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Abstract
This article applies a panel structural VARmodel using complete data of China’s
monthly agricultural exports to uncover both the dynamics and interproduct and
intermarket differences in the responses of product quality to real exchange rate
(RER) shocks. It finds that RER appreciation promotes the quality of China’s
agricultural exports on average compared to discouraging exports, but the effect
is fully shown in the short run. The average response peaks in themonth immedi-
ately after the shock and the average cumulative response converges to a constant
level in three months. The quality response to RER shocks substantially differs
across both products and markets. More sensitive responses of quality upgrad-
ing are found among exports that are less competitive, relatively primary, more
reliant on ordinary trade, and exported with nearby and less developed partners.
Therefore, greater supports onR&Dactivities and the adoption of advanced tech-
nologies might be needed among other exports.
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1 INTRODUCTION

Exchange rates play an important role in international
trade. The exchange rates of the Chinese yuan are of partic-
ular interest to researchers. With a series of exchange rate
reforms, the yuan’s misalignment issue has diminished
in recent years, which is expected to have far-reaching
implications on exports. On the one hand, many studies
have noted the negative export impact resulting from real
exchange rate appreciation (Baek & Koo, 2011; Berman
et al., 2012; Cushman, 1983; Lamb, 2000; Li et al., 2015;
Yanikkaya et al., 2013). On the other hand, however, aggra-
vated market competition, restructured product mixes,

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
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and ameliorated vertical integration might lead to quality
improvements that enhance firms’ capability to cope with
the challenge of losing price competitiveness, whichwould
increase exports in the long run.
Empirical evidence on this latter view that currency

appreciation facilitates quality upgrading, however, has
been focused on manufactured products, and the find-
ings are mixed at best. To be specific, some have sup-
ported the view by highlighting the following channels.
First, the intensified competition could provide stronger
incentives to upgrade export quality (Dai et al., 2018; Flach,
2016). Second, due to the elasticity of demand and quality-
adjusted price, the structure of the export basket might
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improve as low-quality products exit the market and the
share of high-quality goods increases (Auer & Chaney,
2009; Chen & Juvenal, 2016; Fauceglia, 2019). Third, firms
would use higher-quality intermediate inputs as import
costs decrease (Feng et al., 2016; Hu et al., 2019). In con-
trast, other studies have argued that exchange rate appreci-
ationmay result in consumption shifts to low-quality prod-
ucts (Hummels & Skiba, 2004; Xing & Zhao, 2008).
Though China is the fourth largest exporter and the

third largest importer of agricultural products in the world
(European Commission, 2019), the impact of exchange
rates on traded agricultural goods has not been well exam-
ined in the literature (Devadoss et al., 2015). This study
will fill in the gap by investigating the impact of the
real exchange rate on the quality of exported agricultural
goods in China. The quality response of agricultural prod-
ucts could differ from that of manufactured goods for a
number of reasons. First, since agricultural products are
perishable, the quality tends to vary during the export
process including packaging, shipping and storage. Both
the market distance and product attributes related with
perishability will thus influence the incentive to upgrade
product quality after exchange rate appreciation. Second,
some quality attributes of agricultural products (e.g., color
and size) are relatively easy to observe, similar to those
of manufactured goods, but others (e.g., taste, safety and
nutrition) tend to be intrinsic. While the intrinsic qual-
ity of processed agricultural products could be signaled
using tools such as advertising and branding, the pro-
ducers of primary goods often have greater difficulties
doing so. Third, the quality response of agricultural prod-
ucts might be particularly strong in the short run because
the seasonality of production and difficulty of preserva-
tion indicate that the supply can hardly be postponed or
reduced during exchange rate appreciation. Thus, to con-
sider the quality responses to the real exchange rate shocks
of agricultural products, it is necessary to distinguish dif-
ferent time horizons and emphasize heterogeneities in
both market and product dimensions. The main benefit of
revealing interproduct and intermarket heterogeneities is
that such distinctions could address the aggregation bias
and thus decipher competing findings in the literature
about the impact of exchange rate appreciations on quality
(Hummels & Skiba, 2004; Xing & Zhao, 2008). The value
of characterizing inter-temporal dynamics of the qual-
ity responses is that they may inform possible channels
throughwhich quality changes take place. Particularly, the
literature has pointed out three channels including the
export basket reshuffling, innovations and changed inputs
(Auer&Chaney, 2009; Feng et al., 2016; Flach, 2016).While
long-term quality changes could arise from the latter two
channels, a finding of quality changes primarily restricted
in the short run tends to suggest that exporters have

