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ABSTRACT

Zhong, Jiatong Ph.D., Purdue University, August 2019. Essays in International
Trade. Major Professor: Chong Xiang Professor.

The first chapter quantitatively examines the impact of exporting countries’ rep-
utations for product quality on aggregate trade flows. I introduce a novel data set in
which recall incidences retrieved from the Consumer Product Safety Commission are
matched to U.S. import data from 1990-2009. Using a model of learning I construct
a measure for exporter reputation where consumers internalize product recalls as bad
signals. Structural estimation of the model finds that reputation is important and
especially impactful for products used by children. The market share elasticity of
exporter’s reputation is around 1.49 across products, similar in magnitude to the av-
erage price elasticity, which is around 1.51. Improving reputation can increase export
value, but reputation is sluggish: increasing reputation by 10% can take decades for
most exporters. Counterfactual exercises confirm that quality inspection institutions
are welfare improving, and quality inspection is especially important for consumers
of toys.

The second chapter summarizes the correlation between export decisions of Chi-
nese firms and product recalls for Chinese products. I use a new data set where
I link recall data scraped from CPSC to monthly Chinese Customs Data. I found
that recalls from previous months correlates negatively with the decision of export
participation, but not with export value.

The third chapter, coauthored with Kendall Kennedy and Xuan Jiang, analyzes
how China’s industrialization and the immediate export growth due to the Open Door
Policy change Chinese teenagers’ education decisions, which explains the education

decline. We find that, middle school completion rates increased and high school



xii

completion rates decreased in response to export growth. This suggests a tradeoff
between education and labor market opportunities in China. These education effects
are more prominent for cohorts who were younger when China’s Open Door Policy
began, even though these teenagers also faced a stronger education system compared

to the earlier cohorts.



1. REPUTATION OF QUALITY IN INTERNATIONAL
TRADE:EVIDENCE FROM CONSUMER PRODUCT
RECALLS

1.1 Introduction

Vertical product differentiation plays a critical role in explaining production and
consumption patterns in international trade. The most popular quality measure
in trade is price-adjusted sales, which is estimated assuming consumers have per-
fect information about product quality. Our experiences often depart from this as-
sumption. While a few trade papers have theorized how quality uncertainty affects
trade and consumer welfare, their models focus on the static equilibrium outcome [?,
e.g.]]bond1984international,falvey1989trade,chisik2002reputational and the empirical
investigations are limited to changes after one event, such as implementing quality
standards [?, e.g.]|potoski2009information. A dynamic model allows demand to be
path-dependent and to adjust slowly to quality signals. These properties are impor-
tant elements in decisions concerning investment into product quality. This paper
focuses on the dynamic demand responses and evaluates whether the premises for dy-
namic quality investment models (i.e. that seller reputation matters) have empirical
support in international trade.

When consumers are unsure about quality, they rely on their knowledge of the
product, which is referred to as the reputation of sellers. Capturing reputation em-
pirically is challenging for two reasons. First, reputation is history-dependent, so
we need to measure a dynamic framework. Second, estimation of a dynamic models
needs a data set containing events that repeatedly impact product quality and the
market responses to such impacts. This paper proposes a measure of reputation for

exporting countries constructed by exploiting the cross-countries, cross-time variation



in product recalls. By quantifying the value of reputation, I evaluate exporter incen-
tives to improve product quality. Counterfactual exercises quantify the consumers
welfare gains from having an effective quality inspection institution.

This paper introduces a unique data set that merges product recalls with import
flows to reveal how market responses to informative signals. I scrape all recall notifi-
cations post by the Consumer Product Safety Commission (henceforth CPSC) from
1973 to 2015, and use recall date, product descriptions, and exporting countries to
match the recall incidences to U.S. monthly import data from April 1990 to December
2009H A prominent data pattern revealed in this data set, as illustrated by figure
is that larger exporters tend to face more recalls. However, if we zoom in and
focus on one exporting country, its market share declines immediately after a major
recall event hitsP] An intuitive explanation is that volume matters: conditional on
the fraction of unsafe products, countries selling more units are more likely to face
recalls, so even if recalls have negative impacts on sales, the effect is obscured by sales
itself in a micro-econometric analysis. This paper disentangles the impact of recalls
from the sales volume and provides a quantitative method to evaluate the impact of
bad signals.

In this model, each product-exporting country pair is a variety, and each variety
has a different fraction of safe products. Consumers do not know the fraction for each
variety, and unsafe products look identical to safe products before purchase. However,
they can use observed recalls to learn about the fraction and form an expectation for
the quality which enters aggregate demand as a product characteristic. Following
Board and Meyer-ter-Vehn (2013), I define reputation as the expected quality formed
in each period of the learning process.

The model is estimated exploiting the market share responses to recalls, and the
mean and variation of recalls. The parameters that shapes consumer learning process

are identified with a convergence property of Bayesian learning. Learning parameters

!'The Commission provides public access to their recall database through a Recalls Application
Program Interface (API).
2See figure for an example using Hong Kong export of toys.



are estimated such that the mean and variance of recalls predicted by the learning
outcomes of the last period match the moments from the observed recalls. Reputation
is constructed with the learning parameters, quantity of imports, and recalls. The
taste for reputation is estimated such that predicted market shares match observed
market shares. All parameters are estimated simultaneously using generalized method
of moments, and as a mathematics program with equilibrium constraints (MPEC).

Using estimated reputation and preferences, I perform counterfactual exercises
that concern exporters and consumers respectively. First, I calculate the impact of
recall events on market share and trade value. Estimates suggest that consumers
do not factor reputation into decision making for some products (like lamps), but
they weight reputation for products like toys and children’s clothes heavily. On
average, a 10% improvement in reputation can increase market share by 14.9%, and
for some products the increase can be up to 50.7%. However, reputation is sluggish,
especially for small exporters who used to be large exporters. Even for an average
large exporter, it takes almost 36 years of recall-free presence in the United States
to improve its reputation by 10%H Second, I examine the value of having a quality
inspection institution by simulating a counterfactual scenario in which the probability
of a bad product being recalled is reduced from 90% to 50%. Average welfare losses
vary from 0.028 cent to 87 cents per purchase depending on the type of product.
Total welfare losses can average up to 2.78 billion dollars a year for toys, while for all
other products (e.g. sweaters and battery) the mean is typically less than a million
dollars a yearﬁ The results suggest that for the importing country, a product quality
inspection institution like the CPSC can improve consumer welfare.

This paper is related to the trade literature involving quality uncertainty. The
theoretical component uses a learning approach, which adds to two popular methods
to model quality uncertainty of imported goods: adverse selection [1-4] and reputation
premium [5]. I introduce a dynamic framework featuring quality uncertainty into the

international context, which is closer to the recent models of reputation and uncertain

3Here, large is defined as in the upper quartile of export quantity.
4The United States spent over 20 billion dollars on toys last year.



product quality developed in industrial organization literature. The learning model
also allows me to evaluate the welfare impact of information disclosure, which only a
few papers have theorized [6|7], and I am not aware of any paper that quantifies it.

This paper contributes to the relatively small empirical literature of quality un-
certainty in trade, which primarily examines the effects of national and international
quality standards [8,(9]. The empirical component of this paper departs from that ap-
proach in two ways. First, in my model the signals are sent repeatedly, so I propose
an empirical strategy that can handle a dynamic framework. Second, I introduce
a new source of data that reflects product quality. Compared to quality standards,
recalls provide more frequent changes to infer reputation. Relative to the customer
ratings from online platforms used in empirical industrial organization [?, for exam-
ple]|mayzlin2014promotional, this data set contains more products and information
about exporting countriesE]

The empirical analysis also contributes to studies using product recall data. [11]
used toys recall data from the CPSC to run a difference-in-difference regression, es-
timating the spillover effect in volume of sales to the producer and the industry. [12]
examines whether FDA uses import refusals strategically during recessions under the
pressure of protectionism. This paper offers a new topic and a corresponding empirical
method to utilize information from recall data.

The model builds on a rich literature studying sellers’ reputation when product
quality cannot be perfectly observed (See [13] for a detailed survey). It fits into the
branch of literature where sellers have hidden information from consumers, and it
is most similar to that in [14], sharing the feature of learners updating their belief
under Bayes rule. It borrows the definition of reputation from Board and Meyer-ter-
Vehn(2013) as they explicitly model signals in a manner close to how product recalls
happen. This paper focuses on consumer responses instead of firms’ investment in
product quality, which is a common interest in the learning literature in industrial

organization. Another important difference is how information is distributed: I ab-

°See [?,7?] for additional empirical works on quality standards. [10] uses online reviews as a proxy
for reputation of foreign individual sellers.



stract away from the concept “experimentation” discussed in [15] and [16], which
features consumers strategically making purchase decisions in order to obtain more
information. In my context, signals are sent out by a quality inspection institution.
The empirical literature on sellers’ reputation uses almost exclusively data from elec-
tronic market place. My results are consistent with their conclusions, that sellers
are rewarded by having a good reputation [?, e.g.]Jeaton2005valuingInfo, although it
is not the case for all productsﬂ Most empirical works cover one specific good or
service (e.g. iPod in [21]), but my study covers many products, and studies impact
on exporters instead of individual sellers.

This paper contributes to the growing research applying learning models in trade,
which mostly concerns how firms learn about foreign markets before entry [22-24] and
how firms building a relationship with foreign suppliers [25]. Two learning models are
popular among trade economists, learning with experimentation featuring firms start
with small transactions before expansion [23,25] and Bayesian learning characterizing
how firms obtain information about foreign markets [22}24]. This paper follows the
tradition of [22] and [24], but focuses on the consumers’ perception.

This paper is organized as follows. In the next section I introduce a partial equi-
librium model that captures how consumers update their perception of an exporter’s
reputation in a market using observations of product recalls in a period. Section [1.3
explains the empirical strategy for estimating this model. Section describes the
novel data set, and I report the results in section and [I.6] Section concludes.

1.2 A Learning Model for Exporters’ Reputations

In this model, I introduce the definition of reputation, how it evolves over time, and
how the market responds to it, focusing on the consumers’ decisions. I assume that
firms within an exporting country face perfect competition, and supply inelastically

in each period. Consumers make purchase decisions based on prices and the current

6Other papers that have similar conclusions include [17-21]



reputation for each exporting country. After purchase, they observe quantity sold,
recalls, and update the reputation at the end of the period with past reputation and

the new signals they observe.

1.2.1 Consumers’ Problem

There is a continuum of consumers indexed by i. In each period ¢, each consumer
consumes one unit of a differentiated product, s, and y;; units of a homogeneous
product. Consumers do not observe the true quality of the differentiated product,
but they observe the country-of-origin, j. The differentiated product is either safe
or unsafe, characterized by the unobserved quality z that takes value 1 if it is safe,
and 0 otherwise. Consumers cannot distinguish between safe and unsafe products
before purchase, but they observe the outcome after purchase which factors into their
realized utility. I take an utility function similar to that in Petrin (2002). The utility

after purchase and quality revelation is written as

Uijse = 05 10g(Yie) + A 2jse + Njs + Usp + Ejse + Eijse-

njs is the time-invariant preference common across all consumers for a product from
a country, which captures time-invariant unobserved characteristics, such as Italian
men’s wool suits are considered better. 1, captures the time specific demand for
product s, for example higher demand for toys in the last quarter of the year. &j;
represents unobserved demand shocks like retail channels and unobserved variety
characteristics. €5+ is the idiosyncratic preference shock that follows i.i.d. Extreme
Value distribution.

In each period, consumers maximize their expected utility by choosing one ex-

porting country to buy one unit of differentiated product from. Let H; denote the



information set available to consumers when making a purchase decision. The ex-

pected quality of product s from country j is denoted as
Tjsit ::Eusz?{A.

We will discuss what is in the information set H; and the functional form of ex-
pectation in the next section. Using the law of iterated expectations, we can write

consumer’s maximization problem as:

max E[uijs¢| = E [E[tijs|Hil]

JEls
= aglog(yis) + aajse + Njs + Yst + Ejot + €ijsye (1.1)

st. i+ pjse < I,

where I; is the budget constraint that can be interpreted as income, pj,; is the
price for one unit of differentiated product s from country j € J,, and J, is the set of
exporters who sell product s to the United States. Price of the homogenous product
is normalized to 1. The consumer optimization problem is a standard discrete choice
problem as in Petrin (2002), where expected quality of the differentiated product
enters consumer’s decision as a product characteristic. Following [26], I refer to the
expected quality xjs; as the reputation for product s from country j at period ¢, and
I will henceforth call it “reputation” E| In the next section, I will derive the law of

motion of reputation.

Deriving the updating process

This section begins with a sketch of the probability problem a consumer faces

when she infers the expected quality of the product using history of sales, recalls, and

"Note that the definition of reputation is similar to that in the “perfect bad signal” scenario in [26],
but the model is different in two ways. First, this model is in discrete time while [26] sets their model
in continuous time. More importantly, [26] concerns firm’s investment in efforts and their model
includes a productivity shock, but this model abstracts away from firm’s strategy or productivity.



country-of-origin. I then derive the reputation updating process from the consumer’s
rational expectation, and show that reputation can approach the true average quality

for each exporting country given sufficient periods of learning.

Deriving the updating process

Consumers do not observe quality of differentiated products, but they can observe
the country-of-origin label. I assume that the fraction of safe product s from an
exporting country j is 0,5, which consumers do not know fully, but they can learn
about it through signals. In particular, their belief follows a distribution on [0,1], and
signals change that distribution over time. The true fraction is assumed to be constant
over the periods of learning. If the product is unsafe, then there is a probability u*
that it will be recalled. That probability is product-specific, but common across time

and across exporting countries. Figure illustrates the above-described process.

/
_0;: (Unsafe]
X/v N
’

Figure 1.1.: Probability of recall before revelation of quality

I assume that safe products will never result in a recall, which should not be
far from truth. Most recalls are triggered after one or more hazardous events are
reported by consumers or retailers. CPSC investigates the reports and if the Com-
mission decides that there is a “substantial product hazard”, it will issue a recall. If

a retailer or manufacturer voluntarily recalls the product—usually after a consumer



complaint—the recall notice will be issued fasterﬁ In both cases, recalls are mostly
complaint-driven, so it is reasonable to say that recalls are only issued to problematic
products.

Consumers do not know the value of 6}, but they form an expectation of its value

based on informative signals. Their information set for product s from exporter j at

t—1
=1

period t is H,s, which contains the history of recalls {rjw}i;ll, quantity {g;s-}
and reputation {xjsﬁ}:;ll at period t. When realized quality is 0 or 1, the reputation

coincides with the expected fraction of true productsﬂ
Tjst = Elzjs|He] = B [055|H] -

Consumers’ expectations form the menu of reputation {zjs:}; ;. for different ex-
porters j. Information set H; contains all information sets for a particular country-
product pair H;, but the information necessary to update one country’s reputation
is only its own history.

Figure illustrates the timing of events in the first two periods, and other
periods follow the same pattern. Before they make the purchase decision in period
t, consumers learn about the probability of getting a safe product if they buy from
country j by Bayesian updating their probability assessment using the signals of
recalls they receive in last period.

Purchasing from country j is analogous to making a random draw from a pool of
size gjs4. Given that the true and unobserved fraction of safe products is 0;, for a
country j, consumers purchased a total of g;s:(1 — 6;5) units of unsafe products. For
each unit of unsafe product, there is a probability p that the CPSC will issue a recall.

This can be due to consumers being unaware of the product defect or the CPSC’s

investigation failing to confirm the product’s defect after the initial report.

8Consumers, government agencies and medical practitioners can voluntarily file reports of prod-
uct hazards to the CPSC, while manufacturers, importers, distributors, and retailers have a legal
obligation to report the products to the CPSC once they learned the product defects and hazards.
9More generally, when realized quality is @ when product is unsafe and b when product is safe, b > a,
expected quality is a linear transformation of the conditional expectation of 0;5: x5+ = E[zjs|H:] =
a+ (b—a)E[0;s|Hjst] - The reputation motion is a straightforward extension of the current form.
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In derivation of updating process, I suppress product and country indices since
the same process applies to all product-country pairs. The signals are sent through
standard Bernoulli trials, and, following Bayes’ rule, the likelihood function with a

data realization is:

p(rlf) = L(0) o [(1 = O)u]"[1 = (1 = O)p]™™" = 2" (1 = 7)""

where v = (1—0)u is defined for notation simplicity. + is the unconditional probability
of sending a recall signals for each draw.

If we assume that the prior distribution of 7 is a Beta distribution, the reputation
updating process follows the equations in Proposition 1. The Beta distribution is
a conjugate prior distribution for the Bernoulli likelihood function: it means that
before and after the update, the distributions of + are both Beta distributions. This
is algebraically convenient for us to compute an expectation before and after learning

in a period. [[7]

Proposition 1. When we choose a Beta distribution B(By,0o) as the prior distribu-

tion for v = (1 — 0)u, the reputation update from period t to t + 1 follows:

(xl o P (1.2a)
1(Bo + do)
ﬁt +5t qi ( Tt )
Tip1 = Ty + 1—-— 1.2b
L U Bth e Bt ta Kqt (1.25)

with By and &g as the initial parameter values for the Beta distribution By = [y +

Sy and 6 =00+ Y g — Y e

The intuition for fy is the cumulative units of goods ever recalled from a variety

before the first period the data set allows econometricians to observe. Similarly, d

10Tn appendix T include a discussion of using truncated Beta distribution as a prior, for readers
who are concerned about the upper limit of the distribution of 7. I concluded that if 8 and § are
large enough, the reputation updating procedure is the same as the one shown using standard Beta
as a prior.
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is the cumulative units of un-recalled products sold into the United States before the
first observation. S, and dy absorb the history before the starting period in estimation.
By is the total cumulative units of recalled products up to period t, and d; is the total
cumulative units of safe products sold up to t. The summation of §; and 3; produces
the total cumulative units of goods sold before period t.

Equation [1.2b| is in the form of a weighted average of current reputation x; and

r
new information 1 — ——. The first term in equation [1.2b| contains a coefficient of x;

K
that captures the persistence of reputation. The coefficient can be re-written in the

form:
Bi+d  Botdo+han

B+ 0+ a _ﬁo+50+23=1q7.

The denominator of coefficient is the cumulative units of goods sold at the end of

period t, and numerator is the cumulative units sold before period ¢, so intuitively,
the coefficient captures the “weight of history”. When [, and dy are small relative to
the total quantity sold in past periods, the coefficient is dominated by the fraction of
the summation of the units sold up to period ¢ — 1 over the units sold up to period
t. This weight is between 0 and 1, and it increases over time, so it is a term that
captures the convergence of reputation.

The second term captures the new information in period ¢. The coefficient is the
fraction of quantity sold in period ¢ in the cumulative units of goods sold at the end of
period ¢, which is intuitively the “weight of new information”. The term <1 — i)

Hqt
is the expected fraction of safe products in the market in period t.

is the fraction of the cu-

Equation [1.2a] represents the initial condition.

0
Bo + do

mulative sum of recalled products relative to the sum of all units sold before the first

1
observation. Adjusted by the efficiency of the recall —, L
- p(Bo + o)

is the expected
fraction of unsafe products in the first period.

Bo and 0y must be positive numbers, as implied by intuition, and they are likely in
a magnitude comparable to (or larger than) the volume of trade flows observed. The
probability of recall (given that a unit of product is bad) is given by parameter p, and
w € (0,1]. p cannot be zero; otherwise, equation and are not well-defined.
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Intuitively, the effectiveness of inspection cannot be so bad that a recall is close to
impossible. Quantity ¢; is a positive number that does not go to infinity, and the
units of recall r; are nonnegative and bounded above by ¢; in each period. The range
of parameters in proposition (1| imposes almost no other restrictions beyond those
implied by economic intuition, but they are necessary for the asymptotic property

presented in the next section.

Asymptotic property of reputation learning

Bayesian learning is a type of perfectly rational learning. With some restrictions,
the expectation converges asymptotically to the true value agents learn about. I will
refer to this asymptotic property as “effective learning” henceforth. I will return to
this property in the estimation section, as it is useful for identification.

I assume that, conditional on the history H;s, the fraction of safe products 6;, and
probability of recall for unsafe products u*, the expectation of import in period t+1 is
product-country-specific, but time-invariant. That is, consumers do not learn about
the size of market from history. This assumption and the assumption on bounds of
parameters are formalized in Appendix as assumption [T and 2] Together, they

provide sufficient conditions for asymptotic effective learning.

Theorem 1. Given assumptions[]] and |3, learning is effective asymptotically. That

18, the expectation converges to the truth when T s large:
Tjsr — 05, as T — oo

Proof. See Appendix [A.3.6][] ]

In each period t, every consumer forms their expectation for product quality from

the observed signals 7, ; and market size g;s, and then from the menu of reputation

1This proof is only slightly different from a standard proof of convergence in Bayesian learning.
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and price they make their purchase decision. By aggregating individual purchase

decisions, we can compute the countries’ market shares using a discrete choice model.

1.2.2 Equilibrium

Following standard logistic demand assumptions and let the budget constraints
hold with equality, the market share of country j in a particular product market s in

time ¢t is:

dF(e)

Sjs,t - /
€igs,tluijs e >u0, Vi #5}
= (Je — pjsyf)aanP(@ixjs,t + Njs + Vst + Ejs ) (1.3)
L+ Zjﬁ:l (It - pj/57t>aaexp(agscxj/s,t + Njs + wst + Ejs,t)

subject to constraint:

I, > Djs,t

In equilibrium, the goods market clears. In each period, the United States imports
as many units of products from each exporter as demanded in the domestic market.
The United States is treated as a supplier as well, and the utility of purchasing from
the U.S. is normalized to 1. Since firms are perfectly competitive within an exporting
nation, price is determined by country-specific costs and treated as given in this
framework.

Formally, the equilibrium definition is:

Definition 1 (Equilibrium with Learning). An equilibrium in this model is defined
as a JxSx T-by-8 matriz of price, reputation and import flows [pjs+, Tjst, @jst| with a

Bayesian learning motion such that:

1. Import Market Clears:

Sjs,t = Sjs,t<pjs,t7 Ljs,t gjs,t; asu /'L57 ﬁ(s)u 6(8])
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2. The Bayesian learning motion satisfies:

Tjst+1 =

ﬁjs,t + 5js,t Tias + Qjs,t (1 . Tjs,t)
Bjst + 0jst + Qs 7 Bjst + 0jst + st His

t—1 t—1 t—1
U)her@ /BJSt = /65 + Z’T:l TjS,T and 5.781: = (58 + ZT:I qu,T - Z’T:l /er,T}' and /68 and

0y as the initial parameter values.

1.3 Empirical Strategy

Income Iy, price pjs ., total units of sale g5+, quantity of risky products 75, and
market share S;;; are data in the equilibrium with learning. For each product s,
w, B85, o, and the vector of demand function coefficients o® are parameters that
need to be estimated. Price, quantity, the number of recalls, and market share vary
across time and varieties, while income varies over time only. Parameters vary across
products, but are constant over time and across exporters.

The baseline estimation is done product by product. A product is a commodity
classified under a six-digits harmonized system code in the import data. Within each
product s, the set of learning parameters (u°, 5§, 65) enters the model non-linearly,

and given estimated reputation {x;s;} the vector of demand parameters

jET te1,2.. T
a® enters linearly.

