Table 1 Column (4’). The shaded regions are 99% confidence intervals for
the category-specific coefficients. Those importers paying the highest prices are much more
likely to switch their supplier than those in the middle and low price regions, while those
paying the lowest prices are more likely to stay with their suppliers.

The effects of the various importer and exporter characteristics are also of interest. Table
1 shows that the older and/or larger a Chinese exporting firm was, the lower the probability
that a U.S. importer would switch. In addition, larger U.S. firms were most likely to stay
with their supplier. Thus there is substantial room for exporter and importer heterogeneity
in explaining the staying decision for U.S. importers with their Chinese exporters.

To summarize the regression results, price is an important factor in the decision of an
importer to switch partners, especially the magnitude of the price paid in the previous
year. Exporter and importer characteristics more generally are also important factors in
the decision of whether or not to stay with one’s partner. I use these results to guide the

modeling of the exporter choice problem below.

3 Model

This section lays out a dynamic discrete choice framework used to model U.S. importer
decisions of exporter choice. Different exporters set different prices for the same product
7 and have heterogeneous quality. Importers of products in that industry make a decision
each period about which firm to import from, a decision that is based both on their current
exporter and information about other price/quality menus that are available. Switching
exporters involves payment of a set of costs, including both an overall switching cost and an
additional cost to be paid if an importer finds a new partner in a previously unused city. Each
individual exporter of product j at time ¢ is denoted z;,, and exporters are distinguished
both by the price they charge p, ;; and by the quality of their individual variety A, ;.. If
importer m chooses the exporter indexed z;;, I denote this match as z7} and the price paid

in that match as p'; ;.
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3.1 Importers

Importers are final good producers, and demand for their variety m has a constant elasticity

of substitution demand curve.

Qm = Bp;za

In the above equation, B is a demand shifter, p,, is the final good price for variety m and o
is the elasticity of substitution.

Final good producer m requires .J inputs, indexed j = 1,...J, in order to produce its final
good, and production of final good is Cobb-Douglas in labor and quantity {I j}}']:1 of those

intermediates:

7 11—«
_ T Vi
Qm =1L (H I )
j=1

Although the production function and final demand for its variety are fixed, importer
m can choose which exporter for each input. By considering all possible exporters in the
market, importers are able to make a profit-maximizing decision between exporters. There
are a number of components that affect the decision of which exporter to use.

Firstly, importers make a decision based in part on the expected price they will pay
from any exporter, E [p;fjvt}. In particular, importers form expectations about the price
from their original partner, and from every other exporter[l Since the expectation differs
depending on what partner was used, this expectation is both importer-specific (m) and
exporter-specific (), which allows the same exporter to charge different prices to different
importers. I describe the calibration of this expectation in the next subsection.

Secondly, there are frictions involved in finding a different supplier in the following period,
modeled as an additional component of the price paid. There is a cost that is paid from
switching exporters (x ;. Reflecting the geographic nature of switching discussed above, I
also include an additional geographic cost (¢ ; that is paid if an importer uses a separate
partner in a separate city.

I define importer m’s expected per-unit cost of purchasing intermediate j from supplier

x4 at time ¢, incorporating the frictions involved in searching for a supplier, in the following

16This assumption allows each firm to observe the entire spectrum of prices, even though the observed
data on prices is a selected sample, namely, only successful importer-exporter matches.
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manner:

e =B [P ] exp {Cxy 1{afy # a1} + Coy Uy # b} (3)

where p;; ; is the expected cost from purchasing one unit of the intermediate from seller

m
j7t7

from its current match x;;_1, or another different city c;, from its current city ¢;;—,. If final

2’ and the indicator functions are equal to one if an importer picks a different partner z;,
good producer m chooses a new partner in the same city (¢;_;) as its old partner, then only
Cx,; is paid, while if an exporter in a separate city is chosen, (x ; + (¢ ; is paid. This means
that the cost of an input bundle will differ depending on what supplier is chosen, not just
because of a higher or lower offered price, but also because of costs of switching one’s current
partner.

Let X" = {xg"t };]: , be the vector of supplier choices made by importer m across inputs

at time t. Then with wage w, the expected cost of an input bundle for the final good is:

Cm (X[") = w® (H [ﬁ;rfj,t] w)

j=1

Producing one unit of the final good for a final good producer with productivity ¢ requires

1
¢
productivity of a final good producer depends on factors unobserved by the econometrician

input bundles, each with cost depending on the vector of suppliers X;". I assume that the

(such as the quality of the supplier’s product) that are particular to its individual supplier
match. In particular, productivity for producer m is multiplicative in a common element for

that producer ¢,, and the “quality” of the variety from exporter x, /\x7j7t.|ﬂ

J

S (X) =t [ [ M2

j=1
The marginal cost of an importer m with productivity ¢,, is:

MO (xXp) = mm (xm) (4)

Maximizing expected profits at time ¢ means that importer m must set the price of their

17Given the richness of data available, I implement a model that takes explicit account of “quality”
considerations, in particular, those characteristics of an exporting firm that are observed by the potential
importer, but unobserved by the econometrician and tend to be correlated with the price. I use the control
function approach of [Kim and Petrin| (2010). I specify the estimating procedure in Section 4.2 below.
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final good optimally and choose the optimal vector of exporter choices X/™:

Tt = max p,Qm — MC (X[") Qnm
pmngm
Using the assumption of CES demand, the optimum price of the final good for producer
m is a markup over the marginal cost, p,, = -3 MC (X;"). Plugging this and our expression

for marginal costs into the above profits equation gives the following equation:

1 o 1-o -1 1—
m _ —B . Xm o - Xm e 5
w5 (200) o (X 6 (X0) )

The multiplicative nature of Equation and its subcomponents means that supplier
choices are independent across inputs. To see this, taking logs of , plugging in, and

defining log expected profits attributable to input j as In7}}, we have:

Inm" = A—l—lnwﬂ—i—Zlan}
kg

where

m P E— .
In7?; = max v (c—1)InA, .
it

+(1—-a)(l-o) Y5 [E [lnp;:rfj,t] + <X,j]l{x§n,t # 35%—1} + CC,jH{CT‘CLt # C?,t—ﬁ} (6)

and A = In {%B (ﬁ)l_a wo‘(l"w,‘;l%aptures all the terms not associated with the cost
of an input bundle for the final good Since the decision of input j is wholly separate
from the decision of other inputs, I now focus attention only on the market for one input
and drop the j subscript.

How does an importer decide which exporter maximizes profits? It is a maximization
problem of discrete choice, so expected profits are calculated for each choice, and the partner
with the highest expected profits will be chosen. I define the exporter-specific expected log

profit term for any choice x}* as 7" (x}", 3):
T (2", B) = Aoy + BpE [Inpyy | — Bxl{af" # iy} — Bol{c]" # ¢} (7)

where € = v(0 1), Bp = —(1—a) (0~ 1)7, fx = (1-0a) (0~ 1)7Cx, and fo =

18In Equation @, I use Jensen’s Inequality and the fact that the expected price is almost-surely constant
to assert that the log of the expected price is equal to the expected log price.

OIntuitively, for elasticities of substitution o > 1, higher quality Az,j,¢ leads to higher profits, while higher
prices lead to lower profits.
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(1 —a) (0 —1)v¢c. I summarize the vector of unknown parameters as 3 = {8p, Ox, B¢, &}

The final element of the importer’s decision is a stochastic profit shock. For the dynamic
profit problem, as in |Rust| (1987)), I allow for a shock from choosing x; that is observable
to the importer, €;",. This profit shock stands in for all of the other unobservable traits not
included in (7)) that may result in a match.

Equation ([7)) is the cornerstone of my estimation strategy.m Starting from a general
model of importing behavior, I have derived a choice-specific profit equation that can be
estimated using MPEC.@ To summarize this equation in words, if importer m chooses a
different exporter than they used in the previous period, then this firm must they must
pay a fixed cost [Bx, while if they use a different exporter in a different city, they pay
Bx + Bc. The parameter 3, is a measure of how sensitive switching is to changes in price.
Estimating {8p, Bx, Bc} product-by-product will provide a measure of the frictions firms face
in switching partners and locations, and enable the posing of counterfactual experiments.

Estimating the unknowns in Equation (7)) can be achieved by calculating expected log
profits from each potential importer-exporter match, using observed outcome data to find
the most likely values. Put differently, it is possible to rank an importer’s expected profits
from choosing any exporter x;, meaning that the observed exporter choice in the data should
be the one such that expected profits from that exporter are higher than all other potential
choices. I use data on observed outcomes, prices, and estimated exporter quality as well as
assumptions about the evolution of the stochastic profit shock to solve for the parameters
via maximum likelihood estimation of the firm’s dynamic profit maximization problem.

In order to illustrate which state variables enter into the dynamic estimation of Equation
, I first lay out how price expectations for any potential importer-exporter relationship

are formed.

3.2 Prices

3.2.1 Exporters

Within any product category j there are numerous exporters x producing individual varieties.
They set the price for their variety at time ¢ based upon their firm-specific marginal cost,
which in turn depends on their quality choice A,;. I follow the same functional form for

exporter quality as in [Hallak and Sivadasan| (2013), and continue to drop the j subscript.

29Tn Section 3.5, I describe a variant of Equation @ with an additional term capturing whether the
importer and exporter are in an ongoing relationship, allowing me to assess any potential bias in my estimates
from serial correlation in exporter choice.

21This equation resembles the worker utility function from choosing different employers discussed in |Fox
(2010).

17



The optimal price is:

wm,t

Pzt = M:L”Mcx,t = Hz (Am) (8)

x

where z is the idiosyncratic productivity of exporter x, w is the wage, and, as above, X is

quality. I assume that exporters simply set a constant markup p, over time. Finally, I allow

m

for an additive error term to affect the exporter’s observed price to an actual importer, u;";.

This means that the price an individual importer will pay to an exporter over time can be

written:

Inpl =Inpl, |+ (Inwey — Inwy1) +ul, (9)

3.2.2 Price Evolution

Equation @ means that the importer can partially predict every exporter’s future price that
they will face. The first component of the importer’s expected 