responded to appreciations merely by reshuffling products
in their export baskets. Therefore, different dynamic pat-
terns could deliver distinct policy implications to support
quality upgrading during exchange rate appreciations.
Panel data models often utilized in current studies

have difficulties accommodating the quality changes of
agricultural products, which might feature noticeable
dynamic patterns and intersectoral and intermarket het-
erogeneities, as we discussed above, for two limitations.
First, these models are designed for “large N and small
T” data. The reliance on disaggregated annual data in
these works, therefore, indicates that they only measure
the average influence of exchange rate movements on
product quality within a year. Second, panel data mod-
els account for time-invariant heterogeneities with fixed
effects and limited channels for heterogeneous responses
with specified interaction terms. Intersectoral and inter-
market differences throughout the complete dynamics of
quality responses to exchange rate shocks are not fully
reflected.
In this article, we first extend the Melitz (2003) model

to theorize the relationship between the real exchange
rate (RER) and product quality. Based on this frame-
work, we derive a panel structural VAR (PSVAR) empir-
ical setup with five endogenous variables, that is, the
RER, quality, the unit price in yuan, quantity, and the
destination’s real income, which enables us to estimate
the complete dynamic path of the quality responses after
RER shocks in each product-market duplet. The use of
monthly data of China’s agricultural exports, coupled with
the PSVAR model, allows us to disentangle the short-run
effects from those in the long run. This distinction is impor-
tant not only because the ability to intertemporally smooth
the competitive pressure can be limited for agricultural
exporters, which is mentioned above but also because it
helps to unveil the possible driving forces behind quality
changes. For example, an immediate quality response can
be evidence of an improvement of the quality structure in
the export basket. In contrast, if an RER shock leads to
increased innovations or better intermediate inputs, qual-
ity responses in the long run will be expected. According
to Pedroni (2013), each shock in the PSVAR model can
be divided into a common and an idiosyncratic compo-
nent, with the former indicating systematic disturbances
received by all panel units and the latter representing the
impact only on a particular individual. Comparing the
quality response to each RER shock component, we would
infer whether the quality of agricultural products is more
sensitive to an overall appreciation or a market-specific
appreciation of the same scale. Finally, using the estimated
quality responses from RER shocks to empirical models,
we explore the product and destination characteristics that
determine quality responses.
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Compared with estimating the data of each panel unit
separately, the PSVAR model utilizes the information of
both intertemporal and cross-sectional variations when
assessing the heterogeneous response dynamics. Due to
the length of our monthly data, individual time series
might not be long enough to reflect the true underlying
data-generating process. Meanwhile, the PSVAR model
retains the advantage of VAR models by allowing all vari-
ables to be endogenous,which avoids the challenge of find-
ing valid IVs for the potential issue of endogeneity in RER
changes. As a typical VAR system, the PSVAR model only
considers a few factors. However, the monthly data fre-
quency helps to alleviate the concern of confounding fac-
tors as long as they move at the year level.
Most of the current literature on the relationship

between exchange rate and agricultural trade has been
concerned with the trade volume. They consistently con-
cluded that both currency appreciations and an increased
exchange rate volatility could result in reduced agricul-
tural exports (Baek & Koo, 2011; Lamb, 2000; Yanikkaya
et al., 2013). Specifically, they found the agricultural export
volume to decline by 0.05–1.98% on average with a 1%
appreciation of the exporter currency. According to Baek
and Koo (2011), export reductions are heterogeneous both
across products and over time. Responses of products
that are consumer-oriented and those in the long run are
found to be the greatest. This article contributes to these
studies by revealing the response of product quality fol-
lowing exchange rate shocks, aside from changes in the
trade volume. As demonstrated by Feenstra and Romalis
(2014), product quality is determined by technology and
demand. Nevertheless, among the empirical investigations
into the quality of agricultural products, most of them
took a supply-side perspective. By highlighting the role of
climate and environmental conditions, cooperative insti-
tutions, food quality and safety regulations, and inspec-
tion measures, they revealed how the technology choice
and constraints influence the quality of agricultural out-
puts (Jaffee & Masakure, 2005; Jones et al., 2005; Khan
et al., 2017; Pennerstorfer & Weiss, 2013). The influence
of the exchange rate, however, works primarily through
the demand channel since RER appreciation is fundamen-
tally equivalent to “tariffication” (Thorstensen et al., 2012).
Though the role of consumer demand in the growth of
high-quality agricultural products has been noted in the
literature (Pingali, 2007), it remains unclear how exactly
demand shocks lead to quality adjustments. The monthly
data allow us to investigate demand-side impacts without
controlling supply-side factors such as technology.1