There are three main challenges to estimation. First, although the demand equa-
tion can be linearized, the system of equations is still non-linear because of the
Bayesian learning motion. In addition, the reputation measure x;,; is constructed, so
to make sure its value aligns with the data, I use a property of Bayesian learning and
introduce an additional objective function in estimation. Multiple objective function
optimization problem (henceforth MOOP) is common in engineering, but less so in
economics, so I borrow a classic method in engineering to transform this problem

into a single objective function problem. Finally, price is endogenous in the demand

equation, so it calls for an instrumental variable.
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The empirical strategy has two parts, though they are estimated simultaneously.
These parts correspond to the main challenges in identification. In the first part,
I use history of import quantity and recall units to back out the parameters that
determine reputation dynamics, exploiting the asymptotic property in theorem [1]
This condition implies that after enough periods of learning, the reputations for each

country approach the true unobserved fraction of good products.@

1.3.1 Estimating Bayesian Updating Parameters from Recalls and Quan-

tities

Separately identifying preference for reputation «, and the probability of a recall
i requires us to take advantage of a property of learning, because reputation s, is
constructed. Intuitively, I use the fraction of unsafe products implied by the learning
model to predict the mean and variance of recalls, and match the moments to those
observed in recall data. Theorem [I| shows that, given enough periods of learning,
reputation converges to the true expected quality. I take the vector of reputation in
the last period x5 r and use it as a proxy for the unobserved fraction of good products
8;s. To ensure that consumers actually learn sufficiently, I only include exporters who
have been in the U.S. market for more than 10 quarters. Using J! to denote the
set of exporters of product s that we have observed for more than 10 periods, we
can formulate this criteria as the following likelihood estimation. Given the units of
import from each country in each period g;s¢, the number of unsafe products in the

market in period t is:

Loo(18°,85,05) = Y s X wjs0(1'; B3, 55)

JeJs

I observe the total number of recalled products in each period R,; = Zje g1 Tsit-

For each lemon in the market, the probability of being recalled is p°. Ry, is the

2In the estimation, “enough” is defined as at least 10 quarters of learning.
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realization in period ¢ of L,; independent Bernoulli trials with “success” probability
1® and follows binomial distribution. Given that L, is large, we can use a normal
distribution N (p®Ls ¢, u*(1 — 1) Ls ) to approximate the binomial distribution, and
the log-likelihood function is:

T
L(Ra|0(1%: 83, 65). Qs) = Y logd(Ratl 0(11°), Qsr) (1.4)
t=1

where (b(RSt]é(uS), ()s+) is the normal probability density function with mean pL,
and variance p(1 — 1) L[] Given learning parameters, reputation can be constructed

without price or market share data.

1.3.2 Demand Estimation

For each set of value (u°, 83, d5), reputation can be computed as a given prod-
uct’s characteristics. The rest of the parameters—the preference parameters (o, o)
constants and fixed effects—are estimated from a standard discrete-choice demand
system. I follow [27] and treat purchasing from the United States as the outside
option in the discrete choice. In cases without income heterogeneity, the demand

equation can be linearized (see [28]). The log-linearization of market share equation

L3l is:
ln(ssj,t) - ln(ss,US,t) =c’ + aixjs,t + a(s) hl(]t - pjs,t) + Njs + 77Dst + gjs,t

I; is the average household expenditure on consumption goods per quarter over all
observed periods. The coefficient of is the own price elasticity of the good s. The

term In(I; — pjs.), given price is involved, is correlated with the unobserved product

3The approximation is mostly for computation. Matlab cannot compute the likelihood of this
binomial distribution since the power exponent is too large.
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characteristics. Thus, I use unit shipping cost as the price instruments following
Khandelwal’s argument [27)[1]

The definition of market share as a fraction of trade values instead of quantity
implies a small modification of the linearized equation. The regression equation in

the case of homogeneous income is:

In(Sjst) —In(Susse) —In(pjse) = ¢ + ahxjsr + agIn(ly — pjse) + 1js + Vst + €51
(1.5)
Denote y;s; = In(Sjs+) — In(Sus,se) — In(pjse), and henceforth I will use y = {yjs4}s+

to refer the dependent variable constructed from market shares.

The residual of regression forms the orthogonality condition necessary for
GMM estimation:

E[fjs7t|h(xjs,ta st,t)] =0

where h is a function of the observed exogenous variables and the instrument "] The

moment condition for the GMM estimator is:

1 T K A
g(a) = Tx K ZZ kot - 1(2hts Tht)
T TxK m

1 T K
= Tx K ZZ Z/(yk,t — katd)

t=1 k=1

4Khandelwal provided an explanation for the validity of these instruments, see [27] for details.
I have also tried exchange rates and oil price times distance between importer and exporter as
instruments, but the first stage test shows that they are not as ideal.

15Tn the Nested Fix Point approach [28], the unobserved characteristic & is calculated by inverting
the market share equation . The MPEC approach does not require such an inverse and can thus
be faster.
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In the baseline estimation, Z is a simple vector of exogenous variables and instru-

mentsE

1.3.3 Estimating the Model as One MPEC Problem

The model is estimated as a mathematical program with equilibrium constraints
(henceforth, “MPEC”) problem. This is a technique widely used in engineering and
recently adopted in industrial organization to solve optimization problems with many
nonlinear constraints[”’| Dubé, Fox and Su have shown that MPEC has a significant
speed advantage for the estimation of large-dimensional problems with many markets
[33] and also improves convergence compared to the nested-fixed point algorithm. By
setting the Bayesian learning procedures as dynamic constraints, the model can be
estimated simultaneously as a MPEC problem.

This problem is also a Multiple-Objective Optimization Problem as we have both
the GMM objective function and the maximum likelihood function introduced in sec-
tion [1.3.1, The MLE adds a layer of complication to the econometrician’s problem,
but is necessary to pin down the structural parameter p. I used the epsilon-constraint
method for MOOP first introduced by [34] to re-write the MLE objective function
as an inequality constraint. The epsilon-constraint method keeps one of the ob-
jective functions and rewrites the rest into constraints by restricting them within

an econometrician-specified range from their optimal values. Before the estimation,

16In the main estimation, I provided the constraint Jacobian and Hessian matrix to improve compu-
tation speed. Given that the variable x ;¢ is a non-linear function of some parameters, the Jacobian
and Hessian matrix will be much more complicated. I also tried using h(.) as a second order poly-
nomial following Dubé, Fox and Su without providing the Jacobian. The estimation results for one
industry are similar to that using only simple instruments.

[29]discusses finding asymptotically efficient instruments for nonlinear models using nonparametric
method.He introduced two methods: k-nearest neighborhood and series approximation—which is the
polynomial-based instruments. Series approximation is more suitable in this case because I provide
constraint Jacobian to speed up computation. To derive the constraint Jacobian I need the optimal
set of instruments to be differentiable. In fact, this set of instruments performs reasonably well in an
efficiency comparison. Reynaert and Verboven [30] ran a simulation estimating a random coefficient
model and found that the set of instruments used in Dubé, Fox and Su outperforms pseudo Monte
Carlo integration.

I"MPEC is not frequently used in trade. See [31,32] for examples of applying MPEC method in
trade.
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the econometrician must run the optimization problem as a single-objective function
problem to obtained the objective values for each objective function, which is the “op-
timal value” mentioned above. Intuitively, there is a trade-off in optimization when
there are multiple objective functions. The epsilon-method prioritizes one objective
function as long as the secondary objectives are “good enough.”ﬂ The inequality

constraint introduced by this method is:

|L(R|O (115 B0, 00), Qi) — L¥] < e

in which £* is the maximized value of the log-likelihood function provided by running
the constrained optimization with log-likelihood function as the objective function.
The value of ¢ is chosen by the econometrician[”|

Note that I can take advantage of the linear form to greatly reduce the compu-
tation time and the number of constraints. Given any guess of (u®, 35, d5), we can

construct {z s} to obtain the matrix of independent variable X. The solution

JEIteT
& that minimizes the GMM objective function ¢'W g is the standard GMM estimator:
Qgmm = (X’ZWZ’X)_lX’ZWZ’y where W is the GMM weighting matrix Thus,
the residual é = y — X & can be specified rather than solved for as in nonlinear de-

mand system (e.g. in a random coefficient specification). This advantage reduces the

number of constraints by almost half.

8Other simple alternatives include using the simple or weighted sum of objective functions. I have
tried both and they give similar results to the epsilon-method.

19The main challenge with this method is that the value of € is chosen artfully by the econometrician.
An € too small will result in a problem with no feasible solution (as constraint not satisfied), and
one too large renders the likelihood constraint useless. In my estimation, € is 300 and Lx ranges
between 1400-1500 across industries.

20T used the identity matrix as the weighting matrix in the estimation. I have also tried two-steps
GMM,and (Z’'Z)™", but both yield weighting matrices that are close to singular or badly scaled.
Here I prioritize computation accuracy over asymptotic efficiency.
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The optimization problem, written as a MPEC problem, is the following:

min "W
Bo,00,14,9 g
subject to:
o g — Bi + 0 o qept — 7t
1: 1=
" By + 0 + q; ' w(Be + 6 + qr)
Co . Zlé =g
st |L(R|O(u; Bo, 60), Qr) — L7| < €
Bo

Cy - <

! Bo+ 00 a

Constraint ¢; describes the motion of reputation; ¢, is the moment condition, c3
specifies the likelihood function necessary to pin down u, and ¢4 guarantees that the
initial reputation guess does not go beyond [0,1].

Constraints c3 and ¢y restrict the values of learning parameters g, dg and p. In
section [1.3.1} T mentioned that in the construction of c3, exporters who have been
in the U.S. market for fewer than 10 quarters are dropped. They are still included
in the MPEC problem, entering in ¢;, ¢o and the objective function. This means I
still investigate how consumers respond to reputation of exporters who they don’t
learn much about. Countries that trade with the U.S. only temporarily are excluded
from a constraint about learning parameters because they reveal little how consumers
learn. If an exporter is not in the market (“no learning”), then the reputation stays

unchanged.

1.3.4 Mapping from variables to data

Treating the United States as a representative consumer, we can map the variables
on to data on an aggregate level. I; maps on to the quarterly average household
expenditure on the relevant consumption products. Within each HS6 category, price
Pjst maps on to the unit value of the variety (a HS6-exporter pair) in that year;

quantity ¢;s; maps on to the number of units, and 7, maps on to the units of a
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HS6-exporter pair that is subject to at least one product recall. If no product s from
country j is recalled within quarter ¢, then r;,; = 0.

At the time a recall is issued, consumers receive information about certain product
from an exporter. Assume that consumers consider the products imported from that
country in a window around the recall to be problematic. In the baseline model, I
assume that the window is three months after the recall occurs. For example, if a
recall for Chinese toys happens in January 2008, all toys imported from China in
January, February and March are considered affected by the event. Formally, 7,

can be calculated as:

Zmet Qj57t7m X I]'(st7t7m + Rj57t7m_1 + Rj‘S?tam_Z % 0)
Tjst =

where m is the subscript for months and ¢ for quarter. If in a single month, multiple
recalls for one variety is triggered, we still count the quantity only once in calculation
of 7js+. As in the previous example, if there is one recall in January and two in
February, products imported from these two months are only counted once.

The market share I calculate in the data is the share of value:

g = inili (16)
Zj/zl pj’s,tQj’s,t

For consistency of units, I calculate market share using value instead of units im-
ported. The U.S. import data set reports two different units for some varieties. For
example, in 1990, the port of Miami reported 1169 dozen, or 9096 kilograms (ship-
ment weight), of men’s suit jackets containing more than 36% wool imported from
Colombia. Some exporters, however, only report one of the units. A common treat-
ment in empirical analysis is to keep only the unit that exceeds the other in terms of
numbers of units, but an inconvenience introduced by this treatment is that differ-
ent exporters might use different units within one product market. This problem of
“hidden varieties”—even finer differentiated varieties than the HS10 categories—is a

common problem in trade flow data. Computing market share in terms of the total
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value of imports—-a unique number for each entry reported in each year with unam-
biguous units-—-allows us to avoid the complication of units for reported quantity.

This problem is not a concern for the estimation of reputation. The fraction
of product recalled is the key in computing reputation, so the unit of quantity is
irrelevant. The units of recalled products r;s; and import g;,; for a variety are
always the same.

By keeping parameters invariant across time and exporters, the framework as-
sumes that consumers only “discriminate rationally”. Namely, they differentiate ex-
porters’ products based only on the products’ current reputations and the signals
received in this period. The coefficient o governs the utility differentiation between
a high quality and a low quality product s. The larger «; is, the more consumers
value a high quality product over a low one—in other words, consumers care about the
quality of that product. As discussed in the introduction, in this empirical exercise,
“quality” only concerns the safety of the product. For example, if o, is higher in “toys
and sports equipment” than “apparels,” then we would conclude that consumers care
more about safety of toys than clothes. Surely consumers want safe products in both
categories, but the harm done to consumers by a toy with lead paint can be more
severe than a battery that can overheat. pu is the probability of a recall if the product
is of low quality. The arrival rate is determined by product characteristics and how
consumers use them. When p is high, we will consistently see frequent recalls for low
reputation countries. When p is low, fewer products are recalled per period and the

variation relative to the mean of recall level is higher.

1.4 Data
1.4.1 Matching recall data to US import flows

To analyze the impact of informative signals on the market, I created a novel data
set that links monthly U.S. import data from the Census to CPSC recall incidences
from 1990 to 2009. I can observe the quantity and total value of import trade flow by
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trade partner, by month, and by HS10 product category. I then assigned a six-digit
harmonized system code (HS6) to the products that are subject to recalls by reading
through the descriptions of recall reports.

Although monthly trade data has HS10 level products, in the estimation I can
only estimate reputation across exporter-HS6 varieties because recall events are only
matched to HS6 level. The data appendix has a detailed discussion of the matching
process and why it can only be reliably matched to HS6 level. The data is then
aggregated to quarterly HS6 level, and a time period in the analysis will be a quarter
henceforth. I need to aggregate monthly data to quarterly data because the compu-
tation of units affected by recalls requires one level of aggregationﬂ.

The recall data set contains the date of the recall, the name and a brief description
of the product, the types of hazards it brings, and its manufacturing countries@
In addition to the variables I scraped, the Consumer Product Safety Commission
reports images of the products, remedies, the consumer contact, and manufacturers’
or retailers’ names. All incidences have a recall number, recall date, name, type,
and description of the product and pictures. For more dated recall incidences, some
information might be missing. A key piece of information from the CPSC is the
manufacturing countries of the products and, as shown in table from 1990 to
2009, only 74.3% of the reports recorded at least one manufacturing country. Each
report contains a distinct recall ID. It is possible that in one report multiple products
are recorded. That is less common in the entries from recent years, but is more likely
for recall reports before 2000. In this case, if all the products recalled are from one

HS6 category, I treat it as one incidence; otherwise, I record a separate incidence for

2L An alternative to aggregate over time is to aggregate over HS6 products. A major concern to
that method is that by aggregating HS6 to, say, HS4, we are implicitly assuming that HS6 products
within a HS4 category are perfectly substitutable. This is not true for some HS4 categories. For
example, playing cards and game consoles are both HS6 products under category 9504, but they are
not substitutable.

22In more recent recall events, the CPSC occasionally reported the price and units sold of the
products recalled. The price and units sold are only available after October 1, 2010, so I did not use
that information in this paper.
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each HS6 category included under a recall ID. A few reports record multiple exporters
under one recall ID. In this case, I treat an incidence as a recall to each exporter.
The matching is done by reading the recall report title and description, so mea-
surement error is possible. Most recall reports are matched to HS6 level, while some
are matched to HS4 level. If a report cannot be matched even to HS4 level, it is
categorized as “unmatched” and omitted from the data set. For consistency, I only
used the incidences matched to HS6 level in this paper. The main difficulty in the
matching process is caused by the difference in target audience of the Harmonized
Tariff Schedule and the CPSC recall reports. The HTS schedule is designed for tariff
purposes, so the users are customs officers and exporting firms. It specifies the types
of goods and often the compositions of goods, which is a piece of information relevant
for tariff purposes and known to the producers. The CPSC recall reports, however,
provide a description of the end use and appearance of the product so consumers
can immediately identify their purchase. For example, a harmonized tariff code will
describe a product as “girl’s cotton t-shirt, 90% cotton, 10% polyester” while the
CPSC will describe it as “girl’s red cotton t-shirt with Mickey Mouse”. The data
appendix provides a detailed example to illustrate why this issue limits the matching

to HS6 level.

Macroeconomic Data

Besides the linked trade flow and recall data, I also need a measure for household
budget constraint and the market share of the outside option. To measure a house-
hold’s budget constraint on products in my data set, it is not desirable to examine U.S.
household income or total expenditures since a large share of household expenditures
will be on housing, food, transportation and utilities. Instead, I examine relevant
categories of consumption goods expenditures by types of products table provided by
the Bureau of Economic Analysis (BEA henceforth) using data from the Consumer

Expenditure Surveys. The categories I examine are durable and non-durable goods
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expenditures, excluding food and beverage, motor vehicles, and gasoline.@ I excluded
those categories because the goods in them are not under the administration of the
CPSC, so they are irrelevant to this analysis. I used the BEA annual data, so the
quarterly budget is a fourth of the yearly expenditure. All values are then discounted
using Consumer Price Indexes from the Federal Reserve Bank of St. Louis, where
1982-1984 are the base years.
Discrete choice models allow consumers to have an outside option. Following Khan-
delwal’s approach, the outside option here is to purchase from the United States.
Using the annual production data reported in the NBER-CES Manufacturing Indus-
try Database, the U.S. value of sales is calculated as the difference between the value
of shipment and the U.S. export value in that year.

Table summarizes the descriptive statistics of variables in the industries I
estimated.

1.4.2 Selecting products to estimate a learning model

The linked recall data set contains many products, but not all of them are suitable
for estimating this learning model. There are two criteria that they need to satisfy:
first, recalls are frequent enough that learning can plausibly happen, and second, the
product is not durable.

The first criteria is straightforward: if a product only has a couple recalls over
almost twenty years, then consumers do not have enough signals for learning to be
meaningful. There will be almost no variation in reputation even if they are included

in the estimation. Thus I keep only products that have at least 25 recall observations

23The categories I included are furnishings and durable household equipment, recreational goods
and vehicles, other durable goods (like jewelry, books, luggage and phones), clothing and footwear,
and other non-durable goods (recreational items, household supplies, stationary). Some non-durable
goods in “other non-durable goods” categories are also excluded. They are “pharmaceutical and
other medical products” and “tobacco”.

241 show the descriptive statistics of toys here, as the results in this industry will be presented in
greater detail in Section The rest of the industries will be discussed in Section
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over the years, which is the 90th percentile of the 144 products that have at least one
recall in the data set’] This cut leaves me 13 products/?

I limit the estimation to non-durable goods for both empirical and theoretical
concerns. Among the 13 frequently recalled products, some varieties of have units
values far exceed the average quarterly household expenditure, which is around $1000
across the years. Ovens imported from United Kingdom, for example, have unit value
exceeding $1000 for 35 quarters. All of these products are expensive durable goods
that consumers do not repeatedly purchase, at least not within a year or a quarter.
Thus it is not appropriate to include them in the estimation of this particular learning
model. I drop all the goods with a large fraction of high unit value observations, and
that are intuitively non-durable, which leaves me six products: toys,cotton sweaters,
sweaters of man-made fabric, battery, lamps and hair dryers.

In the following section, I will present the parameter estimates and discussion of
results for toys. Given that the model and data have variation across countries, prod-
ucts, and time, presenting results for one good helps us to focus on the cross-exporters
and cross-time variation. The discussion illustrates mechanics and properties of the
model. Once we have clarified the more subtle implications of the model, we will
discuss the cross-product variation in next section. Toy is chosen as the example
because it is the most frequently recalled productm It also can cause serious health

consequences in children, so consumers tend to value safety in this product.

25Here, the recall observation is not an incidence, but a quarter-variety pair. If toys from Spain
have recalls in January and March 2007, that will only count as one observation at 2007 Q1 in the
product selection process. It will, however, count as two incidences, and it affects how we calculate
the fraction of products recalled.

26They are toys, cotton sweaters, sweaters of man-made fabric, battery, lamps, hair dryers, ovens,
cradles, stoves and ranges, snow mobile, baby trolley, and equipment for outdoor games.

2"Toys have 837 recall incidences over the years, followed by snowmobiles and golf carts, which have
136 recalls.



28

1.5 Results in the Toys Industry
1.5.1 Reputation Formation

The update of reputation depends on learning parameters [, 3y, o] and the history
of sales and recalls. Section[1.2)defines p as the probability for a bad toy to be recalled.
Bo and Jq are initial values of distribution parameters that shape consumers’ prior
beliefs. Intuitively, [y is the units of toys ever recalled and ¢y is the total units of
un-recalled toys sold to the United States before April 1990.

I estimate the probability of recall i using variation in units of recalls and quantity
of imports. Intuitively, keeping the true fraction of unsafe products constant, if p is
close to 1, the model predicts more recalls with relatively small variance within each
exporter, because exporters will see consistent recalls (or the absence of them). In
the contrasting case when p is close to 0, the model predicts few recalls with small
variance because there is close to no recalls, and when g is close to 0.5, some recalls
but with larger variance. By fitting predicted recalls to actual recalls, u can be
identified as detailed in section [.3.1}

The initial distribution parameters 3y and d, are selected using variation of recalls,
quantity, and variation of constructed reputation. The ratio between [y and dy, can
vertically shift the predicted reputation. The magnitudes of §y and dy governs the
impact of the first few periods of learning: intuitively, if 5y and Jy are too small
(relative to trade flows), the recalls in the first few periods will have a drastic impact
on reputation, and if they are too large, reputation will not change much over 20
years

In addition to the variance of recalls, the model can distinguish between p and

initial distribution parameters 3, or 0o by comparing the changes in reputations when

28Consider an example in which an exporter sells 1000 units to the U.S. every quarter, 10% of
them are defects, and mu = 1. Supposing 5y = 3 and dg = 5, after one period of update, we
have 7 = 1003 and §; = 1005. The change in reputation induced by recalls from the first period
is Wﬁ&rg ~ —0.099, but in the second period will be m ~ —0.033. Changes in
reputation vary widely if the initial guess Sy and g are too small, and this variation does not reflect
data patterns. In estimation I set the initial values for 5y and Jy to have a comparable magnitude

with trade flows, so the reputation variation in the first few periods are not too drastic.
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a recall breaks out. Consider the cases of a low p or a high fy: both can lead to a
lower initial value of reputation and shift the reputation downwards. Reputation is
more responsive to recalls if p is low because when bad products are unlikely to be
recalled a recall become more alarming. To visualize how learning parameters change
reputation, I plot estimated reputation with reputation constructed with manipulated
learning parameters, keeping observed recalls and import quantity flows as given@
Figure [1.3] uses toys imported from Hong Kong to illustrate the vertical shift when
Bo or &g are reduced by half, and figure illustrates the change in reputation when
1 decreases from 0.9115 to 0.6. We can see that reputation drops faster in periods
with frequent recalls (say from the second quarter of 1990 to the first quarter of 1995)
when g is reduced than when fj is reduced, although the initial values are similar in
two cases.

Panel 1 of table presents the estimates for learning parameters. Panel 2 sum-
marizes the reputation across exporters and time, constructed using the estimates in
panel 1. Panel 3 lists periods of learning, the average number of quarters a country
exports to the United States, initial reputation, reputation in the first period that is
determined by estimates in panel 1, number of exporters ever selling to United States
since 1990, and number of exporter-quarter pair in this industry. If all exporters stay
through the 79 quarters in data set, we can hypothetically have 149 x 79 = 11771 ob-
servations. Instead, most exporters have only started exporting to the United States
in recent years, so there are only 4344 exporter-quarter pairs in the data. After drop-
ping some exporters who have only exported for a couple years to U.S., we have 3436
observations left to estimate [u, By, do).