1 According to Gong (2018), the total factor productivity of China’s agri-
cultural sector has been growing slowly and smoothly since 1978. In par-
ticular, from 2002–2015, technological volatility remained rather small.

The rest of this article is organized as follows. In Sec-
tion 2, a theoretical model is established to determine
the vector of endogenous variables to be considered. Sec-
tion 3 specifies the PSVAR model and introduces estima-
tion strategies. Data and variable definitions are discussed
in Section 4. The results are presented in Section 5. Sec-
tion 6 concludes the article.

2 THEORETICAL FRAMEWORK

Consider products at various quality levels as different
varieties of agricultural outputs. Quality could then be
modeled as a multiplier of quantity in consumer’s utility a
laKhandelwal et al. (2013). Let𝜔 indicate the product vari-
eties. The utility function of a representative consumer in
the CES form, with 𝜎 as the elasticity of substitution, thus,
becomes as follows:

𝑈𝑐𝑡 =

⎛⎜⎜⎝ ∫𝜔∈Ω

(𝜆𝑐𝑡 (𝜔) 𝑞𝑐𝑡 (𝜔))
𝜎−1

𝜎 𝑑𝜔

⎞⎟⎟⎠
𝜎

𝜎−1

. (1)

The subscript c indexes the country and t indexes time. 𝜆
and 𝑞, respectively, represent the quality and quantity con-
sumed out of variety 𝜔, which nests in the set of all vari-
eties Ω. Apparently, utility grows when either quality or
quantity increases. According to Equation 1, the demand
for variety 𝜔 is determined as follows:

𝑞𝑐𝑡(𝜔) = 𝑄𝑐𝑡 𝜆𝑐𝑡(𝜔)
𝜎−1

(
𝑃𝑐𝑡

𝑝𝑐𝑡 (𝜔)

)𝜎

, (2)

whereQ and P, respectively, denote the aggregate quantity
consumed and the average price.
The Law of One Price implies that for an imported

variety, its price will be determined by both the nom-
inal exchange rate e (indirect quote) and the price in
the exporting country 𝜋 according to 𝑝𝑐𝑡 (𝜔) = 𝑒𝑐𝑡 𝜋𝑐𝑡(𝜔).
Since 𝑅𝐸𝑅𝑐𝑡 = 𝑒𝑐𝑡Π𝑡∕𝑃𝑐𝑡 by definition, where Π is the
average price in the exporting country, we can rewrite
Equation 2 as follows:

𝜆𝑐𝑡(𝜔) =

(
𝑞𝑐𝑡 (𝜔)

𝑄𝑐𝑡

) 1

𝜎−1
(

Π𝑡

𝑅𝐸𝑅𝑐𝑡𝜋𝑐𝑡 (𝜔)

)−
𝜎

𝜎−1

. (3)

Equation 3 suggests that the quality of China’s exports of
variety𝜔 to country c is related to five factors: (1) the aggre-
gate consumption of country c, Q; (2) the quantity of this

Therefore, supply side factors will be reasonably picked up by panel-
specific linear trends as we introduce in the data processing described
in Section 3.
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variety that China exports to country c, q; (3) the bilateral
RERbetween the yuan and country c’s currency,RER (indi-
rect quote); (4) the price of this variety in yuan, 𝜋; and (5)
China’s aggregate price index, Π. However, since China’s
price index is invariant across either importing countries
or product varieties, it would be automatically excluded
from the PSVAR model according to the estimation strate-
gies that we describe in the following. We are thus even-
tually concerned with the remaining four factors together
with quality itself as the vector of endogenous variables in
the VAR system. Due to the difficulty of measuring aggre-
gate quantity Q, the real GDP per capita of each importing
country is utilized as the proxy of Q according to Hallak
(2006).

3 EMPIRICAL SPECIFICATION AND
ESTIMATION STRATEGY

Consistent with Equation 3, we specify a PSVAR model,
which was proposed by Pedroni (2013) and recently
applied, for instance, by Gamtessa and Olani (2018), Hao
et al. (2017), and Mishra et al. (2014), with the log val-
ues of five endogenous variables. The log transforma-
tion allows us to interpret the estimated response without
any concern regarding the measurement units. Let 𝑦𝑐ℎ𝑡 =

(ln 𝜆𝑐ℎ𝑡, ln 𝑞𝑐ℎ𝑡, ln 𝜋𝑐ℎ𝑡, ln 𝑅𝐸𝑅𝑐𝑡, ln 𝑅𝐺𝐷𝑃𝑃𝐶𝑐𝑡)
′ be a vec-

tor of these variables. The subscripts c, h, and t denote
the country, product and time period, respectively. 𝜆, 𝑞,
and 𝜋, respectively, represent the export quality, quantity
and price in yuan. 𝑅𝐸𝑅 is the bilateral real exchange rate
between the yuan and each importing country’s currency
in indirect quotes and 𝑅𝐺𝐷𝑃𝑃𝐶 is the real GDP per capita
of each importing country. In line with Pedroni (2013), we
then consider a PSVAR model as follows:

𝑦𝑐ℎ𝑡 =

𝜏𝑐ℎ∑
𝑠=0

𝐴𝑐ℎ,𝑠𝐿
𝑠 𝜖𝑐ℎ𝑡, 𝜖𝑐ℎ𝑡 =Λ𝑐ℎ𝜖̄𝑡 + 𝜖̃𝑐ℎ𝑡. (4)

In Equation 4, 𝜖𝑐ℎ𝑡 is the vector of exogenous structural
shocks that are assumed to be white noise processes that
satisfy i.i.d. N(0, I).
Equation 4 illustrates that the PSVAR model extends

the VAR framework by assuming both cross-sectional and
intertemporal dependence of data. In particular, the cross-
sectional dependence is modeled in the error term speci-
fication by decomposing each shock 𝜖𝑐ℎ𝑡 into a common
and an idiosyncratic component that are orthogonal to
each other by construction. The common component 𝜖̄𝑡
is received systematically by all product-market duplets,
although in each duplet, its contribution relies on the
diagonal loading matrix Λ𝑐ℎ. The idiosyncratic compo-
nent 𝜖̃𝑐ℎ𝑡 instead reflects cross-sectionally independent dis-

turbances. Intertemporal dependence is modeled in the
autoregressive specification of Equation 4, as in conven-
tional VAR models. The lag operator L allows the current
endogenous variables to depend on past shocks. The coef-
ficientmatrix𝐴𝑐ℎ,𝑠 delineates the impact of the shocks that
took place s periods ago.
It must be noted that the PSVAR model in Equation 4

considers the heterogeneities in the impulse response
rates across product-market duplets throughout the entire
dynamics, which is a remarkable improvement over con-
ventional panel data models. In particular, cross-sectional
heterogeneities are incorporated into both cross-sectional
and intertemporal dependent relationships. On the one
hand, regarding autoregressive relationships, all coeffi-
cientmatrices𝐴𝑐ℎ,𝑠 are allowed to differ across panel units.
On the other hand, for contemporaneous relationships,
cross-sectional heterogeneities are considered in both the
loading matrix Λ𝑐ℎ for the common component in exoge-
nous shocks and the idiosyncratic component, which is
specific to each panel unit.
The PSVAR model can be estimated through five

steps following Pedroni (2013). First, all the variables are
demeaned within each product-market duplet to elimi-
nate time-invariant fixed effects and then first-differenced
to guarantee stationarity2. We remove the possible sea-
sonality and annual trend in monthly data by incorpo-
rating monthly fixed effects and a linear trend term into
the demeaning process. Second, the reduced-form VAR
model for each product-market duplet associated with the
structural specification in Equation 4 is estimated, with
the maximal lag order being selected by the information
criteria3 and allowed to differ across panel units. We can
then separate the structural shocks from the reduced-
form estimations using identification assumptions, as we
describe below. Third, the estimation in the previous step
is repeated for the “average” series4 across all product-
market duplets with a number of 𝑁𝑡, which is defined as
𝑦̄𝑡 =