Panel 2 of table shows the summary statistics of estimated reputation across
time and exporters. In the last period, the exporters of toys with best reputations

are Mexico and Canada, corresponding to the maximum 0.966 and 0.961; and the

29This simulation is distinct from the simulation I will discuss in section although both exercises
decrease p. The purpose of this simulation is merely illustrating data pattern that I can use for
identification, so recalls are taken as given. The simulation in section |1.5.4] also simulates recalls to
understand the value of information for consumers.
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minimum corresponds to China. Canada has recalls in only two quarters of the 20
years in my observation, while China has at least one recall in 76 out of the 79
quarters. Both countries export to the United States in all periods, and they export
in large quantity. Most exporters—127 out of 149—have never had a product recall
by the CPSC. Canada’s consistent presence in the U.S. market and large exports
make it stand out among the exporters who have always been safe.

In the preferred specification, I use the unit freight cost as the instrument for
price. Table shows that unit freight cost passes the “rule of thumb” test for
instrument relevance [?, see]|stock2002survey for most non-durable goods, and it is
strong for toysm Exchange rate, though intuitively should be correlated with price,
has a weak correlation. This is not surprising given how volatile exchange rate is
over time and how big the variation is across currencies. Unit shipping cost and oil
price times distance have the same channel: cost of transportation enters the CIF
value in the import data set. When we include both, one of the two instruments
will appear to be not-correlated, thus keeping only one is sufficient. Table shows
that including additional instruments does not change the results much. Note the
different instrument specifications in table are estimated from a two-step proce-
dure instead of the one-step MPEC estimates reported in table [1.3] The two-step
procedure takes the reputation constructed using learning parameters estimated in
GMM, and runs regression Although it is not the preferred specification since it
cannot estimate all parameters simultaneously, it has significant speed advantage and
I use it to illustrate alternative instrument speciﬁcationsﬂ Comparing the results in
column 5 in table and table [I.3] we can see that the two-step procedure provides

point estimates similar to the one-step MPEC estimates. Column 4 and 5 in table

30 [35] suggests that F-statistics<10 should raise concerns of weak instruments in the GMM estima-
tion. Choosing an instrument that works for all industries is challenging, and unit freight cost is the
best-performing instrument among those commonly used in the literature.

31In addition to time concerns, changing number of instruments is not trivial in the MatLab codes for
the MPEC problem because I provide the Jacobian and Hessian matrices to speed up computation.
Each additional instrument specification requires an different version of Jacobian and Hessian. The
direction of change in demand coefficients should be the same between two-step procedures and the
one-step MPEC, so to illustrate this point the two-step procedure suffice.
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show that adding additional instruments does not change the point estimates or

F-statistics much.

1.5.2 Demand response to reputation

Panel 1 of table displays a, and ag, the market share responses to reputation
and log(budget-price). These two parameters reveal how sensitive consumers are to
reputation and price. A positive coefficient for reputation implies that it is rewarding
for exporters to maintain or aim for higher reputation, and it also means consumers
are more concerned about reputation in this product.

The coefficient of reputation implies that the “reputation elasticity of market
share” is 4.037 for toys.@ If an average exporter of toys can increase reputation
by 10%, it can expect to increase its market share by 40.37%. This is a somewhat
big change, but given that reputation is history-dependent, it will take the average
exporter many periods of safe presence in the U.S. market to achieve that.

To illustrate how long it will take an exporter to improve reputation, I take the
reputation in the last period, and predict how long it will take for each exporter to
increase reputation by 10% in two scenarios. The first scenario assumes that in each
future quarter an exporter sells the same quantity into the United States, which is
equal to the average quarterly quantity from the second quarter of 1990 to the last
quarter of 2009. I run the reputation updating procedures with no recalls until the
reputation reaches target level. An average large exporter of toys who is among the
upper quartile in export quantities will need to have a safe presence for 35.9 years
consecutively to improve its reputation by 10%. It will take even longer for small
exporters because the information update is slow when consumers see few new units

in the market. Even for the largest exporter of toys, China, catching up is difficult. It

32Reputation elasticity of market share is the percentage change of market share induced by one

percentage change of reputation. Use o to denote the reputation elasticity, it is calculated as:
dlns dlns dx 1

— P . = ¢ —
dlnx dx  dlnx Y1)
market share is relative to the U.S. market share since that is the outside option.

o = @, - T, where T is the average reputation. The change in
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will take 754 quarters—that is 188.5 years—of flawless presence in the United States
for its reputation to catch up with that of Mexico, the exporter currently enjoying
the best reputation in the U.S. market.

In the second scenario, reputation growth rate polarizes when the simulation in-
cludes demand responses. 1 relax the assumption of sales volume in the previous
simulation, allowing market share to change as reputation improves while fixing total
units of sales. I simulate 10 million agents for 1000 quarters, each choosing an ex-
porter in every period, and aggregate their choices to market shares. However, most
exporting countries have market shares way smaller than 1077, so simulated market
shares cannot match actual shares of these countries. To circumvent this problem,
I focuses on 12 exporting countries who are the top 10% in export quantityﬂ The
largest exporter, China, now takes only 273 quarters instead of 754 quarters to catch
up with Mexico because its market share increases as reputation picks up. Canada
and Mexico can improve their reputation to perfection in 757 and 94 quarters re-
spectively, which is much longer compared to 34 and 29 in the simulation with the
first scenario, as their market shares decline since their reputations cannot improve
as fast as China’s. All other countries in the simulation improve reputation by less
than 10% within 1000 quarters, implying that it takes longer to improve reputation
for most exporters when market share can change. Investing in quality inspection
is more beneficial to large exporters, as they have initial and ongoing advantages in

reputation growth.

1.5.3 Discussion: Impact of a bad event

After establishing that recalls decreases an exporter’s reputation, and that lower
reputation leads to lower market share, we can quantify the impact of a recall event on

market share. In this framework, the magnitude of impact for a recall event depends

33Since the top 10% exporters can change from quarter to quarter, the final set is the union of all
the top 10% countries in each period. These 12 countries together export 92.99% of foreign toys in
the United States.
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on the intensity of it, the size of exporter, history of the exporter’s presence in U.S.
market, and its current level of reputation. The marginal impact of recalling one unit

of product at time t' on reputation in the periods following is:

1
Axji _ ) —p(Bo+ o+ Zf—:l %)

0 otherwise

it t>1t

Use Az;, = zj, — 23, to denote the change of variable z in period ¢ from x9,, the
level it would be at had the recall not happen. Of course, when the CPSC issues a
recall, not one toy train is recalled but an entire batch of it. Each recall event affects
a number of products specific to the exporter, and its impact on reputation depends
on the size of recall relative to the size of import from that exporter. Thus, to assess
the impact of a recall, I fix the fraction of products that are recalled instead of units
of products recalled. Here let us consider a recall event that will cause every unit of

the product from country j be recalled. The difference in reputation induced by a

recall that affects r;, = ¢;4 units of goods will change reputation by:

div it ¢>¢ (1.7)
—p(Bo + 0o+ 2oy Giir)

Ax g+l =

The impact of a recall event depends on when it happens and who it happens to.
Another variation is the duration of impact: earlier recalls have a larger impact as
it will influence—though with diminishing effect—all the periods following. We also
expect that a recall happening in a year of large export volume will have a strong

impact, as more units are affected.
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Taking quantities and parameter estimates of u, 5y, o, and a, as given, I use the
change in reputation from equation to calculate the marginal impact on relative

market share 3 as displayed in equation [I.§}]

i1 — §?¢+1 — exp ( Az Qv ) 1 (1.8)
i1 —pt(Bo+ 0+ >0, @)

The impact of recall events on market shares varies across exporters and across quar-

ters. Each possible recall event dampens that exporter’s reputation in all quarters
following, and the impact of a recall is calculated as the discounted sum of impacts
in all future quarters@ I calculated the impact by quarters of recall occurrence, but
for visual clarity I sum quarterly impacts into annual impacts and plot the spectrum
of impacts across exporters for each year.

Panel 1 in figure [1.5/ sums up the variation of recall impact by year of occurrence
for all exporters. Each box-plot is a distribution of percentage change of own-country
market share for recalls that happened in the corresponding year in the x-axis. The
strong negative impact in year 1998-2000 is driven by a large quantity of import in
those years. Across all years, an average exporter will lose 2.15% of its market share
for a recall event that is severe enough to affect every unit of import during the year,
and for most exporters, their loss does not exceed 7% of their market share. This
means that the magnitude of impact from a single recall event is not detrimental, even
though the impact persists for all following periods. Consumers seem more lenient

compared to what [11] finds because the agent who holds reputation in my context

34SQubstituting equation into equation we can get equation Alnsji1 = 0z Az

_ Sjt+1
. Note that Aln§; ;41 = In | = +
SUSA,t+1 Sit+1

deviation of relative market share from 59, ,, caused by a recall in period ¢’ (t > t')as the following:

Sj,t+1

where 5541 = . We can then write the percentage

= =0

Sjt4+1 = S 41 Qi ¢/

50.7] = oxp(az A1) =1 =exp | — e , -1
j,t+1 ,u(ﬁO + o + 27—21 QJ,T)

35The quarterly discount factor is 0.995, so the annual discount rate is 0.98.
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is a country instead of a firm or an individual playerm Prices vary widely across
exporters. Consumers are price-sensitive, so they are willing to accept some risk of
getting a bad product if it is cheap enough.

Panel 2 in figure [I.5] illustrates the loss in trade values for an average exporter of
toys in a recall event. The average loss in a year is 2.437 million dollars. The pattern
over time is similar to the pattern in market share changes: large import quantity
drives large changes. Note that in early 1990s the total import quantity and value are

low, so early recalls do not have as big an impact in trade value as in market share.

1.5.4 Discussion: Quantifying the Value of Information

Every year, the Consumer Product Safety Commission submits a budget request
to the Congress. For example, the budget request for fiscal year 2019 is 123.5 million
dollars. Thus from a policy maker’s perspective, it is meaningful to ask how important
a quality inspection institution like the CPSC is to domestic consumers. The model
answers this question from an information perspective.

Consider two scenarios, one in which the inspection institution can catch and recall
unsafe products more effectively than the other. Under the more effective scenario
(“high inspection accuracy”), if a product is unsafe, it will be caught with 90% chance
while in the other scenario (“low inspection accuracy”), that probability is 50%. Note
that a low p does not mean noisier signals: recalls still only signal unsafe products,
but the signals are rarer. I measure welfare changes using compensating variation,
that is, the changes in income to make consumers indifferent between having high
and low inspection accuracy. I assume that in both scenarios, the size of market and

underlying fraction of unsafe products are the same. Let z* denote the reputation

36 111] finds that unit sales of a category of toys from a manufacturer (firm) decreases by 38.9% on
average if it is recalled in 2007.
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in the low accuracy scenario and z7 in high accuracy scenario. The compensating

variation cvy, satisfies:
aglog(ly — pjesy) + a;xjH*&t + e + Y = aglog(ly — pjrey +cvey) + Oé;s;xffs,t + 1y +

Note that, here, j* is the exporter that consumer chooses in high inspection accuracy
scenario, and j’ is the exporter chosen in other scenario. j* and j' need not be the
same. [ assume that when the quality of signal is low, consumers are aware of it and
incorporate that knowledge in learning.

I take the underlying fraction of unsafe products as given, and simulate the recall
events and consumer learning under high inspection accuracy (u = 0.9) and low
accuracy (p = 0.5), and I compute the compensating variation for consumers of
toysﬂ To simulate recall events, I assume the last period reputation is the best
proxy for the true unobserved fraction of bad products. Taking quantity imported
in the United States as given, the number of bad products L,s; is the product of
reputation estimates in the last period and the quantity of imports. Each unit of bad
product has probability p of being recalled, so the total number of products recalled
roughly follows a normal distribution with mean pLjs, and variance p(1 — p)Ljs .

After generating number of products recalled for each exporter in each quarter, I can

H

s under

run the reputation updating following equation to estimate $f,s’t or x
each scenario.

The simulation generates 12,000 agents with individual preferences drawn from
an Extreme Value distribution, and it provides two measures of welfare: the total
compensating variation for the U.S. market and the average compensating variation
for each purchase@ For each exporters j in each quarter ¢, a set of simulated agents

choose their products (that set can be empty). The average compensating variation

within the consumers for an exporter, multiplying the total units of products from

371 am not aware of any empirical work that specifies the effectiveness of CPSC recalls, so there is
no obvious benchmark for this exercise. I pick the high u as it is close to the estimated value of u
in toys, and low p to have an equal chance between recall and no recall.

38Extreme value distribution takes location parameter x4 = 0 and scale parameter o = 1.
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the corresponding exporter in period ¢, gives us the simulated compensating variation
for consumers buying from country j in time ¢. The sum of each exporter yields
the total compensating variation. Average compensating variation is calculated as
the total compensating variation divided by the units of product s imported into
the U.S. market in period ¢, which is equivalent to the average of simulated agents’
compensating variation weighted using the import share of the countries agents choose
to buy from@ Total compensating variation is driven by both the change in average
compensating variation—a channel that reveals the impact of information—and the
changes in demandm While total compensating variation highlights the magnitude of
impact, the average compensating variation excludes the impact of import quantity,
so it can better reveal the model mechanisms.

The welfare loss per purchase averages around $0.87 over time when inspection
accuracy is low.@ If we consider the volume of purchase in toys, however, the total
welfare loss can average 695 million dollars per quarter. Panel 1 of figure shows
the total compensating variation for toys. The welfare loss from lower inspection
accuracy comes from lower mean utility when p is low and also higher chance of

landing a unsafe product.

Two Mechanisms of Utility Changes

To fully understand the sources of welfare differences under two scenarios, figure
decomposes the two channels through which welfare changes, and I call them
the “mean value difference” and “defect surprise.” Using Utility(H)’ to denote the

maximized consumer utility under high p scenario, after realization of the product

39The equations to calculate total and average compensating variation from the simulation are the
following. Let cv(j*);+ denote the compensating variation for individual ¢ who chose exporter j* to
purchase from in period ¢, and g;: denote the quantity imported from exporter j*. Total CV; =

12000
1 : Total CV,
19000 cv(j*)it X g;ji and Average CV, = ————
12000 i—1 J t ZjeJ qjﬁt

=
40The total quantity demanded is not explicitly modeled in this framework as I focus on changes in
market share, the demand relative to your competitors given the number of consumers.

4L All dollars are converted into 1982-1984 dollars using CPI, and later quarters are discounted using
discount factor 0.995.



38

quality, and Utility(L) to denote the mean utility under low g (weak inspection)

scenario, the following equation describes the decomposition.

Utility gain from having higher p Utility loss from recall (high p scenario)  Utility loss from recall (low p scenario)
'\ 7\ '

Utility(H)' — Utility(L)’ = [Utility(H)’ — Utility(H)] — [Utility(L)’ — Utility(L)]

.

>

vV
“defect surprise”

— [Utility(H) — Utility(L)]

N J/

TV
Mean utility differences

When the probability of bad products getting recalls is low, consumers evaluate ex-
porters differently and have a more pessimistic reputation assessment. The expected
utility differs because prices will be different for the consumers who choose another
exporter in the alternative scenario, and reputation changes for all consumers. In
addition, consumers who get a unsafe product will take a utility reduction after reve-
lation, and I call this damage “defect surprise.” A positive “defect surprise” suggests
that utility loss from recall is less damaging when inspection is more effective. Under
the weak inspection scenario, consumers will observe fewer recalls but treat each one
with greater caution because they know the probability of recall is lower. It will take
them longer to approach a more accurate estimate of true fraction of defect products.
Thus under weak inspection consumers will be surprised with a defect product more,
which incurs a cost illustrated as a curve above horizontal axis in figure [1.6]

Figure illustrates that when p is low, the reputation estimates are lower be-
cause consumers have a more pessimistic prior, but eventually the reputation will
catch up and approach the “true fraction of good products” specified in the simula-
tion. Exactly how long it will take to converge back to the true fraction, however,
depends on the quantity of trade flows. Figure [1.8] shows that the reputations of
China are similar under both scenarios because China is a large exporter throughout
the years, but for Mexico the discrepancy remains large till the late 1990s when the
quantity of toys sold to the U.S. increases. Thus lower inspection accuracy decreases
reputations for all exporters, but the damages are more severe and long-lasting for

small exporters.
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As a result, the mean value difference can have ambiguous impact. A positive
mean value difference, illustrated as when the curve is above horizontal axis, means
that the expected utility is higher when inspection is strong. However, weaker in-
spection can sometimes increase consumers’ expected utility, because the marginal
consumers may now buy from a large exporter. If large exporters happen to sell
cheaper products and the reduction in consumer expenditures compensates the re-
duction in reputation, then the saving can lead to higher mean utility. Comparing
two scenarios, the marginal consumer “switch to” larger exporters because their rep-
utations reduce less compared to smaller exporters@ As we can see from figure
though, usually the reduction of reputation creates a loss in utility that far exceeds
the price differences.

The difference between “defect surprise” and “mean value difference”, which is
the area between two curves, is the costs to having less effective inspection calculated
in compensating variation. In the rare case when the benefit of cost-saving outweighs
the higher risk of getting a defect, it is possible that better inspection is not welfare-
improving. However, the simulation suggests that it is unlikely, and under most

scenarios better inspection improves consumer welfare.

Market share changes after a decrease in p

Simulation also reveals that smaller exporters benefit more from a highly effective
inspection institution. Figure[I.9compares market shares when inspection accuracy is
high and low. All exporters lose market shares when p is low because now purchasing
from any exporter is perceived to be riskier and consumers prefer the outside option.
After several periods however, the market share recovers and the lowest reputation
exporter—China—even have a small gain in market share towards the second half
of the observed periods. This is seemingly surprising, until we realize that the low

reputation exporter (China) also happens to be the largest exporter. A downward

42Since these two hypothetical scenarios cannot co-exist, there are no actual switchers. The marginal
consumers “switch” in the sense that they will choose differently under the alternative scenario.
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shock in inspection effectiveness hurt reputation of all exporters, but larger exporters
recover faster. Given the large import volume from China, the gap between and
after the shock closes much earlier for China than other exporters, so it actually
gains a temporary “advantage”: not from “better” reputation, but from resilience to

information quality shock.

1.6 Results across Industries

In the previous section, I use toys as an example to illustrate model mechanisms
and what they can do in terms of welfare and counterfactual analysis. This section
introduces estimation results for other products, revealing heterogeneity in consumers’
concern of safety across products. The results carry interesting policy implications for
any exporter improving quality but have limited resources and for domestic institutes
like the CPSC who may need to budget quality inspection expenditures across types
of products.

Table shows the difference across products in term of consumers’ preferences
for reputation. Column 1 and 2 show the coefficients from the MPEC estimation, and
column 3 and 4 show the corresponding market share elasticities. Sweaters of man-
made fabric is the product that consumers have the strongest preference for safety,
with a market share elasticity of reputation of 5.07, followed by cotton sweaters and
toys. Unsurprisingly, sweaters of different materials have similar demand elasticities.
Similar to toys, improving reputation by 10% can lead to a big increase in market
share for exporters of sweaters, by 42.47% and 50.68% respectively. Compared to
toys and clothes, consumers only have a weak preference for a safe battery, and do
not seem to care whether lamps and hair dryers post a safety hazard.

The differences in types of hazards post by these products can explain some of the
differences between consumer preferences. Table lists the most frequent hazards
for each type of products, and we can see that the most frequent hazards for toys

and sweaters either can be fatal (choking and strangulation) or can cause long-term
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distress for users (lead paint). For example, a pullover sweater presents a “choking
hazard” when a stitched-on flower can fall off, and children may accidentally swallow
it. It is worth noting that the majority of the apparels recalled by the CPSC are
clothes for children, although the harmonized system code category can only describe
the product as “Shirts; men’s or boys’ 7. Consumers’ preference may not only reflect
the types of hazards, but also to whom hazards may occur: the same hazard can
be far more damaging when it happens to a vulnerable child, which can explain the

larger coefficient estimates for toys and clothes.
1.6.1 Discussion: cross-industry differences in recall impact and welfare
implication

Recalls to which product are the most harmful to exporters? Which group of con-

sumers need accurate quality inspection more than others? To answer these questions,

I perform the same exercises described in section [1.5.3| and [1.5.4]

Table shows that products that consumers care more about—toys and chil-
dren’s clothes—have bigger per recall event impact on average. A recall event is
again defined as an event that can affect all units of products that exporter sells to
the United State that quarter. The costs depends on the size of the exporter at that
time, so it varies across time and exporters. An event as described will cost an aver-
age exporter of cotton sweaters 3.34 million dollars in value of exports, almost twenty
times as much as the costs for an average exporter of battery. Note that an actual
recall event will rarely last for a year, or cover 100% of products imported from an
exporter, with but a few exceptions. The lead paint scandal in 2007, for example,
causes ongoing recalls for Chinese toys for almost two years.

Although the demand elasticities of reputation are similar for toys and sweaters,
the market share impact of a recall event is larger for sweaters than for toys. This is
driven by both the differences in p and different market structures across products.

The estimate for p is smaller for sweaters than for toys. Reputations are more respon-
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sive to recalls when g is small, so are market shares. When I replace the estimated
u for sweaters with estimated p for toys in a simulation, the market share response
decreases to 7% for cotton sweaters and 6.48% for sweaters of man-made fabric. In
addition, the market for toys is more concentrated than the market for sweaters.
There are more exporters of sweaters than toys consistently, and summary statistics
presented in table show that the leading exporters of sweaters do not have as dom-
inating a market share (44.2% at highest) as the leader of toy exporters (89.6% at
highest)ﬁ Market concentration affects market share responsiveness mostly through
the parameters [y and dy because they capture the average past history of recalls
and sales. Intuitively, in a highly concentrated market, some exporters may be way
smaller than the average, and when new recalls occur, the additional information is
diluted by the relatively big denominator that contains Sy and dg. As a result, their
reputation will not be as responsive to recalls.

Figurell.6|illustrates the large differences among the welfare changes for consumers
of toys, sweaters and battery when the probability of a bad product being recalled
decreases from 90% to 50%. Average total compensation in a quarter is 695 million
dollars for toys, but it is only 0.088 million, 0.013 million and 0.16 million dollars for
cotton sweater, sweaters of man-made fabric, and battery respectively. The difference
is driven by both the difference in per unit purchase welfare change, and in the
market size. Average welfare loss per unit of purchase is 87 cents for toys, and
0.078, 0.028, and 0.71 cents for cotton sweaters, sweaters of man-made fabric and
battery respectively. The magnitude of change in toys market is over 1000 times
bigger than that in sweaters, and it is around 100 times the size of the change in
battery. It is expected that the welfare impact for battery consumers is small, since
the demand elasticity for reputation is only about 10% of that of toys and sweaters.
The welfare impact for sweater consumers is low most because consumers appear to
be price-sensitive in sweaters market. That means a relatively small increase in total

income can compensate for the loss of utility from receiving a defect product. Another

43Pigure in Appendix illustrates the number of exporters of toys and sweaters.
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interesting pattern we can see in sweaters of man-made fabric panel is that sometimes
having weaker inspection does not harm consumer welfare. This is an example of our
discussion in section [1.5.4] in which consumers are price-sensitive enough to value
price reduction over reputation reduction.

These results suggest that quality inspection institutions like the CPSC do benefit
consumers, but to a different extent depending on the types of products. If importers
or exporters decide to invest in quality inspection, they should prioritize products
primarily used by children, since consumers seem to have strong preferences for safe
products in these categories. However, reputation improvement can take decades even
for large exporters.@ For most exporters of products used by children, improving
reputation can increase their market share. That may not be the case for exporters
of other consumption goods, so exporters may have weaker incentives to invest in

quality control, and choose to compete through lower prices.

1.7 Conclusion

This paper analyzes the effect of an exporter’s reputation on import trade flows. It
defines an exporter’s reputation as the expected probability of drawing a high quality
product in a market; and it adopts a framework in which consumers Bayesian update
their belief of exporters in a product market. This paper tackles the challenge of
identifying intangible and unobserved reputation in two ways: constructing a data
set in which I can see shocks that affect reputation, and modeling channels in which
reputation affects consumers’ decisions. Compared to other empirical papers studying
the reputation of sellers, this analysis reveals a variation of impacts across a broad
set of products. The model in this paper can be generalized to estimate consumers

learning of any signals in trade, for example, how the market reacts to a scandal that

41t is generally hard for small exporters to improve reputation, but it is especially hard for small
exporters who used to be large. More developed Asian exporters (like Hong Kong and South Korea)
have displayed this pattern for products like toys.
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is widely cover in traditional and social media, like the Vokswagan diesel emission
scandal.

This paper is a step towards understanding the role of consumers’ learning in
international trade. There are at least three directions of future research. First,this
model uses Bayesian learning—a type of perfect learning—with perfect memory, and this
is an idealistic assumption of the market. I can generalize this model to incorporate
imperfect memory models, and explore how reputation dynamic changes. Second,
this paper focuses on estimating the learning dynamic for goods that are purchased
frequently. Durable goods likely have a different information acquisition dynamic that
we can explore. Third, this model abstracts away from firms’ decision on investing in
quality improvement. Given that reputation matters for some products, incorporating

the producer’s decision is a natural next step.



Tables and Figures

Table 1.1.: Recalls reported: manufacturing countries and number of matches

Number of Reports Fraction of total

Matched to HS6 Code 3217 0.617
Matched to HS4 Code 619 0.119
Does not report manufacturing countries 1342 0.257
Cannot match, other 36 0.007
Total 5214 1

Note: This table reports the match quality of recall incidences to trade flows from 1990-2009.

Source of recall incidences is the CPSC recall database.
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Table 1.2.: Summary Statistics
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Variables Statistics Toys Sweaters® Sweaters’ Battery Lamps  Hair Dryers

Mean 0.00154 0.00979 0.00952 0.0153 0.00764 0.0536
Market Median 0.00011 0.0011 0.0004 0.00073 0.0002 0.00189
share Max 0.896 0.403 0.442 0.467 0.406 0.623

Min 8.12x107% 8.89x107% 1.82x1077 4.28x107% 3.09x107%  1.67x107°

Mean 28.18 27.45 32.91 40 68.65 24.36

Median 6.35 18.06 19.79 14.07 29.26 16.32
Price

Max 467.65 122.35 149.33 419.17 481.02 145.51

Min 0.02 1.2 1.08 0.07 0.49 1.51

Mean 14.5 0.896 0.497 1.15 0.372 0.518
Quantity
R Median 0.0299 0.7168 0.0156 0.0138 0.00337 0.00786

in

Max 1700 59.1 31.8 47.1 15.5 6.807
millions)

Min 2x1076 3x1076 2x1076 5x1076 3x1076 1.8x107°

Mean 32.7 13.5 7.69 5.29 3.25 3.797
Value of

Median 0.218 1.16 0.32 0.181 0.0785 0.133
Trade (in

Max 3060 1040 107 195 200 53.9
millions)

Min 2.57x107%  2.51x107%  2.52x107* 1.256x107% 1.26x107%  1.294x1073

Mean 0.833 0.06 0.0166 0.239 0.0921 0.061
Units of

Median 0 0 0 0 0 0
Recall (in

Max 1570 59.1 29.5 47.1 21.7 5.87
millions)

Min 0 0 0 0 0 0

Mean 0.0316 0.00522 0.00368 0.00982 0.00584 0.0189
Ratio of  Median 0 0 0 0 0 0
Recall Max 1 1 1 1 1 1

Min 0 0 0 0 0 0
Us Mean 0.128 0.104 0.149 0.503 0.638 0.364

Median 0.118 0.0491 0.126 0.416 0.629 0.357
market

Max 0.312 0.346 0.458 0.963 0.784 0.61
share

Min 0 0.00342 0.0147 0.279 0.526 0.272

Note: a: Sweaters made of cotton, HS6=611020. b: Sweaters made of man-made fabric, HS6=611030.
Source of trade data is the monthly U.S. Census import data. Recalls come from the CPSC recall database. U.S.

manufacturing data comes from NBER-CES data set. All summary statistics are reported from the quarterly data

set aggregated from monthly data. Each variable means: 1) market share calculated from import values. 2) row

reports unit value of import. 3) quantity imported to the U.S. in the unit that reports a larger number of quantity.

4) value of trade in current USD. 5) quantity of recalled products in the same unit as import quantity in 2). 6) ratio

of recall to import quantity. 7) U.S. market share.
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Table 1.3.: Parameter Estimates for toys

Parameter Estimates

Description Parameter Estimate S.E.
Recall probability given product is low qual- 1 0.9115  (0.0242)
ity

Sum of recalled units before 1990 (millions) Bo 82.75  (0.0689)
Sum of units of sale before 1990 (millions) do 1459  (6.0766)
Preference for Reputation Ol 6.433 (1.17)
Coefficient of log(budget-price) I 16.16 (0.168)

Descriptive Statistics of Reputation in the Last Period
Mean  Std. Dev.  Min Max

All Countries 0.6235  0.0783  0.0751 0.9656
Highest reputation quartile 0.6987  0.0989  0.6065 0.9656
Lowest reputation quartile 0.5888  0.0868  0.0751 0.6030

Conditions of Learning

Periods of Learning 29.154 28.02 1 79
Initial Reputation 0.6030 - - i}
Number of Countries 149 - - -
Number of Observations 3436 - - -

Note: p is robust to different initial guesses. I chose 15 guesses spacing equally between
0.1 and 1: all return the same estimate. Initial guess for Sy is 10 times the average

units of recalled products; and for §y 10 times the average units of goods sold.



Table 1.4.: First Stage OLS Regression:

48

In(Z;; — pjs+) on unit freight cost

HS6 Products Coeft. S.E. F-stat
950300 Toys -0.004149 0.000162 655.36
611020 Sweater, cotton -0.000937 0.000290  10.43
611030 Sweater, man-made fabri -0.000942 0.000369 6.5

850780 Battery -0.004215 0.000333 160.02
940520 Lamps -0.004514  0.000220  422.3
851631 Hair dryers -0.000931 0.002348  0.16

Note: Regressing log(expenditure-price) on unit costs.

Table 1.5.: Logit Estimates of Demand, Toys only, All Exporters

In(s) — In(so)

Reputation 4.594
(0.840)
log(expenditure-price) 27.39
(0.905)
Two way FE No
IV: Unit Transportation Cost No
IV: Exchange Rate No
IV: Oil Pricex Distance No
Observations 4344
F 536.7

5.159 2148  5.081  5.076
(0.528) (0.883) (0.530) (0.530)
56.66  39.26 6441  64.94
(1.565) (1.392) (2.409) (2.405)
Yes No Yes Yes
No Yes Yes Yes
No Yes No Yes
No Yes No Yes
4344 4344 4320 4320
1251.5 4725  1236.7 12358

Note: Standard errors in parentheses.

Coefficients are estimated using the two-steps procedure in which

reputation is constructed using learning parameters estimated from one-step MPEC procedure, and then I

run a logit demand regression taking constructed reputation as given. Observations different in the last two

columns as 24 singleton groups are dropped.
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Table 1.6.: Preference estimates across industries, non-durable goods

Products Coefficient Elasticity Obs
Reputation log(expenditure-price) Reputation Price

Toys 6.433 16.155 4.037 -0.422 4344
(1.174) (0.168)

Sweater, cotton 4.936 111.255 4.247 -2.763 6983
(0.266) (0.032)

Sweater, 5.960 94.211 5.068 -2.789 6064

man-made fabric (0.236) (0.079)

Battery 0.805 21.838 0.543 -0.787 2216
(1.269) (0.310)

Lamps -0.421 15.738 -0.158 -1.0103 3097
(1.112) (0.035)

Hair dryers -0.109 61.747 -0.0481 -1.3606 934
(0.818) (0.022)

Note: Standard error in parentheses. Standard errors are GMM standard errors calculated with identity weighting

matrix.
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Table 1.7.: Top five most frequent hazards for different products

Toys hazard Percentage Sweaters hazard Percentage
Choking 52.57 Strangulation 53.98

Lead 19.32 Fire; fire-related burn 23.01
Electrocution/Electric Shock 6.72 Choking 20.35
Laceration 4.65 Entanglement 1.77

Fire; fire-related burn 3.06 Entrapment 0.88

Hair dryer hazard Percentage Lamps hazard Percentage
Fire; fire-related burn 43.69 Fire; fire-related burn 40.61
Electrocution/Electric Shock 35.44 Electrocution/Electric Shock 34.55

Burn - Not Fire-Related 16.99 Collapse 9.09
Choking 1.46 Laceration 6.67

Fall 1.46 Burn - Not Fire-Related 3.03

Source: the CPSC recall database.

Table 1.8.: Average impact of a recall event, per quarter

Products Value (millions) Market Share (%)
Toys -2.437 -2.15
Sweater, cotton -3.34 -16.47
Sweater, man-made fabric -2.943 -26.29
Battery -0.177 -1.43

Note: recall event is define as an incidence that affects 100% of the goods imported
from that exporter in the period. Average across exporters and across time. Quarterly

discount factor is 0.995. All values are normalized to 1982-1984 US dollars using CPI.
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Figure 1.5.: Impact from a recall event for toys
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2. PRODUCT RECALLS AND EXPORT DECISIONS OF
CHINESE FIRMS

2.1 Introduction

Standard trade theories often assume that consumers have perfect information
of product quality[| This assumption is a substantial simplification as the microe-
conomics, industrial organization, and marketing literature have shown theoretically
and empirically that imperfect information for consumers has significant impact on
firm’s strategy [?, seelfor a survey of papers|bar2008seller. This chapter documents
stylized facts about firms’ export decisions when signals about its product quality—in
this case, product recalls—are sent. This chapter is the first step of an investigation
into firm’s quality investment decisions, export decisions, and quality signals. The
empirical evidences from this chapter reveals how export value and export participa-
tion of Chinese firms correlates with product recalls.

This chapter introduces a novel data set that links U.S. product recalls to monthly
export flows of Chinese firms. I parsed the website of Consumer Product Safety Com-
mission (henceforth CPSC) and construct a linkage between recall reports and six-
digits harmonized system codes. Harmonized system codes allow me to link product
recalls to trade data. Chinese Customs Data reveals export decisions of Chinese firms
and product recalls are demand shocks that influence such decisions. Among all trade
partners of the U.S., China has more product recalls by CPSC than any other country
in the world. In my data set, 35.6% of product recalls are for products imported from
China, which makes China a desirable country to study its export decisions related
to product recalls. Using the data set that covers the universe of Chinese exporting

firms and recall events from 2001 to 2009, I document the correlation between re-

'With the exception of a theoretical literature in the late 1980s [?, 7, /1,4, /5]
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call and export value per shipment and export participation. I also investigate the
heterogeneous impact of recalls base on income of destination countries.

I find that product recalls that occurred in the past three months correlate neg-
atively with the probability that firm export in the current period. There is not
differences in the impact of lagged recalls: recalls from last month has almost identi-
cal impact on average as recalls from three months ago. There is however no evidence
that recalls are correlated with the value of each export shipment if the firm has

decided to export.

2.1.1 Literature Review

This subsection reviews relevant literature. Since this chapter is a part of a longer
project, I will discuss papers relevant to the project instead of just he empirical
evidences presented in this chapter.

This project draws inspiration from three growing literature. The first is on
quantitative analysis about firm’s growth and export decisions under demand uncer-
tainty [?, e.g.]]albornoz2012sequential, and the second is exporting countries’ endoge-
nous quality choice, or “quality-upgrading” [?, e.g.]]verhoogen2008trade. The third
literature is a microeconomics theory that concerns firm’s dynamic endogenous in-
vestment decisions in the presence of reputation [?, e.g.]]board2018reputational. The
literature of firm export under uncertain foreign demand describes firm dynamics
without restricting to perfect information for demand, but it does not concern firm’s
quality investment. The second literature typically assumes perfect information, that
consumers know quality of the export products perfectly. The last literature is a
theoretical framework, and this project will bring its insights to empirical analysis.

This project contributes to a quantitative trade literature that studies the impact
of imperfect information on firm and consumers. It builds on the theoretical and
empirical predictions of my job market paper [36], in which consumers face quality

uncertainty of imported goods and learn about exporting country’s product quality
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through recalls. [36] implies that with learning, bad signals have lasting negative im-
pact on the exporting country’s market share. While this project and my job market
paper study the impact of uncertainty of product quality for consumers, there is a
growing literature on the uncertainty of product appeal for firms. [23] uses a learn-
ing model to explain why many new exporters exit shortly, despite substantial sunk
cost of exporting. [37] provides a quantifiable framework where firms learn about
their product appeal in a monopolistic competition environment with heterogenous
productivity. [38] builds a dynamic framework that incorporate both firm learning
about foreign demand and productivity evolution. [39] uses firm learning to explain
frequent product switching for new firms that enter an export destination. [40] found
that trade policy uncertainty—another type of demand uncertainty—decreases trade.
While the above-mentioned articles focus on young exporting firms facing perfectly
informed and experienced consumers, this project discusses firm dynamics of experi-
enced firms facing inexperienced and learning consumers.

This project contributes to the literature that allows exporters to choose product
quality [41], but the choice is dynamic and driven by different channels. [41] uses
“quality-upgrading” to explain the hike of skill premium in Mexico, stating that with
trade liberalization, Mexico is exporting more high quality products that require more
high-skilled workers to produce. Although asking different questions, both [41] and
this project feature a demand shock (peso crisis for Verhoogen 2008 and product
recall for me) and quality choice. [41] assumes that consumers know product quality
perfectly and they will pay accordingly. This project relax that assumption and
introduce firm’s dynamic decisions on quality investment and export destinations.

This chapter is organized as follows. I first describes how the new data set is con-
structed and discuss summary statistics in section 2.2 T then describes the empirical
implementation and the stylized evidences from the data set in section 2.3 Section

2.4] concludes and discusses steps following this chapter.
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2.2 Data

I use a unique data set that links U.S. product recalls to Chinese firm-level export
data to document the impact of a reputation shock on firms’ export decisions. In
this section, I describe the data source and provide some summary statistics that

describes export patterns of Chinese firms.

2.2.1 Product Recall Data

I construct the product recall data set from recall reports parsed from Consumer
Product Safety Commission’s website. CPSC issues safety recalls for a wide range
of consumer products except for food, drug, cosmetics, automobiles, and automobile
parts. Product recalls are publicly available on CPSC Recalls Application Program
Interface. Recall reports include a unique recall ID, date of recall, description of the
product, a picture of the product, safety hazards, retailer, retailer address, manu-
facturing country, manufacturer, and recommended remedy. Recent recalls-reports
issued after 2010—also include retail price and number of units sold.

[ assign each recall report a six-digit harmonized system code (HS6 code) by read-
ing product descriptionﬂ Since the assignment relies on product description, I can
only consistently assign a six-digit HS code. Although Chinese Customs data use
eight-digit HS codes, matching a product to HS8 code sometimes require information
recall reports do not provide. For example, a HS6 product of code 610620 is described
as “Women’s or girls’ blouses and shirts, knitted or crocheted Of man-made fibers”,
and a HS8 product under this category 61062010 contains the following information
“...Containing 23 percent or more by weight of wool or fine animal hair”. The com-
position of fabric is not described in recall reports and for consistency I assign HS6
codes instead of finer codes. Recall reports, of daily frequency, are then aggregated

to monthly recall counts to match with monthly trade data.

2Specifically, I assign codes base on descriptions from 2009 HTS schedule provide by the US Census.
See table for an example of product recalls and corresponding HTS schedule descriptions
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CPSC recalls product from all trade partners of the United States. I only keep
reports that record at least one manufacturing country. From year 1990-2009, there
are 4139 incidences and 3240 of those were matched to HS6 code’l The rest either
can only be matched to a HS4 code or cannot be matched at all because the recall
report lacks crucial information. For example, if a report describes a book-stand
without specifying materials, it can belong to HS2 category 44 (articles of wood), 69
(ceramic products), or 73 (articles of steel) depending on its material. This is a case
where I consider the report lacks crucial information and cannot be matched.

Among all U.S. trade partners, China has the most recall incidences. In 3240
matched recall incidences, 1154 are from China. The data set covers 143 different
HS6 categories. For most products, recalls are sparse. Out of 143 HS6 products
from China, 109 of them have fewer or equal to five recall incidences between 1990
to 2009. Table list the ten most frequently recalled consumer products exported
from China to the United States. The product recall data, after aggregation, are
of HS6-country-month level. Keeping only recalls for Chinese product, I then link
product recalls to Chinese firm-level export data by year-month-HS6.

2.2.2 Chinese Customs Data

I use detailed customs data on the universe of Chinese import and export trans-
actions from year 2001 to 2009. Data is compiled by the Chinese Customs Office, and
reports free-on-board (FOB) value of export and cost-insurance-freight (CIF) value
of import, units, partner countries, firm name, firm address in eight-digit harmonized
system codes (HSS).

I concord the HS8 codes overtime using algorithms provided by [42]. T then create
six-digit harmonized system codes from HS8 codes and match product recalls counts

for corresponding HS6 category, year, and month. I keep only HS6 products that have

30ne recall ID corresponds to one recall report, but may correspond to multiple recall incidences.
In earlier reports, one report may recall several products. In this case, each HS6 product will be
count as a separate incidence. In addition, some reports list multiple exporting countries. Such a
report counts towards one recall for each of the countries listed.
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at least one recall over 2001-2009 in the matched data set. I also drop observations
from Customs Data that have missing year, month, or firm ID.

Chinese Customs Data record all variables in Chinese, so I create a mapping
between Chinese country names and World Bank country names in English. Then I
link export destination countries to World Bank income categories of that country.
World bank categorize a country or region into one of the six categories: high Income
(OECD), high Income (non OECD) ,upper-middle income, lower-middle income, low-
income, and othelﬂ. I then create dummy variables for each destination country,
indicating whether it is high income (including OECD and non-OECD countries),
middle income (including both upper and lower middle income), or low income.

In the matched data set, 55% of the Chinese firms have exported to the United
States at least once between 2001 and 2009. 41% of firms were under recall at some
point. A firm is categorized as “under recall” if it has ever sold a product in a month
of which that product is recalled by CPSC. Note, however, that firm may or may not
be producer of the particular brand of product that is recalled. Although almost half
of the exporting firms have been influenced by recalls, only 7.6% of shipments were

affected by recalls.

Table [2.1]shows that firms that were never under recall tend to sell more expensive
products,exports lower total value per shipment, participate in export for shorter
period of time, and sell to fewer destination countries. The first two rows shows the
average unit value and export value in current USD for shipments that were under
recall and not under recalls. Shipments that were under recalls have much lower unit
value, averaging $84.6 instead of $466. The difference indicates that low average value
products such as toys get recalls more often than more expensive products like ovens.

Firms that were never affected by recalls tend to export for 4.7 months on average,

4Countries and regions that are categorized as “other” are typically a collection of current countries.
For example, Yugoslavia (including Serbia and Montenegro) is categorized as “other”. Majority of
the regions China export to have a corresponding World bank country code and income category.The
ones left out are Yugoslavia (which has a unique destination code in Chinese Customs Data) and a
set of small islands.
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Under Recall Never under Recall ~ All Firms
Average unit value (shipment) 84.26 466.56 44413
[4,218.39] [20,702.90] [20,112.88]
Average value of export (shipment) 89,126.36 133,991 94,287.26
[2,346,032] [2,951,344] [2,423,413]
Firm tenure (Months) 13.59 4.69 8.35
[17.05] [8.32] [13.39]
Num. of destination countries, all firms 6.09 2.15 5.53
[7.37] [2.72] [7.04]
Num. of destinations for U.S. partners 6.31 2.62 5.94
[7.48] [3.23] [7.25]
Num. of firms 89,897 129,203 219,100
Num. of Observations 15,010,054 1,951,085 16,961,139
Share of firms export to the U.S. 0.55
Share of firms ever face a recall 0.41
Share of transactions affected by U.S. recalls 0.076

nosep,after= Standard Deviations in squared brackets
nosep,bfter= Unit of average unit value and value of export is current USD.

nosep,cfter= Sources: CPSC Product Recall Database and Chinese Customs Data 2001-2009
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contrast to 13.6 months for exporting firms that were under recalls. They also sell to
fewer destinations, 2.2 instead of 6.1 on average. Given that product recall matching
is only on month-product level instead of month-product-firm level, firms that are
never influenced by recalls tend to be less experienced exporters, since the longer an
exporting firm stays in export market, the more likely it will be influenced by at least

one recall.

2.3 Stylized Facts

Summary statistics presented in section characterizes differences across prod-
ucts due to different recall frequency, as well as differences across firms. This section
shows how recall relates to export performance of Chinese firms controlling for time,

firm, product, and destination specific factors.

2.3.1 Impact of product recalls on firms

As a first look of the data, I treat product recall as an exogenous shock and create
a dummy variable Recall; that equals 1 if that HS product p is recalled at time ¢ and
0 otherwise.Recall is unlikely to be completely exogenous when we consider aggregate
trade flows, as argued in chapter one of this thesis, because given the underlying
fraction of bad products, larger trade volume increases probability of occurrence of
recall. Here I assume that a Chinese firm has negligible impact on the total volume
of export from China and a firm’s individual export performance is not contributing
to the onset of recall in a particular month. To take into account the impact of recent
recalls, I also include three lagged recalls. Because I am using U.S. product recall
data, I add an interaction term between Recall; and an indicator for whether the firm
exports to the United States. In addition, I include two types of fixed effects. The first
fixed effect d; is a time fixed effect that controls time specific demand shocks and sea-
sonality. The second is a firm-HS8-destination fixed effect that controls firm-product

specific productivity, existing trade partner connections, and destination specific de-
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mand. Including the firm-HS8-destination fixed effect means I am identifying using

within panel variation. Formally, the regression equation is:

Yi¢par = Recally, + Recally,—1 + Recally—o + Recally 3

+Recall,, x USPartner s, + 1ypa + 61 + € par (2.1)

where Y}, measures of export flow of HS8 product p from firm f to destination ¢
at time t. Specifically, it is either the export value measured in current USD or a
dummy for export participation. Recall, is a dummy for product recall in a HS6
category that includes the HS8 product in Y},4 and firm-HS8-destination fixed effect
Ngpa- Recall,_y, Recall,_o, and Recall,_s are dummies for a product recall happened
last month, two, and three months ago. d; is the time fixed effect.

When the dependant variable is export participation, I expand the data set into
a balanced panel, where a firm that is not selling product p in month ¢ has export
participation 0, and all other observable variables such as unit value and export value
are treated as missing. Due to memory constraint, I collapse all destinations and
an observation is export flow of product p from firm f in time ¢. As a result, the

interaction term Recall,, x USPartnery, is omitted in this specification.