∑
𝑐ℎ

𝑦𝑐ℎ𝑡∕𝑁𝑡 . We can thus separate the common com-

ponents in structural shocks 𝜖̄𝑡. Fourth, taking the cor-
relation coefficients between 𝜖𝑐ℎ𝑡 and 𝜖̄𝑡 as the diagonal
elements, the loading matrix Λ𝑐ℎ in each product-market
duplet could then be calculated. Typically, the compos-
ite shock and its common component are specified as

2 The stationarity of these variables are examined by Im-Pesaran-Shin and
Fisher-type tests. Results are available from the authors upon request.
3 According to Lütkepohl (2005) and Pedroni (2013), the maximal lag
order is selected according to the overall performance of five criteria,
which include the final prediction error (FPE), Akaike’s information cri-
terion (AIC), Schwarz’s Bayesian information criterion (SBIC), the Han-
nan and Quinn information criterion (HQIC), and the likelihood ratio
(LR).
4 The stationarity of these variables are examined by Im-Pesaran-Shin and
Fisher-type tests. Results are available from the authors upon request.
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having a size of a unit.We thus derive the impulse response
functions (IRFs) to a unit-sized common shock component
using coefficient matrices defined as 𝐴̄𝑐ℎ,𝑠 = 𝐴𝑐ℎ,𝑠 Λ𝑐ℎ,
where 𝐴𝑐ℎ,𝑠 is the coefficient matrix estimated from the
reduced-form VAR model for each product-market duplet
in the second step. Finally, according to orthogonality con-
ditions and the normalizationmethod proposed in Pedroni
(2013), we derive the normalized coefficient matrices for
the IRFs to idiosyncratic shock components as 𝐴̃𝑐ℎ,𝑠 =

𝐴𝑐ℎ,𝑠 (𝐼 − Λ𝑐ℎΛ
′
𝑐ℎ
)1∕2. Our normalization rescales the IRFs

as if they follow a unit-sized idiosyncratic shock compo-
nent. Therefore, the estimated IRFs to different shock com-
ponents can be directly compared and the total responses
to the composite shocks are the sum of 𝐴̄𝑐ℎ,𝑠 and 𝐴̃𝑐ℎ,𝑠.
To orthogonalize the reduced-form residuals and sepa-

rate the structural form of our panel VAR model in the
second step above, we have to impose identifying restric-
tions on the model dynamics. The restrictions are speci-
fied on the matrix of contemporaneous coefficients 𝐴𝑐ℎ,0

since we are more interested in the short-run relationships
among variables than those in the steady state, and long-
run identifying restrictionsmight yield inaccurate IRF esti-
mates (Christiano et al., 2006; Erceg et al., 2005; Faust &
Leeper, 1997). Specifically, we assume that 𝐴 (0)5,𝑖 = 0 for
any i≠ 5, that is, the real GDPper capita of each destination
is not contemporaneously affected by the shocks to other
variables. The reason is that the macro economy is usually
taken as given for the individual markets of each product
at least in the short run (Lastrapes, 2006) and the instanta-
neous exchange rate pass-through is limited (Gopinath &
Rigobon, 2008). We also assume that𝐴 (0)4,𝑗 = 0 for j= 1,
2, and 3, that is, the RER is not contemporaneously influ-
enced by China’s export quality, quantity, and domestic
price for a similar reason. Finally, restrictions𝐴 (0)1,2 = 0

(i.e., quality is not contemporaneously affected by quan-
tity) and 𝐴 (0)3,2 = 𝐴 (0)3,4 = 0 (i.e., the price measured
in yuan is not contemporaneously affected by either the
export quantity or RER) are imposed since quality and
quantity are independent choices by exporters according to
Feenstra and Romalis (2014), and the nominal price tends
to be sticky in the short run (Anderson & Simester, 2010).
With a vector of five variables, the above restrictionswould
guarantee an exact identification.