Table reports results from regression 2.1l Over all, product recalls from the
United States do not have a statistically significant impact on exporting firms’ export
value. Product recalls in the past three months have significant negative impact on
a firm’s export participation, but product recalls in the current period is positively
correlated with firms’ export participation. Also, there is no obvious diminishing
impact for lagged recalls within the three-months window: a recall from last month
seems to be as negatively correlated to firm export participation as a recall from three

months ago.
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Table 2.2.: Recalls and firm export value and export participation

Dependent Variables: Export Value Export Participation
) 2) () 4) (5) (6) (7) ®)
Recall, -7413.3 51802.4  51783.1 51848.7 0.912%F*  (.922%** 0.927F% 0.931%%*
(4570.2)  (80022.9) (80047.4)  (80109.6) (0.000228)  (0.000249)  (0.000260) (0.000267)
Recall,x US partner 5888.1 5867.3 5866.3 5859.9
(11994.4) (11994.6) (11994.8)  (11994.9)
Recall;_4 -59299.8  -78059.2 -78025.2 -0.0243%F% -0.0189%**  -0.0155%**
-80005.7  (113100.6) (113145.7) (0.000245)  (0.000256)  (0.000263)
Recall;—y 18804.7 34824.0 -0.0189***  _0.0155%**
(80289.4)  (111872.0) (0.000256)  (0.000263)
Recall,_3 -16134.7 -0.0154%%*
(78452.9) (0.000262)
Firmx ProdxDest FE Y Y Y Y Y Y Y Y
Time FE Y Y Y Y Y Y Y Y
N 16961139 16960680 16960221 16959763 285935342 285934882 285934422 285933962
R? 0.003 0.003 0.003 0.003 0.061 0.061 0.061 0.061
F Statistics 218.9 217.1 215.3 213.5 154567.2 153374.3 152162.4 150952.2

1. Standard Errors in squared brackets

2. Unit of average unit value and value of export is current USD.

3. A firm is categorized as “under recall” if it has ever sold a product in a month of which the product is
recalled by CPSC. The firm may or may not be producer of the particular brand of product that is recalled.

4. All regressions include Firm x Product X Destination fixed effects and time fixed effect.

5. Sources: CPSC Product Recall Database and Chinese Customs Data 2001-2009

2.3.2 Firm level impact by income of destination countries

In order to examine the heterogeneous effect of recalls on export flows to different
destination countries, I roughly categorize all destination countries into high income,
middle income, and low income countries according to World Bank’s countries income
categories. I then interact income categories with recall and lagged recall dummies. I
include the same set of fixed effects in this regression as in regression [2.1] Regression

equation takes the form:

3 3
Yipar = Z Recally,;—; x HighIncomeq + Z Recally;—; x MidIncome,

=0 =0
3
+ Z Recall,;—; x LowIncomey + Nfpa + 0 + € fpar (2.2)
1=0

where Yr,q is again export values or export participation dummies.
Note that analyzing recall impact by income of destination countries requires me

to keep destination countries in my data set. I cannot collapse destination countries
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as I did in last section to reduce computational burden, so I limit the exercise to
one product—toys—in order to execute the analysis. Column (5)-(8) reports impact of
recall on Chinese toy manufacturers.

I report results from regression in table 2.3] Similar to results of regression
2.1], recalls do not have significant impact on export value for firms. The interaction
terms with current period recall are omitted in regressions (1)-(4). After adding
income strata, I no longer find negative correlation between export participation and

lagged recall. Results from current specifications do not show a clear pattern how

income of destination countries affects the impact of recall.

Table 2.3.: Trade flows and Recalls by destination income categories

Dependent Variables

Log Export Values

Export Participation

1 @) 3) (4) (5) (6) (7) 8)
Recall, x High-income -0.0113***  0.00360  0.00548 0.00547 0.0578%** 0.0254 0.0254 0.0254
(0.00266)  (0.0516)  (0.0516)  (0.0516) (0.0000784)  (0.0161)  (0.0161)  (0.0161)
X Mid-income 0.00990 0.0581 0.0572 0.0226 0.0403***  -0.00114 -0.00111  -0.00112
(0.00672) (0.121) (0.121) (0.121) (0.000137)  (0.0309)  (0.0309)  (0.0309)
Recall;_y % High-income -0.0150 0.0653 0.0652 0.0324* 0.0130 0.0130
(0.0516)  (0.0735)  (0.0735) (0.0161)  (0.0233)  (0.0233)
X Mid-income -0.0483 -0.119 -0.0850 0.0414 -0.0285 -0.0285
(0.121) (0.166) (0.167) (0.0309)  (0.0408)  (0.0408)
Recall;_5 % High-income -0.0822 -0.0919 0.0194 -0.0139
(0.0525)  (0.0727) (0.0169)  (0.0235)
X Mid-income 0.0719 -0.0548 0.0699** 0.0324
(0.116) (0.165) (0.0266)  (0.0382)
Recall;_3 x High-income 0.00980 0.0332*
(0.0507) (0.0164)
X Mid-income 0.127 0.0375
(0.118) (0.0275)
Observations 16961138 16960679 16960220 16959762 22317812 22317799 22317786 22317773
R? 0.060 0.060 0.060 0.060 0.038 0.038 0.038 0.038
F-Statistics 4834.6 47554 4678.5 4604.0 7404.6 7282.3 7163.9 7049.4

1. Standard Errors in squared brackets

2. Unit of average unit value and value of export is current USD.

3. A firm is categorized as “under recall” if it has ever sold a product in a month of which the product is
recalled by CPSC. The firm may or may not be producer of the particular brand of product that is recalled.

4. All regressions include Firm x Product X Destination fixed effects and time fixed effect.

5. Sources: CPSC Product Recall Database and Chinese Customs Data 2001-2009
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2.4 Conclusion

This chapter documents export decisions of Chinese firms when Chinese products
are facing recalls from the United States. Using a new data set that links product
recalls to Chinese Customs data, I regress export value and export participation over
recall and lagged recall indicators. 1 found negative correlation between lagged recalls
and export participation of Chinese firms. I also analyze the correlation by income
groups of destination countries, but I found no clear patterns. Moving forward, there
are several steps that will help us better understand the results from this chapter.
First, I need to perform robustness checks for existing results. For example, there are
several ways to characterize destination country income. I have translated destination
country names, so I can also match customs data with income per capita from World
Bank, which will provide more cross country variation as well as overtime variation.

Second, my results suggest that firms react to recalls by stop exporting, but it is
not clear why they do it. In addition, among the firms that keep exporting, I still
need to document if there is any trade diversion.

Understanding why firms tend to stop exporting may require more information
about firms. The third step is to link Chinese Customs data to Chinese firm-level data
from the annual industrial census conducted by the National Bureau of Statistics [?,
see] BRANDT2014339. After that we can also document the production decisions
made by firms after recalls.

Down the road, all empirical evidences will be put together to motivate a model
that explains the production and export decisions of Chinese firms when there are

bad signals about the country’s product quality.
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3. WHEN OPPORTUNITY KNOCKS: CHINA’S OPEN
DOOR POLICY AND DECLINING EDUCATIONAL
ATTAINMENT

3.1 Introduction

There is a growing literature exploring the links between trade and educational
choice. New job opportunities brought by growth in exports shift the relationship
between education and earnings. However, the direction of this change is ambiguous
ex ante. Initial export growth in developing countries typically is driven by low-
skill, labor intensive goods amiti2010anatomy. This should suggest a decrease in the
returns to education and a decline in educational attainment, as less educated workers
face greater wages and job availability after exposure to export growth. Alternatively,
exports to industrialized, high-income countries have been shown to increase the skill
premium brambilla2012exports, pissarides1997learning, suggesting that the returns to
education and educational attainment should increase in response to export growth.
In this study, we examine the initial period of export growth in China following the
Open Door Policy in 1978, investigating how the educational choices of teenagers
changed in response to export exposure. We then link these education decisions to
the mid-career outcomes of these workers, examining whether the chosen educational
attainment of these workers is consistent with the observed changes in the returns to
education caused by export growth.

National trends in Chinese educational attainment suggest that the implementa-
tion of the Open Door Policy caused students to leave school and enter the workforce.
Figure|3.1{shows that high school and middle school completion rates decline sharply
for cohorts born in the early 1960s, only reversing in the late 1960s and 1970s. Com-
pared to the cohort born in 1960, the cohort born in 1967 was 60 percent less likely
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to finish high school (16.7 percentage points), and was 16 percent less likely to finish
middle school (10.2 percentage point). This is surprising, as the 1960s cohorts’ pri-
mary and middle school education occurred during the Cultural Revolution. During
the Cultural Revolution (1966-1976), all universities in China were closed; the na-
tional college entrance exam was not resumed until October 1977. Cohorts born in
the late 1960s were in primary school at the end of the Cultural Revolution, however.
Given nationwide improvements in education quality and the renewed possibility of
college attendance, we would typically expect educational attainment to be higher
for these younger cohorts than for those born in the early 1960s, but the opposite
is true. It took over a decade for the middle school completion rate to return to its
1960 level and over twenty years for the high school completion rate to return to its
1960 level. Although the sociology literature has briefly mentioned this education
trend hannum1999political, ours is the first in economics to explore the causes of this
decline and its long-run implications on Chinese labor markets.

We find that exposure to export growth in the late 1970s causes a substantial
decline in high school completion. A $1000 increase in exports per worker in a prefec-
tureﬂ causes a 4.76 percentage point decline in high school completion from 1960 to
1970. Though this only explains about 10.4% of the national decline in high school
completion for 1960s birth cohorts, exposure to export growth induces substantial ge-
ographical variation in educational choice that we exploit for investigating mid-career
outcomes?|

In this time period, high school graduates were the primary source of high-skilled
labor in China, so our results demonstrate a decline in high-skilled labor and a corre-
sponding increase in low-skilled labor occurred in the most highly trade-exposed areas
of China for those born in the 1960s. Using the 2010 Chinese Family Planel Studies
(CFPS), we investigate how this pattern aligns with the relationship between the skill

' The mean export exposure per worker is $402, shown in Table

2We also find no substantial impact on the middle school completion rate; i.e., our results suggest
a rise in dropping out of school after middle school, but not a rise in dropouts before middle school
completion.
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premium and export growth after the Open Door Policy. We find that, for workers
born between 1960-1970 in provinces with the highest quintile of export exposure, the
return to an additional year of schooling is CNY 839.7 larger than for workers born
in the second highest quintile] Additionally, one extra year of schooling increases
the likelihood of employment by 2.6 p.p. in the upper quintile, relative to 0.6 p.p. in
the second highest quintile. Despite demonstrating a negative relationship between
educational attainment and export growth for this cohort, we find a positive rela-
tionship between the returns to education and export growth. This suggests that the
decisions of these workers to drop out of school after the Open Door Policy in order
to seek immediate employment were short-sighted, and likely resulted in substantial,
permanent loss to the lifetime earnings of many workers.

This paper contributes to the literature studying how educational choices are
affected by trade flow changes. [43] studies the education choices of Mexican teenagers
after Mexican trade liberalization from 1986 to 2000, finding that the expansion of
job opportunities in the manufacturing sector leads to students dropping out at grade
9 instead of continuing through grade 12. The main mechanism we investigate and
our findings are similar to Atkin’s, although the methods we use differ. Atkin’s
main specification is an instrumental variables regression, with a large single-firm
expansion (e.g. a plant opening) as an instrument for new export-related jobs, and
his independent variable is local cohort-average schooling. Our specification is useful
for studies of countries and periods where firm-level microdata are not available and
provides a measure for export-induced local job openings without relying on the
counts of new openings.

The closest study to our paper is [44]. Li studies the effects of export growth on
educational attainment in China from 1990 to 2005 and finds that high-skill export
shocks increase high school and college enrollment while low-skill export shocks de-

press both. We look at an older generation than Li because we aim to explain the

3The return in the upper quintile is CNY 1374.5 (4.85% of median income), and the return in the
second quintile is CNY 534.8 (1.89% of median income).
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puzzling decline in educational attainment in the 1960s, while Li examines a period
of greater trade growth in China.

Our clear advantage over the entire existing literature examining the relationship
between trade and education, is that we are able to link trade-induced education de-
cisions to mid-career outcomes. By studying older cohorts, we are able to investigate
changes in the skill composition of workers and changes in the skill premium induced
by export growth. As a result, we are able to determine whether teenagers are an-
ticipating changes in the skill premium and adjusting their educational attainment
correspondingly. Our findings suggest the opposite — teenagers appear to leave school
to pursue new low-skilled job opportunities, potentially causing a widening of the
skill premium and leading to more severe income inequality in developing economies.

The paper proceeds as follows. Section |3.2 provides a historical background of
China’s Open Door Policy reforms in 1978, as well as an overview of major educational
policy changes in the 1970s. Section describes the data, and Section |3.4] explains
the estimation strategies used. Section presents the empirical results of the Open
Door Policy’s effects on educational attainment and Section [3.6| presents the results
of the Open Door Policy’s effects on the returns to education. Finally, Section (3.7

provides concluding remarks.

3.2 Historical Background
3.2.1 The Open-Door Policy

Before 1978, China had a rigid centrally planned economy. Individuals and pri-
vate corporations were not allowed to trade without intermediation with state-owned
corporations. Domestic commodity prices were not linked to international prices,
and foreign currency exchanges were highly restricted. These policy barrier resulted
in almost no trade. From the data reported by all trade partners of China in the
UN Commodity Trade database, the total value of all Chinese exports in 1962 was
616,785,000 USD, 1.3% of the national GDP.
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In December 1978, China enacted a series of reforms to loosen its trade policy. The
government decentralized decision making regarding exports and imports, granting
local governments and foreign trade corporations decision-making power. Meanwhile,
the government replaced the administrative restrictions on exports and imports with
tariffs, quotas, and licensing. Controls on foreign exchange were loosened, particu-
larly for foreign-invested or foreign-managed firms. The government first designated
4 special economic zones (SEZ) in 1980, where foreign and domestic investment deci-
sions could be made without authorization from the central government in Beijing/[]
Later, 14 cities spread along the entire Pacific coast were designated “open coastal
cities” for a similar purpose to the original 4 SEZ Wei1995open.E]

During the same period, China restructured the administration of the agriculture
sector. Under the new household responsibility system, local rural households were
held responsible for the profits and losses of the land assigned to them. It was first
adopted in 1979, and expanded nationwide in 1981. Unlike the former agricultural
system, this household responsibility system stimulated farmers’ enthusiasm and sub-

stantially increased agricultural productivity lin1987household,lin1988household.

3.2.2 Educational History

Figure [3.1] shows that educational attainment declined for cohorts born in the
1960s. We aim to link this decline to the implementation of the Open Door Policy,
but this was a tumultuous time period in China with many reforms and shocks that
affected education. Perhaps the most well known of these is the Cultural Revolution.
However, the Cultural Revolution is unlikely to be the cause of declining education
among the 1960s birth cohorts because it occurred from 1966-1976, long before the
younger cohorts with the lowest educational attainment entered middle school. The

most well-known impact of the Cultural Revolution on education is the closure of all

4The 4 SEZ were Shenzhen, Zhuhai, Shantou, and Xiamen.
5The “open coastal cities” differed from the SEZ by their well-established industry facilities and
educated labor force.
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colleges from 1966 to the early 1970s. The national university entrance exam was
reinstated in 1977. Middle school education and high school education were affected
to a lesser degree as well. The Down to the Countryside Movement started in 1968, by
sending urban middle school and high school graduates to rural areas. The main group
of “sent-down youth” were birth cohorts 1948-1953 (aged 13-18 in 1966). During the
same time period, the government expanded primary schools and middle schools,
especially in rural areas. As a result, according to the Chinese National Statistics
Yearbook 1980, enrollment in primary and middle school increased throughout the

1970s nationwide.

3.3 Data
3.3.1 Trade and Educational

Our primary data source is the 1990 Chinese Population Census 1% subsample,
providing educational attainment, prefecture and province of residence, migration sta-
tus and other individual characteristics. We then link the Census with a prefecture-
level export exposure factor. The export exposure factor is a measure for how changes
in exports influence a prefecture. Export flows are measured as the changes in China’s
total export value for commodities from 1975 to 1982. The commodity export values
come from the United Nations Commodity Trade (UN ComTrade) database, mea-
sured in US dollars. We aggregate the import flows from China reported by all
countries and use that as China’s total value of exports. China did not begin report-
ing its export flows to the United Nations until 1984, despite China exporting goods
for decades before that. We need trade flows from the 1970s to observe changes in
exports from the late 1970s to the 1980s, thus it is not feasible to use export flows
reported by China. Additionally, import flows are generally more reliable than export
flows because countries have incentives to track import shipments carefully for tariff

purposes hummels2006matched.
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It is commonly believed that export growth in China primarily occurred during
the 1990s and 2000s, especially after China joined the World Trade Organization in
2001. The 1990s and 2000s are when China’s exports became substantial relative to
the rest of the world. However, if we focus on export growth within the country, as
industrialization spread and China’s productivity increased after a series of political
reforms, exports grew exponentially starting in the mid-1970s. According to the
World Bank, the total value of Chinese exports grew five-fold from 1970 to 1980,
quintupling again from 1980 to 1990. Figure shows the changes in export value
for the four highest value industries before 1990 in China. We can see that for the
manufacturing of small goods, clothing, and textiles, export value increased rapidly.

In addition to export changes, we need information on the local labor market
conditions Chinese teens faced in the 1970s, yet poor employment statistics in China
at that time make direct measurement of local labor market conditions impossible.
We instead use the 1982 Chinese Population Census to infer employment by industry
by prefecture in the mid-1970s. We cannot use the whole labor force in 1982 to cal-
culate this directly, as we expect some of the changes in job opportunities brought by
exports have started to appear in the labor market, particularly for younger workers.
We instead used older cohorts, aged 40-50 in the 1982 census (born 1922-1942), to
estimate the employment shares in 1975.

There are concerns that some of these workers may have switched industries be-
tween 1975 and 1982. However, given that most workers worked in state-owned
enterprises at that time, the labor market was rigid and moving occupations was not
common. In addition, we choose a cohort that is in a stable stage in their career; they
are less likely to move than their younger, less experienced counterparts. Another
potential concern is workers migrating across regions, so we restrict our sample to
only individuals who have not migrated between prefectures in the last five years.
We lose less than 5% of the sample from this restriction.

As shown in table 3.1], prefecutre-leve export exposure per worker from 1975 to
1982 increases in the median prefecture by about $123. The bottom 10% of the
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prefectures saw a negative impact. Those are exclusively inland prefectures, mostly
in Tibet. The province-evel export exposure per worker is less disperse. Table
presents the province-level export exposure per worker by quintiles. The top quintile
includes three municipalities, Beijing, Shanghai and Tianjin, and two oil producing

provinces, Xinjiang and Liaoning.

3.3.2 Mid-career Outcomes

Our second data source is China Family Panel Studies (CFPS), which provides
labor outcomes for the cohorts of interest (born 1960-1970). We analyze the return
to schooling for individuals who experienced different levels of trade shocks in their
teenage years. CFPS is a nationally representative, annual longitudinal survey of
Chinese communities, families, and individuals. We use the 2010 baseline survey for
our analysis.

The variables we use from CFPS 2010 are years of schooling, number of siblings,
marital status, mother’s education, father’s educaton, mother’s party membership,
father’s party membership, gender, province of residence, and prefecture of birth. The
second panel in Table |3.3|shows summary statistics of the main variables we use in the
mid-career outcome analysis. The mean annual income is 12173 yuan, and the median
is about half of the mean. The employment rate of 1960s cohorts in 2010 is 67.4%. The
descriptive statistics of other categorical control variables are in Appendix [A3] We
use province-level export exposure to assign individuals to quintiles in the mid-career
outcome analysis instead of prefecture-level export exposure, because the CFPS only

includes deidentified, unlinkable prefecture codes.

3.4 Methods

We aim to estimate the effect of trade on the educational choices of Chinese
students in the 1970s and 1980s, around the implementation of China’s Open Door

Policy in late 1978. To begin, we modify the local labor market exposure measure
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used by [45] to be applicable to the rise in exports in China, rather than in import

competition from a single trading partner:

L AX;
~ I, L

J

AX PW), = (3.1)

In equation , Ljj is the total employment in prefecture £ and industry j in
China in 1975, AXj; is the change in Chinese exports to the world in industry j from
1975 to 1982 (in $1000s). The term AX PW}, then, is the average export change per
worker in prefecture k, weighted by the prefecture’s pre-Open Door Policy share of
total employment nationwide in industry j, L;.

Ideally, we would observe employment by industry and by prefecture in China in
1975, and use this to construct our local export exposure variable. However, these
data are not available, likely due to the political turmoil in China in the mid-1970s.
Instead, we observe employment using China’s 1982 National Population Census, and
restrict our sample to older workers who are unlikely to change industries between
1975 and 1982. Our sample for constructing these labor share variables includes only
workers ages 40 to 50 in 1982 (33 to 43 in 1975), and requires the assumption that
any movement of these older workers between industries or between prefectures from
1975 to 1982 is not endogenous with the education decisions of teenagers in this time
period. Constructing AX PW), provides us with a single export exposure measure per
prefecture, used as the primary variable of interest in our regressions.

We wish to observe the final education decisions of teens who are in school when
China implements its Open Door Policy in 1978; to do this, we use China’s 1990
National Population Census. Treatment is assigned based on prefecture of residence in
1990, restricting our sample to only individuals who have not moved across prefectures
in the past 5 years (> 95% of the sample). Additionally, we exploit heterogeneity
across different age groups, as older teens when the Open Door Policy begins are likely
to respond to the trade shock differently than younger teens. Our primary regression

model is:
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Ediy = a+ Y BAXPW; x 8, +vX, + ciry (3.2)

Yy

In , our coefficients of interest are f3,, the different effects of the export ex-
posure AX PW,, on each birth cohort y born between 1960 and 1970, aged 8 to 18
when the Open Door policy begins in 1978. Importantly, the export exposure does
not change between cohorts, it only varies across prefectures. We also include fixed
effects for birth cohort, province, sex, ethnicity, and prefecture-level controls in Xj;.
The coefficients 3, identify between-prefecture, within-province, within-birth cohort
differences in the educational response to a prefecture’s export exposure change. Our
outcome variable, Ed;,, is a middle school completion dummy variable or a high
school completion dummy variable. In our regressions in Section |3.5] we set birth
cohort 1960 as our baseline, as 18 year olds in 1978 would have already completed
middle school and high school by the time China implemented its’ Open Door pol-
icy. This allows us to make direct comparisons between an unaffected cohort (1960),
partially affected cohorts (1961-66)F} and fully affected cohorts (1967-70).

Our paper is closely related to the literature using trade flow changes in the form
of a Bartik instrument bartik1991benefits to study labor market responses. Autor,
Dorn and Hanson’s influential paper used Chinese import flow changes to study the
impact of import competition on labor market outcomes in the United States Au-
tor2013TheStates. Our methodology is similar, with one key difference: AX PW}, is
constructed using changes in aggregate export flows from China to the rest of the
world. This sidesteps the simultaneity issue that Autor, Dorn, and Hanson use IV
estimation to circumvent, as we are interested in Chinese trade with all partners,
not with one particular trading partner. As a result, we estimate equation [3.2] as is,

without implementing a 2SLS framework.

6The cohort born in 1966 would be in middle school when the Open Door policy began.
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3.5 Results
3.5.1 High School Completion

To begin, we estimate the average effect of prefecture-level export exposure changes
on treated cohorts’ likelihood of completing high school.

Table [3.4] presents the OLS point estimates of the effect of export exposure changes
on high school completion. Column (1) shows the estimate from a naive regression
including only export exposure, and gender and ethnicity dummies. The estimate
indicates that a $1000 increase in exports per worker increases the likelihood of com-
pleting high school by 10.4 percentage points. Adding province fixed effects and birth
year fixed effects, column (2) shows that a $1000 increase in exports per worker in-
creases high school completion by 4.76 percentage points. Both regressions in column
(1) and (2) show a positive correlation between export growth and high school com-
pletion in this era in China. However, a more interesting question is how this effect
differs between younger and older students. In other words, does export growth ex-
plain that high school completion rates of those born in the late 1960s are significantly
lower than those of ones born in 1960.

Column (3) includes export exposure per worker interacted with birth cohort fixed
effects, in addition to the covariates in column (2). This specification identifies how
the effects of export growth differ across birth cohorts. With the 1960 birth cohort set
as the baseline, cohorts born in 1961, 1962, and 1963 experienced increased high school
completion, while the cohorts born after 1964 decreased their high school completion,
relative to the 1960 cohort. Column (4) adds interaction terms of province fixed effects
and birth cohort fixed effects, capturing any potential province-year specific effects
on education. Column (5) adds prefecture-level controls including population, ethnic
minority fraction, primary school completion rate, middle school completion rate
and college completion rate, in order to capture economic and educational condition
varying at the level of the smallest geographic region available in our dataset, and is

our preferred specification. The estimates in column (5) show that the rise in exports
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has a significant, negative effect on cohorts born in and after 1965. Specifically,
compared to the cohort born in 1960, a $1000 increase in exports per worker leads
to a 3.62 percentage point decrease in the high school completion rate for one born
in 1965. Moreover, this negative effect is greater for younger cohorts. On average,
those born in 1970 have a 4.76 percentage point lower probability of completing high
school compared to the 1960 cohort, when experiencing the same trade shock.

It is hard to interpret the effects shown in Table |3.4] since there is substantial
between-prefecture heterogeneity in export growth from 1975 to 1982. The mean
export exposure per worker is $402, but the 25th percentile experienced only $35 of
export exposure, while the 90th percentile experienced over $650. Figure plots the
point estimates from Table [3.4] evaluated at the mean export exposure per worker for
each birth cohort, with the 1960 birth cohort as the baseline. One born in 1966 with
a mean export exposure has a 17 percentage point lower probability of finishing high
school compared to one born in 1960 with the same exposure. Overall, our relatively
coarse export exposure measure explains 10.4% of the high school completion decline
among cohorts born in the 19604}

Figure [3.4] includes three curves showing the estimated effects at the 25th, 50th,
and 90th percentile of export exposure per worker. The high school completion rate
for cohorts born between 1964-1970 with the 90th percentile export exposureﬁ is
reduced by 1.4 to 3.2 percentage points compared to the 1960 birth cohort.

Overall, the results shown above indicate that China’s Open Door Policy had a
negative and significant effect on the high school completion rates of the 1964-1970
birth cohorts, compared to the cohort born in 1960.

"The high school completion rate decreased from 30.02% in the 1960 birth cohort to 13.67% in the
1966 birth cohort.

8 Jinzhou city, Chaoyang city, Huludao city, Taiyuan city, Anshan city, Dandong city, Tongling city,
Shanghai municipality, Beijing municipality, Tianjin municipality, Dalian city, Huainan city, Qiqihar
city, Suihua city, Daqing city, Liaoyang city, Urumuqi city, Baicheng city, Songyuan city, Yingkou
city, Panjin city, Lanzhou city, Benxi city, Wuhai city, Jiuquan prefecture, Fushun city and Karamay
city.
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3.5.2 Middle School Completion

The previous results suggest that high schoolers dropped out of school due to job
opportunities brought by the Open Door Policy. It is important to also investigate if
this trade shock had a similar effect on middle school completion. In Figure both
middle school and high school completion rates declined for the 1960s birth cohorts,
although the reduction in high school completion rate was greater and affected older
cohorts compared to the decrease in middle school completion. We run the same
regressions as in Table with the dependent variable as middle school completion.

Table presents OLS point estimates of the effect of export exposure on middle
school completion. Unlike the high school completion, column (3) and (4) show that
the trade shock has a positive effect on the middle school completion rate of the
birth cohorts younger than the 1963, compared to the baseline cohort in 1960. The
estimates are statistically significant for cohorts from 1963 to 1970, and the effects are
stronger for younger cohorts. After controlling for the prefecture-level characteristics,
column (5) show the strong positive effects diminished except for the 1963 and 1970
cohorts. These education variables are cumulative — a high school graduate counts
as both a high school and a middle school completer. Thus these findings are not
explained by teens dropping out of high school and only completing middle school.
We discuss this finding in further details in the Appendix. Specifically, why would
export growth increase middle school completion, yet decrease high school completion

for cohorts born in the 1960s?

3.6 Mid-Career Outcomes

The analysis in the previous section shows that the Open Door Policy had a
negative and statistically significant effect on the education decisions of birth cohorts
1964-1970. This explains part of the high school education decline for people born in
the mid-1960s compared to the ones born in 1960. In this section, we investigate the

mid-career outcomes of adults who have been exposed to the trade shock when they
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were at schooling ages, and link their career outcomes to the changes in education
shown in Section 3.5

The channels through which the trade shock impacts mid-career outcomes for
the generation born between 1960-1970 is complicated, but this paper only focuses
on education. We use the 2010 Chinese Family Panel Studies (henceforth CFPS)
to examine the mid-career outcomes of hte 1960s birth cohorts. The individuals
born in the 1960-1970 cohorts are 40 to 50 years old in 2010, reaching their peak
earnings potential in our data. To see if there are differential impacts on the returns
to education in provinces with high and low trade exposure, we perform analysis by
quintiles of trade exposure. Each quintile has five to six provincial level administration
regions, listed in Table[3.2] Note that not all provinces in the high exposure quintiles
are high-income provinces today. For individuals born in a quintile of provinces,
we regress labor market outcomes on highest level of education, number of siblings,
parental education, parental party membership, birth prefecture fixed effects, year of
birth fixed effects and current province of residence fixed effects.

Table presents the returns to education in the 2010 CFPS by quintile of expo-
sure to export growth after the Open Door Policy. The trade shock is assigned by the
province of birth in the CFPS, as the educational attainment decisions were made due
to the job opportunities available to the teenagers when they were attending middle
school and high school.ﬂ Trade shocks assigned by province of birth should reflect the
labor market environment the individuals were exposed to while in school['] It goes
without saying that we are showing only the pairwise correlation among education,
income and export shock but not any causal effects.

Results in the previous sections suggest that in high trade exposure regions, people
left school earlier. If high trade exposure regions have lower returns to education

compared to low exposure regions, then that may justify their dropout decisions.

9We have prefecture level exposure, but the prefecture code is hidden in the public CFPS data.
OCFPS 2010 has the question “Where did you live when you were 12?”, which is a more direct
proxy for location of school. The response rate to that question is too low, however, for it to be
useful to our analysis. Given how hard it was to migrate back in the 1970s, it is reasonable to believe
that for most people the province they are born in will be the one they went to school in.
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However, if the returns to education are flat or even increasing over all quintiles, then
early dropout decisions decrease mid-career income, and teenagers likely should not
have dropped out. The potential reasons for dropping out could be that they did not
understand the long run impacts of education, they are too risk averse in terms of
the uncertainty of mid-career returns to education as China was at its early stage of
industrialization, or they urge an immediate income due to survival constraint of the
family. In the first four columns of table [3.6] the coefficients are of similar magnitude
in both panels; the returns to education are similar in most provinces. The income
return to education in the top quintile, however, is substantially larger. If an average
student born in the highest quintile provinces finished high school, he would earn
CNY 1375 more than his less educated peers of a similar background. He is also 2.6%
more likely to be employed between the ages of 40 and 50.

Why is the highest quintile so different from the rest of the country? There are
five provincial-level administrative regions in the highest quintile: Beijing, Shanghai,
Tianjin, Liaoning and Xinjiang. Liaoning and Xinjiang are largely rural, oil-producing
provinces. Their high trade exposure is driven by a large increase in oil exports and
the dominance of oil extraction in the provincial economy. Beijing, Shanghai and
Tianjin are the only three municipalities at the time to designated at the provincial
administration level. Since trade may affect the returns to schooling differently be-
tween municipalities and oil-producing provinces, we evaluate the return to education
separately for the cities and non-cities in the top quintile.

Table reveals that the higher returns to education in the upper quintile are
driven completely by the cities. People born in Liaoning and Xinjiang have similar
returns to education as the rest of the country. People born in the large cities,
however, earn CNY 3388.4 more per additional year of schooling, which is equivalent
to 500 U.S. dollars.E This is 4.49% of average urban household income according
to the China Household Finance Survey in 2011. This result is not surprising, as

skill-intensive jobs concentrate in big cities. A teenager who quit high school to work

" Converted using 2010 exchange rate. 1 USD=6.77 CNY in July 12 2010.
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in the factory will likely be unqualified for managerial jobs in his forties, while his
peer with a high school diploma can have a much higher-paying job.

Interestingly, the employment gap between the upper quintile and other parts of
China is the same in cities and non-cities. Given that most people have not moved
out of the province they were born in, trade shocks opened jobs that remained in the
long run, but those jobs don’t necessarily pay more.

Given that the long-run return of education is higher for those born in a city
between 1960-1970, did they decrease their education in response to export growth
in a similar manner to the rest of the country? We create an indicator for the 9 most
populated cities in 1990. We divide birth cohorts into young (born in or after 1965)
and old (born before 1965) and interact this large city indicator with cohort and trade
exposure. Table|3.8|shows that the younger cohort more responsive to export growth
if they were born in a big city than in other regions with similar trade exposure. This
is an intuitive result; when China was opening up for trade, the earliest expansion of
production was concentrated in big cities where the infrastructure was already well-
suited for industry. Young people born in the cities will learn about new job openings
earlier and get the job with lower transportation and moving costs, so the expansion
of production attracts local labor before any migration occurs.

The mid-career outcomes indicate that education has a high, long run return
throughout the country, which is much more prominent for individuals born in big
cities. However, when making drop-out decisions, it seems that teenagers chose to
forego many positive long run career outcome to earn immediate income. This de-
cision was especially costly for teenagers born in Beijing, Shanghai and Tianjin, as
the returns to education at mid-career are much higher than in the rest of country.
Because they are more likely to drop out before completing high school compared to
other regions with high trade exposure, it is safe to say that in the long run, they

made a costly decision leaving school early.



36

3.7 Conclusion

We investigate how China’s Open-Door Policy can explain the decline in educa-
tional attainment among China’s 1960s birth cohorts. There are clear drops in both
high school and middle school completion for nearly a decade, and we are the first
to examine the underlying causes of these nationwide trends. We find that export
growth driven by the Open Door Policy decreased high school completion by 3.62—
4.76 p.p. for the cohorts born between 1965-1970, compared to the baseline cohort
born in 1960. This suggests that the wave of new, unskilled jobs created by the Open
Door Policy were filled by teenagers choosing lower educational attainment than they
otherwise would.

At mid-career for the 1960s cohorts, we find that the returns to schooling are
the same for individuals who faced low to moderate export exposure in their teenage
years. However, the returns to schooling are substantially greater for individuals who
were exposed to the largest export growth. Although the mid-career skill premium is
higher for these individuals, the high school completion rate was significantly lower for
the younger cohorts in highly export-exposed cities. This implies that any temporary
gains in income and employment from an early dropout decision were eventually
surpassed by the widening of the skill premium over the following decades. Likely,
these individuals should have attained more education in response to export shocks
in their teenage years, not less.

This paper is the first to link educational attainment and mid-career outcomes
with local labor market trade exposure. Our findings contribute to the literature on
tradeoffs between labor force participation and human capital accumulation. Fur-
thermore, we are the first to provide empirical evidence that positive export shocks
can decrease the availability of skilled labor and as a result, can impede the long-term

growth of developing economies.
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Table 3.1.: Summary Statistics of Export Exposure per prefecture, in 1000 USD

Percentile Export Exposure Statistics

10% -0.0754 Mean 0.402
25% 0.0353 Std Dev 2.527
75% 0.303 Minimum -1.467
90% 0.664 Maximum 34.898
N 198 Median 0.123

Table 3.2.: Summary Statistics of Export Exposure per province, in 1000 USD

Quintiles Provinces Mean SD Min Max
20% Zhejiang, Hunan, Guangxi, Guizhou, Yunnan, Tibet -0.023 0.026  -0.065 0.001
40% Inner Mongolia, Anhui, Fujian, Jiangxi, Henan, Sichuan 0.015 0.006  0.005 0.022
60% Hebei, Jiangsu, Hubei, Guangdong, Shaanxi, Qinghai 0.039 0.0131 0.023 0.053
80% Shanxi, Jilin, Heilongjiang, Shandong, Gansu, Ningxia  0.140 0.068 0.073  0.255
100% Beijing, Shanghai, Tianjin, Liaoning, Xinjiang 0.395 0.083 0.258 0.465
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Table 3.3.: Descriptive Statistics

1960 1970
1990 Census Mean SD Mean SD
Education
Complete primary school 0.847 0.36 0.863 0.344
Complete middle school 0.631 0.483 0.524 0.499
Complete high school 0.281 0.449 0.096 0.294
Some high school 0.289 0.454 0.142 0.349
Some College 0.024 0.154 0.028 0.164
Demographic Characteristics
Female 0.486 0.5 0.489 0.5
Ethnic Minority 0.078 0.268 0.08 0.272
Agriculture 0.574 0.494 0.627 0.484
N 142270 277357
CFPS 2010 Mean  Median Std. Dev. Min Max
Annual Income 12173.313 6000 23282.61 0 800000
Years of Schooling 7.689 9 4.087 0 22
Employment Status 0.674 - 0.469 0 1
# Siblings 3.507 3 1.703 0 11
Female 48.26%
N D781

Source: TPUMS 1990 China Population Census and China Family Panel Studies (CFPS) 2010. See
other controls summary statistics in Appendix The upper panel shows the summary statistics
for the 1960 cohort and the 1970 cohort, to compare of the decrease in educational attainment.
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(1)

(2)

(3)

(4)

(5)

AXPW 0.104**  0.0476**  0.0595* 0.0710** 0.0458**
(0.0363) (0.0175)  (0.0299)  (0.0257)  (0.0130)
1961.birthyrx AX PW 0.0217* 0.00183 -0.000448
(0.0119)  (0.00893)  (0.00844)
1962.birthyrx AX PW 0.0107 -0.00274 -0.00595
(0.00855)  (0.00680)  (0.00698)
1963.birthyrx AX PW 0.0103 0.00302  -0.0000967
(0.00886) (0.00916)  (0.00890)
1964.birthyrx AX PW -0.00222 -0.0176 -0.0203
(0.0123)  (0.0123) (0.0127)
1965.birthyr x AX PW -0.0212  -0.0332**  -0.0362**
(0.0185)  (0.0143)  (0.0139)
1966.birthyrx AX PW -0.0265  -0.0392**  -0.0423**
(0.0223)  (0.0145)  (0.0144)
1967 .birthyrx AX PW -0.0305 -0.0389* -0.0411%**
(0.0252)  (0.0192)  (0.0179)
1968.birthyrx AX PW -0.0194  -0.0365**  -0.0399**
(0.0267)  (0.0176)  (0.0171)
1969.birthyrx AX PW -0.0265 -0.0385* -0.0400**
(0.0262)  (0.0198)  (0.0187)
1970.birthyrx AX PW -0.0407  -0.0449**  -0.0476**
(0.0293)  (0.0181) (0.0177)
Province FE Y Y Y Y
Birth FE Y Y Y Y
Province x Birth FE Y Y
Prefecture Controls Y
N 2450185 2450185 2450185 2450185 2406219

Notes: Standard errors in parentheses.All standard errors clustered at province level.
*p <0.10, ** p < 0.05, *** p < 0.01
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Table 3.5.: Middle School Completion

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

AXPW 0.173***  (0.0803** 0.0578 0.0588 0.0156
(0.0418)  (0.0339)  (0.0345) (0.0350) (0.0166)
1961.birthyrx AX PW 0.00984 0.0125 0.00328
(0.00652) (0.00744) (0.00497)
1962.birthyrx AX PW 0.00228 0.0132 0.00382
(0.00885) (0.00817) (0.00647)
1963.birthyrx AX PW -0.000103  0.0225*%*  0.0135*
(0.00988) (0.00986) (0.00767)
1964.birthyrx AX PW 0.0107 0.0211%** 0.0113
(0.0105)  (0.00965) (0.00901)
1965.birthyrx AX PW 0.0186 0.0230** 0.0129
(0.0124) (0.0112)  (0.00901)
1966.birthyrx AX PW 0.0279*%*  0.0245** 0.0127
(0.0130) (0.0115)  (0.00880)
1967 .birthyrx AX PW 0.0321** 0.0209 0.0110
(0.0148) (0.0136) (0.0108)
1968.birthyrx AX PW 0.0463**  0.0280* 0.0145
(0.0170) (0.0147) (0.0120)
1969.birthyrx AX PW 0.0450**  0.0261* 0.0161
(0.0180) (0.0139) (0.0113)
1970.birthyrx AX PW 0.0545*%*  0.0380**  0.0263**
(0.0184) (0.0142) (0.0123)
Province FE Y Y Y Y
Birth FE Y Y Y Y
Province x Birth FE Y Y
Prefecture Controls Y
N 2450185 2450185 2450185 2450185 2406219

Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.This table
presents the OLS point estimates of the effect of $1000 export exposure changes on
middle school completion.
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Table 3.6.: Impact of Education on Labor Market Outcomes, by Quintiles of Birth
Province Exposure to Trade Shocks

Lowest Second Third Fourth Highest
Panel One: Annual Income (CNY)

Highest level 865.0%HFF  475.01FF  812.0%*F  534.8%**  1374.5%*
of education (158.5) (100.6) (282.3) (67.66) (485.7)

Panel Two: Current Employment Status

Highest level  0.00592  0.00745%  0.00539  0.00598** 0.0260%**
of Education  (0.00493) (0.00391) (0.00422) (0.00302)  (0.00569)

Observations 800 1345 1168 1759 896

1. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

2. All regressions include individual controls, current province of residence fixed effects, year of birth fixed effects
and birth prefecture fixed effects. Individual controls include gender, number of siblings, mother’s highest level
of education, father’s highest level of education, mother’s party membership and father’s party membership.
All individual controls are categorical dummies. Column (1)—(5), respectively, show the regression results of
labor market outcomes on years of schooling of teenagers who exposed to the quintile 1-5 province-level trade
shock.

Table 3.7.: Impact of Education on Labor Market Outcomes in the Highest Trade
Exposure Quintile, by Cities and non-Cities

Cities Non-cities
Panel One: Income
Highest level 3388.4** 496.9**
of education (1085.4) (229.0)

Panel Two: Current Employment Status

Highest level 0.0232%* 0.0292%**
of Education (0.00892) (0.00772)
Observations 337 559

1. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
2. Cities include Beijing, Shanghai and Tianjin. Non-cities include Liaoning and Xinjiang.
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Table 3.8.: High School Completion by Generation by Birth Location

High School Completion Rate

Young cohortxBig city x AXPW -0.0772%*
(0.0305)
Young Cohort -0.162%**
(0.0286)
Young cohort x AXPW -0.0360**
(0.0110)
Big city 0.0187
(0.0130)
Big cityx AXPW 0.149%%
(0.0281)
AXPW 0.0667***
(0.0180)
Observations 2450185

. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

. Young cohort is 1 if the individual is born after 1965, and 0 otherwise. Big city is 1 if the individual is born in
one of these 9 cities: Shanghai, Beijing, Tianjin, Wuhan, Shenyang, Guangzhou, Chongqing, Xi’an, Nanjing
and 0 otherwise. AXPW is the province level trade exposure. Each of these cities is a prefecture. Harbin was
one of the top 10 cities, but it is not a prefecture on its own so we leave it out.
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Figure 3.1.: School Completion Rates across Cohorts
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Figure 3.2.: Highest Export Value Industries, 1960-1990
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Figure 3.3.: Export Exposure Mean Effects on High School Completion
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Figure 3.4.: Export Exposure Percentile Effects on High School Completion



REFERENCES



1]

[10]

[11]

95

REFERENCES

E. W. Bond, “International trade with uncertain product quality,” Southern
Economic Journal, pp. 196-207, 1984.

S. Donnenfeld, S. Weber, and U. Ben-Zion, “Import controls under imperfect
information,” Journal of International Economics, 1985.

S. Donnenfeld, “Intra-industry trade and imperfect information about product
quality,” European FEconomic Review, vol. 30, no. 2, pp. 401-417, 1986.

S. Donnenfeld and W. Mayer, “The quality of export products and optimal trade
policy,” International Economic Review, pp. 159174, 1987.

R. E. Falvey, “Trade, quality reputations and commercial policy,” International
Economic Review, pp. 607-622, 1989.

A. Creane, “Ignorance is bliss as trade policy,” Review of International Eco-
nomacs, vol. 6, no. 4, pp. 616-624, 1998.

A. Creane and K. Miyagiwa, “Information and disclosure in strategic trade pol-
icy,” Journal of International Economics, vol. 75, no. 1, pp. 229-244, 2008.

P. Swann, P. Temple, and M. Shurmer, “Standards and trade performance: the
uk experience,” The Economic Journal, pp. 1297-1313, 1996.

M. Potoski and A. Prakash, “Information asymmetries as trade barriers: Iso 9000
increases international commerce,” Journal of Policy Analysis and Management,
vol. 28, no. 2, pp. 221-238, 2009.

M. X. Chen, M. Wu et al., “The value of reputation in trade: Evidence from
alibaba,” Tech. Rep., 2016.

S. Freedman, M. Kearney, and M. Lederman, “Product recalls, imperfect infor-
mation, and spillover effects: Lessons from the consumer response to the 2007
toy recalls,” Review of Economics and Statistics, vol. 94, no. 2, pp. 499-516,
2012.

R. Grundke and C. Moser, “Hidden protectionism? evidence from non-tariff
barriers to trade in the united states,” Working Paper, 2014.

H. Bar-Isaac, S. Tadelis et al., “Seller reputation,” Foundations and Trends in
Microeconomics, vol. 4, no. 4, pp. 273-351, 2008.

H. Bar-Isaac, “Reputation and survival: learning in a dynamic signalling model,”
The Review of Economic Studies, vol. 70, no. 2, pp. 231-251, 2003.



[15]
[16]

[17]

[18]

[19]

[20]
[21]
[22]
23]

[24]

[29]

[30]

96

M. Rothschild, “A two-armed bandit theory of market pricing,” Journal of Eco-
nomic Theory, vol. 9, no. 2, pp. 185-202, 1974.

P. Bolton and C. Harris, “Strategic experimentation,” Econometrica, vol. 67,
no. 2, pp. 349-374, 1999.

J. A. Livingston, “How valuable is a good reputation? a sample selection model
of internet auctions,” Review of Economics and Statistics, vol. 87, no. 3, pp.
453-465, 2005.

D. Houser and J. Wooders, “Reputation in auctions: Theory, and evidence from
ebay,” Journal of Economics & Management Strategy, vol. 15, no. 2, pp. 353—-369,
2006.

D. Mayzlin, Y. Dover, and J. Chevalier, “Promotional reviews: An empirical
investigation of online review manipulation,” The American Economic Review,
vol. 104, no. 8, pp. 2421-2455, 2014.

M. Wu, “The value of reputation in trade: Evidence from alibaba,” Work, 2016.

M. Saeedi, “Reputation and adverse selection: theory and evidence from ebay,”
Working Paper, 2014.

J. Eaton, M. Eslava, C. J. Krizan, M. Kugler, and J. Tybout, “A search and
learning model of export dynamics,” Penn State University mimeo, 20009.