4 DATA AND VARIABLES

4.1 Measurement of quality

In reality, quality is affected by a wide range of intrinsic
characteristics of agricultural products such as color, fla-
vor, freshness, texture, and nutritional content. Although
some traits are explicit to consumers (e.g., color) whereas

others tend to be hidden (e.g., nutrition contents), they can
eventually be reflected in consumption behaviors by sig-
naling (Auriol & Schilizzi, 2015; Yu & Abler, 2009). It has
been found that conditional on price, quality determines
the purchasing decisions of consumers (Barrett et al., 2010;
Kyriacou & Rouphael, 2018; Tian & Yu, 2017). For exam-
ple, consider two baskets of apples. It can be inferred that
the one with greater sales is higher quality (e.g., fresher or
sweeter) if price is the same. Following Khandelwal et al.
(2013), we thus define quality as the product attributes
making consumers willing to purchase more, conditional
on the product price. Accordingly, quality is estimated
using the demand-side approach as follows:

ln 𝑞𝑐ℎ𝑡 = −𝜎ℎ; ln 𝑝∗
𝑐ℎ𝑡

+ 𝜙ℎ + 𝜙𝑐𝑡 + 𝜂𝑐ℎ𝑡. (5)

In Equation 5, 𝑞𝑐ℎ𝑡 and 𝑝∗
𝑐ℎ𝑡

are, respectively, the export
quantity and price (in foreign currencies) of China’s agri-
cultural product h in market c and period t. The market-
time fixed effect 𝜙𝑐𝑡 reflects both the income level and
aggregative price of the market, which may influence the
export quantity through income and substitution effect
channels, respectively. The product fixed effect𝜙ℎ, instead,
is introduced since prices and quantities may not be com-
parable across products.
According to Khandelwal et al. (2013), quality is mea-

sured by an OLS estimation of Equation 6 in log value as
follows:

ln 𝜆̂𝑐ℎ𝑡 = 𝜂𝑐ℎ𝑡∕ (𝜎ℎ − 1). (6)

To avoid the endogeneity concern, we choose the elastic-
ity of substitution 𝜎ℎaccording to estimates of Broda and
Weinstein (2006). We normalize the estimated quality as
an index from 0 to 1 so it can be compared across periods
and markets; that is:

𝑛𝑜𝑟𝑚
(
ln 𝜆̂𝑐ℎ𝑡

)
=

ln 𝜆̂𝑐ℎ𝑡 − min ln 𝜆̂ℎ

max ln 𝜆̂ℎ − min ln 𝜆̂ℎ

, (7)

wheremin ln 𝜆̂ℎ andmax ln 𝜆̂ℎ are, respectively, the mini-
mum and maximum quality estimates of product h in the
entire sample period.

4.2 Data

Our analysis relies onmonthly data from 2002 to 2015 com-
plied from three sources. The first is the trade statistics
from the Development Research Center of the State Coun-
cil of China (DRCnet), which include all Chinese product-
destination level export values and quantities. The sec-
ond source is the International Financial Statistics (IFS),
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TABLE 1 Descriptive statistics of variables in the PSVAR
system

Variables Obs. Mean
Std.
dev. P10 P90

ln(quality) 166,152 0.528 0.181 0.294 0.771
ln(quantity) 166,152 12.41 1.941 10.03 14.85
ln(price in yuan) 166,152 2.523 1.113 1.316 3.976
ln(RER) 5,040 0.563 2.706 -2.307 4.712
ln(real GDP per capita) 5,040 8.504 1.092 6.858 9.471

which offers both bilateral nominal exchange rates and
each country’s CPI, which allow the bilateral RER to be
computed. The third is the country data of the Economist
Intelligence Unit (EIU), which provides real GDP and
population data to calculate the real GDP per capita. Since
real GDP and population data are, respectively, reported on
a quarterly and yearly basis, we convert them to a monthly
frequency using theChow-Linmethodwith EViews before
calculating the monthly real GDP per capita.
For the purpose of this article, we define the agri-

cultural exports of China as the products in the first
24 chapters under the HS coding system according to
Beestermöller et al. (2018). Products with different and
unconvertible quantity units (e.g., from kg to boxes) over
the sample period are excluded so we can measure prod-
uct price as the ratio between the total value and the
export volume. Although the export value is measured in
US dollars in DRCnet, the product price in yuan or each
destination’s currency can be calculated using nominal
exchange rates. However, agricultural exports reported at
the HS 8-digit level are aggregated up to the 6-digit level
to match the elasticity of substitution estimated by Broda
and Weistein (2006). Those with missing estimates of the
elasticity, less than 7% in China’s agricultural exports by
value, are excluded. For each product-market duplet, there
might be gaps in China’s export data. We fill the sporadic
gaps, which account for 2.2% of all gaps in our data, via
linear interpolation using adjacent values. The product-
market duplets that still have gaps after this filling would
be excluded in order to avoid failures in estimating the
PSVAR model.
We eventually come upwith 166,152 observations for 989

product-market duplets through 168 months. To alleviate
the influence of extreme values, the data are winsorized at
the 1% level at both ends. Table 1 provides the descriptive
statistics of our sample.

5 ESTIMATION RESULTS

5.1 Impulse responses of export quality

Figure 1 demonstrates the cumulative IRFs (CIRFs) of
product quality in China’s agricultural exports to an exoge-

nous unit-sized shock on RER, real GDP per capita,
product price in yuan, export quantity, and the quality
itself (driven, for example, by the discovery of disease-
resistant species), respectively5. Since the CIRFs differ
across product-market duplets, we present the median
CIRF with the CIRFs at the 25% and 75% quantiles in
each panel of Figure 1 to show the dynamic distributions.
In addition, we are concerned with the composite shocks
at the moment without dividing them into common and
idiosyncratic components.
Panel (a) indicates that on average, an RER apprecia-

tion shock to the yuan would lead to an overall quality
upgrade of China’s agricultural exports. According to the
median CIRF, the instantaneous quality response in the
period when the shock takes place is close to zero. How-
ever, in the following month, a noticeably positive cumu-
lative quality response is observed,which could result from
the fact that low-quality products exit the market and
the share of high-quality goods increases. The cumulative
response decreases, albeit by a tiny amount, in the second
month after the shock, which is likely due to the Alchian-
Allen effect as the relative price advantage of low-quality
goods might become more pronounced when local distri-
bution costs account for a smaller share in the final price
to consumers after the appreciation. The average cumu-
lative quality response converges to a constant level since
the third month, implying that in most cases the complete
impact of RER shocks is fully revealed in the short run.
This implies that quality changes are more likely driven
by an ameliorated quality structure of the export basket
rather than alternative forces, such as sustained innova-
tions or better intermediate inputs, highlighted in the liter-
ature. We find that a 1% RER appreciation of the yuan pro-
duces on average a 0.001% increase of export quality during
the first three months. Such relatively instantaneous qual-
ity responses are in linewith the high risks of fulfilling agri-
cultural trade contracts6, although contracts are typically
signed a considerable time ahead of exports. This implies
that in reality, agricultural exporters could still enjoy room
to adjust their export baskets, even in the short term.

5 IRFs are the responses of the change of product quality in the period
of interest. To reveal the responses of the quality level, we calculate the
cumulative IRFs (CIRFs) by summing up the IRFs from the period when
shocks take place to the period of interest.
6 Both exporters and importers have incentives to terminate or change
contracts before shipment to avoid potential losses during exchange rate
appreciation. For instance, orders may be canceled if importers expect to
paymore than themarket price or when exporters find that the increased
production and trade costs makes the order unprofitable (for such cases
in practice, see reports at http://www.mofcom.gov.cn/aarticle/resume/
dybg/201204/20120408084531.html). Due to the long agricultural produc-
tion cycle, exporters and importers may also allow orders to be can-
celed once the price increases beyond a prespecified level when contracts
are signed (see https://hzdaily.hangzhou.com.cn/dskb/html/2010-11/14/
content_968123.htm for the case).