F. Albornoz, H. F. C. Pardo, G. Corcos, and E. Ornelas, “Sequential exporting,”
Journal of International Economics, vol. 88, no. 1, pp. 17-31, 2012.

I. R. Holloway, “Learning via sequential market entry: Evidence from interna-
tional releases of us movies,” Journal of International Economics, vol. 104, pp.
104-121, 2017.

J. E. Rauch and J. Watson, “Starting small in an unfamiliar environment,”
International Journal of industrial organization, vol. 21, no. 7, pp. 1021-1042,
2003.

S. Board and M. Meyer-ter Vehn, “Reputation for quality,” FEconometrica,
vol. 81, no. 6, pp. 2381-2462, 2013.

A. Khandelwal, “The long and short (of) quality ladders,” The Review of Eco-
nomic Studies, vol. 77, no. 4, pp. 1450-1476, 2010.

S. T. Berry, “Estimating Discrete-Choice Models of Product Differentiation,”
Source: The RAND Journal of Economics Journal of FEconomics, vol. 25,
no. 2, pp. 242-262, 1994. [Online|. Available: http://www.jstor.org/stable/
2555829http: //about.jstor.org/terms

W. K. Newey, “Efficient Instrumental Variables Estimation of Nonlinear
Models,” Source: Econometrica FEconometrica, vol. 58, no. 4, pp. 809-
837, 1990. [Online|. Available:  http://www.jstor.org/stable/2938351http:
/ /about.jstor.org/terms

M. Reynaert and F. Verboven, “Improving the performance of random coeffi-
cients demand models: the role of optimal instruments,” Journal of Economet-
rics, vol. 179, no. 1, pp. 83-98, 2014.


http://www.jstor.org/stable/2555829 http://about.jstor.org/terms
http://www.jstor.org/stable/2555829 http://about.jstor.org/terms
http://www.jstor.org/stable/2938351 http://about.jstor.org/terms
http://www.jstor.org/stable/2938351 http://about.jstor.org/terms

[31]

[32]

[33]

[34]

[42]
[43]
[44]

[45]

97

E. J. Balistreri and R. H. Hillberry, “The gravity model: An illustration of
structural estimation as calibration,” Fconomic Inquiry, vol. 46, no. 4, pp. 511—
527, 2008.

A. Lashkaripour and V. Lugovskyy, “Scale economies and the structure of trade
and industrial policy,” 2018.

J.-P. Dubé, J. T. Fox, and C.-L. Su, “Improving the numerical performance of
static and dynamic aggregate discrete choice random coefficients demand esti-
mation,” Econometrica, vol. 80, no. 5, pp. 2231-2267, 2012.

Y. Haimes, “On a bicriterion formulation of the problems of integrated system
identification and system optimization,” IEEFE transactions on systems, man,
and cybernetics, vol. 1, no. 3, pp. 296297, 1971.

J. H. Stock, J. H. Wright, and M. Yogo, “A survey of weak instruments and
weak identification in generalized method of moments,” Journal of Business €
Economic Statistics, vol. 20, no. 4, pp. 518-529, 2002.

J. Zhong, “Reputation of quality in international trade: Evidence from consumer
product recalls,” Working paper, Purdue, 2018.

C. Arkolakis, T. Papageorgiou, and O. A. Timoshenko, “Firm learning
and growth,” Review of FEconomic Dynamics, vol. 27, pp. 146 — 168,
2018. [Online]. Available: |http://www.sciencedirect.com/science/article/pii/
51094202517300534

S. Li, “A structural model of productivity, uncertain demand, and export
dynamics,” Journal of International Economics, vol. 115, pp. 1 — 15,
2018. [Online]. Available: |http://www.sciencedirect.com/science/article/pii/
S0022199618302307

2

O. A. Timoshenko, “Product switching in a model of learning,” Journal of
International Economics, vol. 95, no. 2, pp. 233 — 249, 2015. [Online|. Available:
http:/ /www.sciencedirect.com /science/article/pii/S0022199614001548

K. Handley and N. Limao, “Trade and investment under policy uncertainty: the-
ory and firm evidence,” American Economic Journal: Economic Policy, vol. 7,
no. 4, pp. 189-222, 2015.

E. A. Verhoogen, “Trade, quality upgrading, and wage inequality in the mexican
manufacturing sector,” The Quarterly Journal of Economics, vol. 123, no. 2, pp.
489-530, 2008.

J. Pierce and P. Schott, “Vconcording us harmonized system codes over time,”
Journal of Official Statistics, 2009.

D. Atkin, “Endogenous skill acquisition and export manufacturing in mexico,”
The American Economic Review, vol. 106, no. 8, pp. 2046-2085, 2016.

B. Li, “Export expansion, skill acquisition and industry specialization: evidence
from china,” Journal of International Economics, vol. 114, pp. 346-361, 2018.

D. H. Autor, D. Dorn, and G. H. Hanson, “The China syndrome: Local labor
market effects of import competition in the United States,” American Economic
Review, 2013.


http://www.sciencedirect.com/science/article/pii/S1094202517300534
http://www.sciencedirect.com/science/article/pii/S1094202517300534
http://www.sciencedirect.com/science/article/pii/S0022199618302307
http://www.sciencedirect.com/science/article/pii/S0022199618302307
http://www.sciencedirect.com/science/article/pii/S0022199614001548

APPENDICES



A. APPENDIX: REPUTATION OF QUALITY IN
INTERNATIONAL TRADE: EVIDENCE FROM
CONSUMER PRODUCT RECALLS

A.1 Additional Figures

Figure Al.: Correlation between quantity and recall incidences

log number of recall incidences

.
Hong Kong

.
Thailand

.
Korea

China

.
India Canad:
* .
Germany * Indonesia
Vietnan{t@ .
* . Japan
.o Philiggigeia
Pakistef! .
: UK
Sl anka
oafdt
Peru .
- France
Switzerland - .
. . Brazil  Singapore
eeeee New Zealand
. .
Finland Egypt Denmark Hond
.
T T T T T T

log units of export

Note: Incidences and quantity are sum over quarters and products.
Plot only countries that are subject to more than one recall incidences.

98



Figure A2.: Market share and recalls of toys from Hong Kong
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Figure A3.: Correlation between quantity and recall incidences
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A.2 Data Appendix

From Peter Schott’s data set, I can also know additional information about the way
of transportation (air, vessel or containerized vessel) and the cost of transportation,
but I am not using these information in the analysis.

The set of information provided by Consumer Product Safety Commission (CPSC)
does not perfectly overlap with the set of information used to describe a HT'S category.

Take an example of a recall occurred on November 3, 2011:

Boy Scouts of America Recalls Cub Scout Wind Tech Jackets
Due to Strangulation Hazard
Description:
This recall includes the blue Cub Scout Wind Tech jacket sold in youth sizes.

The jackets are nylon with a polyester lining, long-sleeve, with a full zipper
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front and a Cub Scout wolf head emblem embroidered on the upper left chest.
SKU numbers 73291, 73292, and 73293 are printed on the hang-tag that is
attached to the jacket at retail.

This report is categorized, according to HTS schedule 2011 HTS2011, under HS code
620193—“Anoraks (including ski-jackets), wind-cheaters, wind-jackets and similar ar-
ticles; men’s or boys’, of man-made fibres”. The title specifies that it is a boy’s jacket,
which pins it down to the category of men and boys’ outwear (6201); and the infor-
mation “nylon with polyester lining” in the description allows me to further narrow it
to the category “boy’s jacket with man-made fibres” (620193). To further refine this
particular category however, I will need information on the composition which is not
available in the recall data scraped. For example, the eight digits HS code 62019325
is described as “...... Containing 36 percent or more by weight of wool or fine animal
hair”.

In the previous example, from the description I can still gather enough information
to assign a six-digit HS code to the report. In some cases, the match is impossible

without further research on the products. Here’s another example from a recall report

filed in 2005:

The candle holder is a Christmas decoration designed to hold a tealight
candle. The candle holder includes three figures (penguin, moose, snow-
man) dressed in red and green sweaters, scarves and hats, roasting marsh-
mallows on a stick over a small fire. Model numbers 4-01-427, 231279-4
and UPC code 90000 08741 are printed on the bottom of the candle holder.

In this case, as shown in table candle holders of different materials belong to
distinct HS2 industries. Thus it is impossible to assign the report into any category
when the material of the candle holder is not specified. Among the 5214 reports from
year 1989-2012, [blank] are not categorized for the lack of relevant information and I

drop them out of the sample.
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Table Al.: Candleholder Materials and Corresponding HS8 codes, 2016 HT'S

Material Corresponding HS8 code

Glass 70139900
Wood 44209090
Metal 83062990
Ceramic 69120090

Another challenge in data mapping is the change of Harmonized Tariff Schedule
over time. This problem cannot be ignored because HTS changed multiple times over
the twenty-three years the data covers and some categories that went through major
changes—toys, for example-made up a big proportion of the recalls occurred. I used
2002 HTS schedule as the main reference to construct a preliminary matching, then
I used the harmonized system codes concordance over time provided by Pierce and
Schott pierce2009vconcording to identify categories and spots that have undergone
changes. Pierce and Schott provided concordance from 1989-2004, and adjust the
matching manually by checking HTS schedule year by year HTSArchive. From 2004
onward, I adjust the matching by checking HTS schedule Archive. This process is fin-
ished within a reasonable time because my data set contains only 35 HS2 industries.
Further more, I double checked matches in the top 5 industries in 1989-2004 using the
HTS schedule on USITC website. Recall intensity is quite top concentrated: among
those industries, 12 out of 35 industries have less than ten reports, 14 have 10-100
reports and only 9 have over 100 reports. The top five industries with the most recall
reports consist of 74.8% of the recall reports, thus by performing the double check
on the top industries, I made sure that a majority of the reports are matched to a

correct HS6 code.

It is not surprising that the sample contains only 35 industries. Consumer product
safety commission recalls a wide range of consumer products, but compared to the
range of intermediate and final goods United States imports, it is a much smaller set.

Also, some recalls are not issued by CPSC and will not show up in my data set. For
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example, food, cosmetics and drugs recalls will be under the administration of Food
and Drug Administration. Automobiles, trucks, motorcycles and parts of them will
be recalled by National Highway Traffic Safety AdministrationCPSCRange. 1 kept
only industries that have at least one recall from 1989-2012 in the merged data: all
other industries are excluded because they are out of the administrative responsibility
of CPSC or a recall is so rare it did not happen in the twenty three years. The latter
case is quite unlikely; and although by reading a description of CPSC on range of
products under their jurisdiction I can infer a set of industries that might be relevant,

this process may introduce unnecessary measurement error.

A.3 Mathematical Appendix
A.3.1 Derive the Dynamic Reputation Update Equation

The updating of reputation follows the Bayes rule. When choose a Beta distribu-
tion B(fp, dp) as the initial prior for u(1 — €), reputation updating follows:

p(r,0) = p(r|6) x p(0)

The posterior density is:
p(r]0) x p(0)
Olr) =
plolr) = 215

In the baseline model, when we choose a Beta distribution B(f,J) as the prior

9)
distribution, after one period of learning, the updated joint density p(r, 8) still follows

a Beta distribution:

p(r,0) o< 7771 (1 — )2

and the distribution parameters update through: § = B+ r and S=0+q—r.
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The mean of a Beta distribution B(f,9) is

RS Thus the expectation of v after

one period of observation is updated as the following:

_ B
E[’ylr]_g_i_g
B+
C B+d+g
r B+9

And from the definition of 7, substitute in § = 1 — 2, we can rewrite equation

as an equation of E[f|r] and E[6]:

SPPEE S A
0w lBHd+qg B+i+g

(1 — E[f])]

Given [y and g as the initial parameter values for the Beta distribution, in period
t, the updated distribution parameters are 3; = 5y + Zt;:ll rr and &; = g+ Zt;:ll qr —

Zt;:ll rr. Thus the reputation evolves from period ¢ to period ¢t + 1 following:

Tir1 = E(@\Tt)

_ B + o . gt — T
5t+5t+Qtt w(Be + 61 + q)

A.3.2 Discussion: using truncated Beta as the prior distribution

In last section, I shown the reputation updating process derived when the prior
distribution is a standard Beta distribution. An alternative assumption that fits the
model intuition better is a truncated Beta distribution that limits the support for ~
to be [0, p]. Here, I discuss a truncated Beta instead of a p-scaled Beta or generalized
Beta because the latter two are not conjugate priors of the Bernoulli trials, although

they have cleaner functional form for the first moment. I will show how a truncated
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Beta is also a conjugate prior and how its mean is close to the mean of standard Beta
when f; and ¢, are large.
Conjugacy

Suppose we choose a truncated prior

pa(718,8) oc 271 =)0 <y < )

The likelihood function is

L(y) o<y (1 =7)""
Thus the posterior distribution is:

p(vly) o< YL — )20 <y < )y (1 — )0
o 2T (1 = )20 <y < )

x AT = )0 < v < p)

Whereﬁzﬁ—i-r and 6 =6+ ¢ —r.

First moment

The p.d.f. corresponding to the truncated prior is:

AP 1 =) (0 < v < p)
f(8,9) = B(B,0)F(u)

mgpfl(1 — )0t
where F' is the c.d.f. of the Beta distribution. F(u) = / dx. For

o B(39)

notational simplicity, write the numerator in the form of a incomplete Beta function

B, 8,6) / "1 - 2y e
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B
. Thus F(u) = % The p.d.f. of the truncated Beta can be written as:

Y1 =) (0 <y < )
B(u, B3,9)

f(8,6) =

The expectation of v in each time period is thus:

B e e € Bt D
Elv] —/O B 5.9) dy

_ -
~ B(uB.9)
B(p, B + 1, 6;)
B(p, By, 0¢)

Thus the mean of ~, is a ratio of two incomplete Beta functions. For notational
simplicity, let us drop the time subscript in the following proofs. Variables and data

are all product-country-time specific.

8,6) — B(u, B +1,6)

6—{/ Ba91(1 — )z — (8 + ) /O“xm_x)wdx]
— )’ 7B = (B + 6)z]de

)L B(1 — x) — dz] dx

ﬁxﬁ '1—2) =02’ (1—2)" "] do
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Rearrange the results from equation into ratio form:

B 1
G5B 0,0) = Blu.p+1,0) = 5 [P (1= p)]
— B(u,8+1,0) = 51 (BB, 8,6) = (1 — )°]
_ BwB+Le) B pa—p) (A.3)

B(u, 3,9) B+6  (B+06)B(wp,9)

The incomplete Beta function has the following property according to NIST:

(1_“) Rl P(B+6,1;8+1;p)

5+6

5—1—135'
B B+6 (B+0)(B+06—1)u?
- B ( S R I *)

B(p, 8, 0) =

+

where F is a hypergeometric function and (.)s is a Pochhammer symbol: a falling
factorials. Substitute the hypergeometric representation of the incomplete Beta func-

tion, we can write the ratio in equation as:

B(u.f+1.8) B (1_ 1 )
By, 5,0) B+4 F(B+06,1;8+1;p)

When ¢ is much larger than 3, F is very large. Consider that in our case, d is the
history of sales minus recall, and it is typically several times larger than 5. Moreover,
the starting value of ¢ ranges from about 5 million to 145 million across industries
and 0;s; grows larger in every period. We can safely say that F will be negligibly
small in any period of time, and the mean of standard Beta is a good proxy for the

mean in truncated Beta distribution:

B(u, 8 +1,8) By

bl = B, B, 6t) Nﬂt‘{'ét.
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The intuition of this approximation is that when ¢ is much larger than 3, the Beta
distribution is right-skewed with a thin right tail. When ¢ is large, the tail is very
thin, and truncating on the right and a small upward shift of p.d.f. will have close to
no effect on the expectation.

Once we establish that truncated Beta is conjugate and its mean can be approximated
with the standard Beta mean, the reputation updating process will just follow the

derivation in section [A.3.11

A.3.3

Eluijs ] = E [E[ujs e|z]]
= E[z(log(Lit — Pjst) + o + M + js, + €ijsg) + (1 — )08 (Lit — Djst) + Mt + Vst + €ijist)]
= E[log(L;; — pjst) + 050 + Ny + Vjsr + €ijst]
=log(lis — pjst) + G E[2] 4+ Miy + Vjss + €ijs.i

=log(lit — pjst) + @ / pjst(2)dx + Ny + Vjsi + €ijs
[0,1]

=log(lit — Pjst) + Tjst + Mt + Vjst + €ijsi

A.3.4 Market share prediction

Given that the idiosyncratic shock €;;5 ¢ follows Type I extreme value distribution,
the standard discrete choice model predicts the probability of consumer ¢ choosing to

buy from country k is:
Pr(Eluijs ] > Elwijs i) [Pjs,e> Tjs,ts Me,ts Ejsit)

= Pr(f(pjsit Tjst, Mhts Vjsts Lije) + €ijst > F(Disr ity Tjsrots Mt 4y Visr 3 Ligit) + €ijst 1)

= Pr(€ijss — €ijort > FDjorts Tisrts Mt 6y Vi 15 Lijit) — F(Disits Tissts Moty Vst Ligie))
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where f(Djst, Tjsts Mt Cjss Lie) = 10g8(Lix — Pjsi) + QjTjss + My + Ejse is the mean
utility. Consumers are heterogeneous in term of expenditure on good j, and will only
purchase one unit of good from country k if and only if E[u;js:] > E[usjs ] for all

K £ k.

A.3.5

Proof.

E[js t|Djs.ts Tists Zisit]

=Kkt + Vist|Pist Tjsits Zjsit]

= E[Mkt|Djst> Tjsits Zist) + E[WQjst|Pists Tjsits Zjs,i]

By law of iterative expectation:

E[sz,t ’pjs,ta xjs,t: st,t]
=E [¢js,t|pjs,t, LjstyZjs,ts Uk,t]]
—E[0] =0 (A.4)

And by the orthogonality between the instrument z;,; and 7y,

E [?7k,t ’pjs,ta Tjsts st,t] =0 (A-5)

Combine equation and [A.5] we have

E[Sjs,t

Pjs,ty Ljsity st,t} =0

A.3.6 Proof of Theorem

The following assumptions are necessary for this proof. Intuition of both assump-

tions is described in the main text of chapter [l and this is a formal layout.
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Assumption 1 (Boundedness). The parameters p, (o, 0o and realization of import

flow {Qj&t}tT:l and recalls {rj&t}z':l satisfy the following:

1. p € [p,1], for some p > 0. That is, the probability of recall given a bad product

15 bounded below by a positive number;
2. Bo > Bo >0 and by > g > 0 for some By, do;

3. The quantity of import for each exporter and each product q;s: is nonnegative

and bounded above by Gjs;

4. The units of products recalled 1;s: do not exceed the units imported into the

market in this period. Thus rjs; is nonnegative and bounded above by q;s.

Assumption [I| places almost no restrictions on the values of parameters in addition
to those implied by the model intuition. Assumption 1-1 and 1-2 require that the
parameters cannot take value zero. Lower bounds for the nonnegative parameters
1, Bo, 09 can be small, and its value will not affect my results. Assumption 1-3 and
1-4 specify that the data must be bounded above. Given that import flow depends
on the exporters’ production constraints and the importing country’s wealth, there is

no reason to believe that the volume of trade can be unlimited.

Assumption 2. Let Hjy be the history when forming expectation for 0;5 in period t.
Hist = {(@st—1,Tjst—1), - (¢js,0,Tjs0)}- The expectation for the quantity of product

s from country j in the next period satisfies:

E [@js.t+110;s, 1t Hist) = Gjs

That is, condition on history H,s, fraction of safe products 6;, and probability of
recall for unsafe products p, the expectation of import in period ¢+1 is time-invariant.
Consumers do not learn about the size of market from history.

Assumption [2] is weaker than it seems. It states that consumers cannot predict
the units of import in the following period from the history; but allows consumers

to hold a belief that, say, China will in expectation sell more in next period than
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Cambodia. Consumers do not learn about the level of sales over time. There might
be concerns that an exporter with superior production technology can produce both
more reliable products (6, large) and at cheaper price. Those exporters will sell more.
But this does not violate assumption [2] as long as the expectation of that advantage
does not change over time. With assumption [I] and [2| we can conclude that learning

is effective:
Proof. Let ‘H; be the history defined as H; be the history when forming expectation
for 0 in period t. H; = {(¢-1,7¢-1), .-, (g0, 70) }. The definition for x;

xt:E[e‘Ht]

In this proof I drop all product and exporter subscript for cleanness of notation.

First, I will show that x, is a martingale under assumption [I] and [2}

Conditional Expectation

Recall that v = p(1 —0), thus given p, if the sequence of conditional expectations
of v is a martingale, then the sequence of conditional expectations of p is also a

martingale. Define I'; = E[y | H;] for simplicity. As shown in the proof in appendix
[A.3.0] the expectation of ~ follows:
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Elv | Hel = E {%Ft+m|}[{|
—E {Ft e +qt51:t+ e Bt+gi+qt |Ht}
“htE _u(ﬁqttlj:(;zqt) ’Ht}
=I"'+E IEJ {% |Ht7qt:| |Hf}
=T, +E :mlﬁi[qit—n | He, qi] !Ht}
=T\ +E m (@l —E[re | He,q) | Ht}
:rt+E_m<rt—y)|Ht}
~reenm [ w2
=T+ ([ By | Hl)E [mmt}

=0

=T, (A.6)
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We can easily generalize the result in equation[A.6to the case of E[Tsi1 | Hs], s <
t. Note that Ho C Hy1 C ... C Hi1 C Hy.

E[les1 [ Hs] = E[(Tes1 = L) + (Te = Deca) + oo+ (Do = Ts) + T | Hy]

=Is+E E[Ft+1 — Ty | Hyl +IE[Ft —T | Ht—ll+-~- + Do — D | Hs

NV NV
=0 =0

- Fs +]E[FS+1 —FS | HS]

=TI, Vs <t

(A7)
Since 7 = pu(1 —0),

E[li1 | Hs] =T Vs<t<o Elu(l —xpq) | Hs) = p(1 —xs) Vs<t

~ ]E[:L‘t—&-l | Hs] = T Vs <t (A8)

Bounded

Next, I will show that z; is bounded given assumption |1} 1 > p > 0.
The definition of the updating process guaranteed that x; is bounded above. We

can show this by way of induction. In the initial period, given pu > 0, 5y > 0,69 > 0,

Bo

1_M(50+50) <!

I =
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For any period ¢, if x; < 1, we have:

_ B + 04 o Mgy — T
Be+oi+a (B + 0y + qu)
(Br + 0)xy +qe — 1/ 10

Bi + 0t + q4
(B + 6)we + g1
B+ 0 + q

<5t+5t+(1t

B + 0 + q

=1

Tiy1

Thus x; is bounded above by 1.

Given the positive lower bound for pu, 5y, dg and upper bound for g, we have:

- B + o . gy — T
o Br+ 0+ q ‘ (B + 6 + q)
Tt
> J—
(B + 0y + q1)
> — il
(B + 0 + q1)
- /rt
1(Bo + do + ST
q
> e
1(Bo + do)
) q
Thus z; is bounded below by ——————.

Boundedness implies that E [| z; || < oo, thus by definition 24.1 in Jacod and Prot-
ter jacod2004probability, {xt}le is a martingale. In addition, since z; is bounded,
we can conclude that it is also a uniformly integrable collection of random variables

(see Definition 27.1 in jacod2004probability).
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Now we have established that {xt}le is a martingale and a uniformly integrable
collection of random variables, then we can apply the martingale convergence theorem

(see Theorem 27.3 in jacod2004probability) and conclude that

lim x; = v, exists a.s.
t—o00

Thus far, we have proved that {xt}thl converges and its limit exists almost surely.
Next, I will show that the limit is indeed 6, the true fraction of bad products consumers

are looking for.

Limit

Again, it may be easier to look at the limit of I'; first. Note that the existence of
I', can be proved using martingale convergence theorem as well, since we have shown

that I'; is a martingale and I'; is bounded by 0 and 1. Recall by definition:

Ly =E[y | Hr]

_ Bo + Zthl T
Bo + 0o + Ethl qt

Denote T - gr = ZtT:l g and T -rp = ZtT:1 r¢, where ¢ and 77 are the sample mean

of total sales and recalls with T periods respectively. We can then rewrite I'r as:

_ Bo+T-rr

~ Bot+bo+T - qr

_ rT N Bo
L(Bo+d0) +qr  fo+ 0o+ Tqr

I'r

When T— oo, and given the sample mean ¢r does not approach 0, we have
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Suppose I'o, = p(1 — @) + ¢, where € # 0. Then:
1 & 1 &
A 2 re= kL= 0+ el Jim 7)o

t=1

Consider the case where ¢ = ¢ = ... = gr = ¢. In this case, in every period t, r; is
a sequence of i.i.d. draws from the Binomial distribution B(q, u(1 — 8)). However,

when I'y, = u(1 — 6) + €, we will have:

lim lzﬁzﬂu—e)ﬂ (A.9)

Recall that E[r;] = p(1 — 0)q Vqi, equation contradicts the Central Limit Theo-

rem. By way of contradiction, we can conclude that
I = p(1-10)

From equation [A.8] we have

Thus we can conclude:



B. CHAPTER 2 APPENDIX: ADDITIONAL TABLES

Table Al.: Top 10 Most Frequently Recalled Chines Products

AND FIGURES

HS6 Code Product Recall Counts
950300 Toys 372
940350 Cribs 43
950691 Exercise equipments 36
611020 Cotton Sweaters 29
851660 Ovens, Stoves and Ranges 28
732111 Gas stove and parts of 27
850780 Batteries 26
871500 Strollers and baby carriages 26
950699 Other exercise equipments 24
340600 Candles 23
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.. Examples of HT'S Schedule Descriptions and CPSC Recall Report Prod-

ucts Name and Descriptions

HS6 HTS Schedule Recall Report
950300 Tricycles, scooters, pedal cars and similar wheeled LeapFrog My Pal Scout
toys; dolls’ carriages; dolls, other toys; reduced-scale  Electronic Plush Toy Dogs
(“scale”) models and similar recreational models,
working or not; puzzles of all kinds; parts and
accessories thereof . . .
940350 Wooden furniture of a kind used in the bedroom LaJobi Molly and Betsy
Cribs
950691 Articles and equipment for general physical exercise, Elliptical Exercise Trainer
gymnastics or athletics; parts and accessories thereof .
611020 Sweaters, pullovers, sweatshirts, waistcoats (vests) Quiksilver Roxy Girl Very
and similar articles, knitted or crocheted of cotton Nice Cotton Hoodies
851660 Ovens (other than Microwave ovens); cooking stoves, ~ W.P. Appliances Frontgate
ranges, cooking plates, boiling rings, grillers and Wolfgang Puck Toaster
roasters Oven/Toasters
732111 Stoves, ranges, grates, cookers (including those with ~ Sunbeam Gas Ranges
subsidiary boilers for central heating), barbecues,
braziers, gas rings, plate warmers and similar
nonelectric domestic appliances, and parts thereof, of
iron or steel: Cooking appliances and plate warmers:
for gas fuel or for both gas and other fuels
850780 Electric storage batteries, including separators Sony rechargeable, lithium
therefor, (con.) whether or not rectangular (including ion batteries used in
square); parts thereof Fujitsu notebook
computers
871500 Baby carriages (including strollers) and parts thereof =~ Contours Options three-
and four-wheeled strollers
950699 Articles and equipment for general physical exercise, = New England Ropes

gymnastics, athletics, other sports (including
table-tennis) or outdoor games, not specified or
included elsewhere in this chapter; swimming pools
and wading pools; parts and accessories thereof:
Other

Maxim Apogee and
Maxim Pinnacle Dynamic
Climbing Lines/Ropes
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C. CHAPTER 3 APPENDIX
C.1 Data Appendix

C.1.1 Mapping Census industry code to Standard International Trade

Classification

IPUMS International provided the Chinese Census 1982 data, in which we learn
about the industries the subjects worked in. Industry codes are reported on IPUMS
website as “CN1982A_INDUSTRY”, but the codes do belongs to any standardized
classification systems commonly used to record trade data. We created a mapping
between CN1982 industry codes and two-digits Standard International Trade Clas-
sification (henceforth SITC-2) codes to link changes in trade flows reported by UN
ComTrade to the industry compositions calculated from Chinese Census data. Note
that two-digits SITC industries are more aggregated than most CN1982 industry cat-
egories, so it is common to have multiple CN1982 industry codes mapping into one

SITC-2 category.

When matching the trade flows to the industries individuals in the census works
in, we need to create a concordance between the product classification system used to
document trade flows and the industry code provided by the census. There are sev-
eral commonly used classification codes for trade flows: the United Nation database
used harmonized system codes (HS codes), standard international trade classification
(SITC codes) and classification by Broad Economic Categories (BEC codes). We
choose SITC because we need data from the sixties, and HS codes are not introduced
until 1989. Most countries report trade flows under SITC codes in the earlier years.

BEC is less commonly used in the international trade literature since it does not have
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categories as fine as HS and SITC codes.

We manually created the concordance between unrecoded industry codes (variable
name “ind”) in the census and two digits SITC industry codes. Given that there are
231 categories of unrecoded industries and only 20 for the recoded, we used the un-
recoded industries instead of the general recoded industries to create a more detailed
mapping. The mapping is from Chinese 1982 industries codes to two-digits SITC
codes. We restrict the mapping to two-digits SITC to minimize measurement error

due to the manual mapping.

SITC is a five-digit system to code products, and the trade literature usually
regard two-digit SITC as the industry. For example, industry 05 is “Fruit and veg-
etables”, 051 is “Fruit, fresh, and nuts excl. Oil nuts”, 0511 is “Oranges, tangerines
and clementines”, and 05111 is “Oranges”. The corresponding industry in the cen-
sus is 013 “Vegetables, gourd and melons”. For most industries, there is a natural
and unambiguous mapping between a census industry and a two-digit SITC indus-
try. Occasionally, it is possible to match a census industry code to higher digit SITC
products, but for consistency, we keep all the matching to the two-digit level. There
are 44 two-digit SI'TC codes, thus multiple industries in the census may map into one
SITC industry. When we calculate the impact on a province or prefecture, we ag-
gregate the unrecoded industries to SITC industries and calculate the export impact

using the SITC industries.

There are occasions that we need to merge two SITC-2 industries into one industry.
Here is a list of industries we merged: we simply summed the export flows into one

industry classification.

e 41(Animal oils and fats) and 29 (crude animal or vegetable materials) were added

to to category 09, miscellaneous edible products and preparations.
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e 52 (inorganic chemicals) and 53 (dyeing tanning and colouring materials) were

added to 51, chemical elements and compounds.

e 95 (Armoured fighting vehicles, war firearms, ammunition, parts, nes), 96(coin
(other than gold coin), not being legal tender), 91(Postal packages not classified
according to kind), 83(Travel goods, handbags and similar containers), 81(San-
itary, plumbing, heating and lighting fixture) are added into 89, miscellaneous

manufactured articles, nes.

e 7(Coffee, tea, cocoa, spices & manufacs. Thereof), 22(Oil seeds, oil nuts and oil
kernels) is added to 23 (rubber) , and it maps into CN1982A_INDUSTRY code
012, cash crops.

e 57(Explosives and pyrotechnic products) and 58(Artificial resins and plastic ma-
terials, and cellulose esters etc) are added into 59(Chemical materials and prod-

ucts, nes)

e 94(Animals, live, nes, (including zoo animals, pets, insects, etc)) is added to
01(livestock) is is mapping to CN1982A_INDUSTRY code 029 small animal rais-

ing, hunting and others.

e 42(Fixed vegetable oils and fats) is added to 43(Animal and vegetable oils and
fats, processed), mapping to CN1982A_INDUSTRY code 182, vegetable oil pro-

cessing.

C.1.2 Trade Flows

We are only interested in commodity trade flows because service trade data is not
available in the period we are interested E| In addition, service trade value is relatively
small compared to goods trade. In year 2001 for example, service trade only takes

14% of the total export value of China.

'Tn the case of China’s service export, the data is available year 2000 onward on UN Trade Statistics
database
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All data are downloaded under the option “SITC revision 1” to make sure we have
minimum missing value. UN Trade Statistics database provides consistently coded
data that is converted from the trade flow reported under various original catego-
rizations. In the seventies and the eighties, trade flows are documented under SITC
revision 1 and revision 2. United Nation introduces the SITC revision 2 in 1981; and
some countries report using SITC rev 2 immediately. On two-digit industries level,
only revision 1 and 2 are very similar. We chose SITC codes over harmonized system
codes to minimize the potential measurement error introduced by the concordance

across different versions of product coding systems.

C.1.3 Individual farmer dummy: a substitute of rural dummy

One of the individual controls that we think is important is an indicator of whether
the person lives in the rural area. In that period, job opportunities in manufacturing
pulled labor away from the agriculture sector and likely affect rural and urban work-
force differently. However, in the Chinese Census from IPUMS, we do not have an
indicator for rural /urban residence. To create a proxy for that, we generate a dummy
for everyone in the related cohorts (born 1960-1970) who are working in crops, veg-
etable and fruit production, animal husbandry, forestry and fishery (occupation codes
011-042). As shown in the following graph (produce graph), for most cohorts, the
percentage of population in working in agriculture sector exceeds 60%, and that is

close to our guess of the rural population fraction.

C.2 Additional Tables and Figures

C.2.1 Individual farmer dummy: a substitute of rural dummy

One of the individual controls that we think is important is an indicator of whether
the person lives in the rural area. In that period, job opportunities in manufacturing

pulled labor away from the agriculture sector and likely affect rural and urban work-
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force differently. However, in the Chinese Census from IPUMS, we do not have an
indicator for rural /urban residence. To create a proxy for that, we generate a dummy
for everyone in the related cohorts (born 1960-1970) who are working in crops, veg-
etable and fruit production, animal husbandry, forestry and fishery (occupation codes
011-042). As shown in the following graph (produce graph), for most cohorts, the
percentage of population in working in agriculture sector exceeds 60%, and that is

close to our guess of the rural population fraction.

Farmer Heterogeneity

During the same period as the Open-Door Policy, China experienced a series of
fundamental changes to the agricultural sector, where rural households gained re-
sponsibility for the profits and losses of the land assigned to them. These policies
were first adopted in 1979, and expanded nationwide in 1981 by Deng Xiaoping. Un-
like the previous agricultural system under Mao Zedong, this more privatized system
stimulated farmers’ enthusiasm and increased agricultural productivity. As a result,
labor demand in the agricultural sector increased under this new system. Our export
exposure measure is larger in highly industrialized, non-agrarian prefectures. Given
that export exposure is positively associated with the middle school completion rate
in Table [3.5] it is likely that this effect can be explained by a reduction in middle
school completion in rural provinces, rather than by a positive causal effect of ex-
port growth on middle school completion. To investigate this, we construct a farmer
dummy variable and a series of interaction terms of this variable and birth cohort
and include them in the primary regression mode]ﬂ.

Column 1 in Table shows the estimates of export exposure’s effect on middle
school completion, accounting for farmer heterogeneity. The coefficients shown are

only for non-farmers; coefficients for farmers are shown in Table We can see that

2We use the occupation reported in the 1990 Census to identify farmers, as we do not have their
hukou information for their official urban/rural designation. Occupation codes we consider farmers
are detailed in the data appendix.
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after accounting for farmer differences, the coefficients of interest for non-farmers be-
come small and insignificant. Figure[Al]also plots the point estimates with confidence
intervals from this regression, and Figure shows the effects at different percentiles
of export exposure per worker on middle school completion. These results show that
the Open Door Policy had no effect on the middle school completion rates of the 1960s
cohorts, and suggest that agricultural reform is the cause of the decline in primary
and middle school completion among these cohorts.

As a robustness check, we add the same set of farmer dummies to the high school
completion regression and show the results in Column 2 of Table [All The effect
on high school completion becomes smaller after controlling for farmer heterogeneity;,
but the effects are still significant and comparable in magnitude to those in Table [3.4]
In Figure we can still see obvious negative effects, although the effects are not
statistically significant for several birth cohorts. Compared to Figure [3.4, Figure
shows that the trade shock’s effect on high school completion is weaker at all levels

of export exposure per worker after accounting for farmer heterogeneity.

Falsification Tests

One potential concern with our identification is that the local export exposure
per worker could change in conjunction with human capital accumulation so that
this trade shock is not exogenous to education. We test this concern by running the
same regression on older cohorts, born from 1940-1960, who had already finished their
education when the Open Door Policy started. Figure presents the coefficients
of interest of the regression on birth cohorts 1940-1970. Although noisy, the trade
shock’s effect on earlier cohorts (1940-1960) are not significantly different from zero,

and are generally smaller than the primary effects shown from 1964-1970.
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Table Al.: Export Exposure Effects on Non-Farmers’ Education

(1) (2)
Middle School High School
AXPW -0.0109 0.0171
(0.0165) (0.0166)
1961.birthyrx AX PW -0.00905 -0.0118
(0.00560) (0.00825)
1962.birthyrx AX PW -0.00518 -0.00359
(0.00810) (0.0103)
1963.birthyrx AX PW 0.00160 0.000129
(0.00725) (0.0101)
1964.birthyrx AX PW -0.00787 -0.0193
(0.00862) (0.0144)
1965.birthyr x AX PW -0.00351 -0.0302%*
(0.00960) (0.0133)
1966.birthyrx AX PW -0.00646 -0.0324**
(0.0110) (0.0149)
1967.birthyrx AX PW -0.0122 -0.0331
(0.0122) (0.0203)
1968.birthyrx AX PW -0.0109 -0.0215
(0.0122) (0.0191)
1969.birthyrx AX PW -0.0167 -0.0214
(0.0126) (0.0218)
1970.birthyrx AX PW 0.00834 -0.0157
(0.0141) (0.0197)
N 2244692 2244692

1. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
2. This Table shows the $1000 export exposure per worker’s effect on middle school completion (column (1))
and high school completion (column (2)) of non-farmers.



Table A2.: Export Exposure Effects on Farmers’ Education

(1)
High School

(2)
Middle School

Farmer -0.374%4* -0.335%4*
(0.0192) (0.0167)
Farmerx1961.birthyrx AX PW 0.00310 -0.0101
(0.0110) (0.0102)
Farmer x1962.birthyrx AX PW 0.0130 -0.0137
(0.0110) (0.0127)
Farmer x1963.birthyrx AX PW 0.0102 -0.0162
(0.0168) (0.0148)
Farmerx1964.birthyrx AX PW 0.0234 -0.00690
(0.0158) (0.0149)
Farmer x1965.birthyrx AX PW 0.0160 -0.00166
(0.0144) (0.0158)
Farmer x1966.birthyrx AX PW 0.0193 -0.00285
(0.0160) (0.0172)
Farmerx1967.birthyrx AX PW 0.0237 0.00205
(0.0168) (0.0238)
Farmer x1968.birthyrx AX PW 0.0297 -0.00828
(0.0208) (0.0267)
Farmer x 1969.birthyr x AX PW 0.0365* -0.0112
(0.0186) (0.0287)
Farmerx1970.birthyrx AX PW 0.0203 -0.0174
(0.0205) (0.0306)
N 2244692 2244692
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Table A3.: Summary Statistics of Other Controls, CFPS 2010

Variables Percent Variables Percent

Marriage Status

Never Married 1.03

Married 95.21

Cohabitation 0.27

Divorced 1.94

Widowed 1.55

Father’s Edu Mother’s Edu
[lliterate/Semi-illiterate 51.49 74.42
Primary School 30.55 18.24
Junior High School 10.72 4.47
Senior High School 5.36 2.11
2- or 3-year College 0.84 0.28
4-year College/Bachelor’s Degree 1.01 0.35
Master’s Degree 0.00 0.03
Doctoral Degree 0.03 0.09
Father’s Part Mother’s Party
Member of Communist 18.79 2.42
Member of Democratic 0.15 0.01
Member of Communist Youth League 1.06 0.95
General Public 80.00 96.63

C.2.2 Alternative Export Exposures

Calculating Cohort-specific Export Exposure
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Figure Al.: Mean Effects on Middle School Completion (Non-Farmers)
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This Figure shows the point estimators of the prefecture-level mean export exposure per worker on
middle school completion of the 1961-1970 born non-farmers, relative to the 1960 born
non-farmers.
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Figure A2.: Percentile Effects on Middle School Completion (Non-Farmers)
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Notes: This Figure includes three curves showing the estimated effects of the 25th, 50th, and 90th
percentile of export exposure per worker on middle school completion of non-farmers.

Figure A3.: Mean Effects on High School Completion (Non-Farmers)
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This Figure shows the point estimators of the prefecture-level mean export exposure per worker on
high school completion of 1961-1970 born non-farmers, relative to the 1960 born non-farmers.
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Figure A4.: Percentile Effects on High School Completion (Non-Farmers)
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Notes: This Figure includes three curves showing the estimated effects of the 25th, 50th, and 90th
percentile of export exposure per worker on high school completion of non-farmers.

Figure A5.: Export Exposure Effects on High School Completion, 1940-1970
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Notes: Sample includes birth cohorts 1940-1970. This figure shows the trade shock has no effect on
the educational attainment of the 1940-1960 cohorts.



Table A4.: High School Completion with Nominal Cohort-specific Exposure

0 B G @
AXPW 0.000554*  -0.000400**  0.000613 0.00288**
(0.000325)  (0.000191)  (0.000856) (0.00120)
1961.birthyrx AXPW 0.000569 -0.00122**
(0.000465)  (0.000576)
1962.birthyrx AXPW -0.000206  -0.00221***
(0.000578)  (0.000831)
1963.birthyrx AXPW -0.000386  -0.00238**
(0.000647)  (0.000964)
1964.birthyrx AXPW -0.000474  -0.00260**
(0.000688) (0.00102)
1965.birthyrx AXPW -0.000807  -0.00290***
(0.000738) (0.00107)
1966.birthyr x AXPW -0.000889  -0.00299***
(0.000786) (0.00112)
1967 .birthyrx AXPW -0.000860  -0.00284**
(0.000786) (0.00112)
1968.birthyrx AXPW -0.000624  -0.00308***
(0.000788) (0.00113)
1969.birthyrx AXPW -0.000640  -0.00289**
(0.000775) (0.00112)
1970.birthyrx AXPW -0.000846  -0.00309***
(0.000767) (0.00115)
Prefecture FE Y Y Y
Birth FE Y Y Y
Province x Birth FE Y
Observations 2398945 2398945 2398945 2398945

Standard errors in parentheses. All standard errors clustered at prefectures level.
*p <0.10, ** p < 0.05, *** p < 0.01



132

Table Ab5.: Middle School Completion with Nominal Cohort-specific Exposure

0 ) G @)
AXPW 0.00147***  0.000767***  -0.000436 0.000387
(0.000398) (0.000162) (0.00104)  (0.000920)
1961.birthyrx AXPW 0.000306 -0.000313
(0.000454)  (0.000457)
1962.birthyrx AXPW 0.0000765  -0.000499
(0.000641)  (0.000684)
1963.birthyrx AXPW 0.0000860 -0.000281
(0.000729) (0.000718)
1964.birthyrx AXPW 0.000311 -0.000215
(0.000749)  (0.000730)
1965.birthyrx AXPW 0.000423 -0.000254
(0.000750)  (0.000749)
1966.birthyrx AXPW 0.000608 -0.000270
(0.000838)  (0.000822)
1967.birthyrx AXPW 0.000741 -0.000187
(0.000870)  (0.000856)
1968.birthyrx AXPW 0.000985  -0.0000228
(0.000851)  (0.000814)
1969.birthyrx AXPW 0.00101 -0.0000697
(0.000893)  (0.000872)
1970.birthyrx AXPW 0.00112 0.0000658
(0.000935)  (0.000883)
Prefecture FE Y Y Y
Birth FE Y Y Y
Province x Birth FE Y
Observations 2398945 2398945 2398945 2398945

Standard errors in parentheses. All standard errors are clustered at prefectures level.
*p <0.10, ** p < 0.05, *** p < 0.01



Table A6.: High School Completion with Real Cohort-specific Exposure
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0 2 © @)
AXPW 0.00122***  _-0.000244  0.000609 0.00207**
(0.000374)  (0.000180) (0.000592) (0.000796)
1961.birthyrx AXPW 0.000446 -0.000749**
(0.000333) (0.000374)
1962.birthyrx AXPW -0.000195 -0.00145***
(0.000373) (0.000504)
1963.birthyrx AXPW -0.000329 -0.00154**
(0.000412) (0.000597)
1964.birthyrx AXPW -0.000401 -0.00172***
(0.000459) (0.000654)
1965.birthyrx AXPW -0.000748 -0.00201***
(0.000517) (0.000714)
1966.birthyrx AXPW -0.000823 -0.00214***
(0.000548) (0.000738)
1967 .birthyrx AXPW -0.000826 -0.00208***
(0.000562) (0.000777)
1968.birthyrx AXPW -0.000769 -0.00226***
(0.000568) (0.000758)
1969.birthyrx AXPW -0.000543 -0.00215***
(0.000566) (0.000776)
1970.birthyrx AXPW -0.000760 -0.00226***
(0.000549) (0.000753)
Prefecture FE Y Y Y
Birth FE Y Y Y
Province x Birth FE Y
Observations 2425611 2425611 2425611 2425611

Notes: Standard errors in parentheses. All standard errors are clustered at prefectures level.

*p <0.10, ** p < 0.05, *** p < 0.01
AXPW deflated using US CPI (1982-1984=100)



Table A7.: Middle School Completion with Real Cohort-specific Exposure
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0 B ©) @)
AXPW 0.00221***  0.000685***  -0.000585 0.000117
(0.000455)  (0.000159)  (0.000601) (0.000554)
1961.birthyrx AXPW 0.000281 -0.000182
(0.000280) (0.000327)
1962.birthyrx AXPW 0.000126 -0.000291
(0.000373) (0.000425)
1963.birthyr x AXPW 0.000110 -0.0000929
(0.000408) (0.000437)
1964.birthyrx AXPW 0.000324 -0.00000618
(0.000431) (0.000442)
1965.birthyr x AXPW 0.000437 -0.0000441
(0.000445) (0.000470)
1966.birthyr x AXPW 0.000612 -0.0000730
(0.000485) (0.000506)
1967.birthyr x AXPW 0.000775 0.0000322
(0.000494) (0.000518)
1968.birthyr x AXPW 0.00108** 0.000291
(0.000491) (0.000496)
1969.birthyr x AXPW 0.00105** 0.000117
(0.000521) (0.000518)
1970.birthyr x AXPW 0.00131** 0.000351
(0.000550) (0.000560)
Prefecture FE Y Y Y
Birth FE Y Y Y
Province x Birth FE Y
Observations 2425611 2425611 2425611 2425611

Notes: Standard errors in parentheses.All standard errors are clustered at prefectures level.

*p <0.10, ** p < 0.05, *** p < 0.01
AXPW deflated using US CPI (1982-1984=100)
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