http://www.mofcom.gov.cn/aarticle/resume/dybg/201204/20120408084531.html
http://www.mofcom.gov.cn/aarticle/resume/dybg/201204/20120408084531.html
https://hzdaily.hangzhou.com.cn/dskb/html/2010-11/14/content_968123.htm
https://hzdaily.hangzhou.com.cn/dskb/html/2010-11/14/content_968123.htm
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F IGURE 1 Cumulative IRFs of quality to various composite shocks

There are, nevertheless, substantial heterogeneities
across product-market duplets in the cumulative quality
response, as indicated by the CIRFs at the 25% and 75%
quantiles. CIRF at the 25% quantile illustrates that for
some products ormarkets, the cumulative quality response
might remain negative following an appreciation shock.
Persistent quality downgrading could be cost-related since
to offset the cost increments resulting from appreciation,
some exporters may use cheaper inputs (Álvarez & López,
2009). By contrast, the CIRF at the 75% quantile suggests
persistent quality upgrading for some other products and
markets. That is, the RER appreciationmight result in sus-
tained innovations and improved inputs. In Section 5.3, we
will explore the product and market characteristics giving
rise to these heterogeneities in quality responses. The sub-
stantial heterogeneities along the dynamic path of CIRFs
lend support to the choice of the PSVAR model over con-
ventional panel data models.
In the remaining panels of Figure 1, we respectively

demonstrate the cumulative quality response to other
shocks, including those to the real GDP per capita, product
price in yuan, export quantity, and quality itself. Despite
the notable heterogeneities as indicated by theCIRFs at the
25% and 75% quantiles again, we find a negative instanta-
neous response of export quality to the shock on real GDP

per capita on average. A possible reason is that though
income increases would in general induce more imports,
higher quality products usually require a longer produc-
tion time (Deloof & Jegers, 1996) and thus should respond
more slowly. In the next month, the cumulative response
turns positive, albeit by a tiny amount, which could result
from the ameliorated export basket of China as the demand
in the destination market improved. The median cumu-
lative quality response to a shock on the price in yuan
is largely positive and instantaneous, which implies that
firms tend to sell higher-quality products that typically fea-
ture larger profit margins when their domestic prices are
boosted, for example, by cost increases. In contrast, the
cumulative quality response to quantity shocks is always
small and fluctuates around zero. Finally, the instanta-
neous quality response to a shock on itself (driven, for
example, by a productivity shock) is largely negative and
the cumulative quality response remains negative in the
long run on average. The negative responsemay arise from
the Chamberlin effect. That is, when high-quality products
become available to consumers with relatively low prefer-
ences for quality, the average valuation of quality in the
entire market decreases.
Comparing the CIRFs of quality to each shock within

the first three months, we find that on average, quality
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responses to price and quality shocks are the largest, which
are followed by responses to RER shocks. In contrast, the
quality responses to shocks to the real GDP per capita and
quantity are the smallest. This is supported by the results of
the variance decompositions as well.7 At the median level,
the shocks to quality itself and price in yuan are the largest
contributors to quality variations in the short run, account-
ing for more than 95% of the total variations. In the long
run, their combined contribution decreases to 80%. The
RER is the third largest contributor to quality variations,
with the median contribution increasing from 0.5% in the
short run to 3% in the long run. The contribution of the
RER exceeds 5% in some product-market duplets, accord-
ing to estimates at the 75% quantile.
Aside from quality impacts, RER appreciation would

also influence both the export quantity and the domestic
price of Chinese agricultural products. Consistent with the
existing studies (Baek & Koo, 2011; Lamb, 2000; Yanikkaya
et al., 2013), we find that on average, appreciation results
in a reduced export quantity. Cumulative quantity contrac-
tions peak in the first month after an RER shock and then
keep the status afterwards. RER appreciation would also
reduce the product price measured in yuan. The median
cumulative response reaches the maximum in the third
month after the shock, and then it remains unchanged.
Nevertheless, the magnitude of the price responses tends
to be small, which is in line with Li et al. (2015) and implies
that the exchange rate pass-through is high for Chinese
exports.8

5.2 Comparison of the quality responses
to different components of RER shocks

To assess whether the product quality in China’s agri-
cultural exports is more sensitive to a common shock
across all products and markets or a product-market spe-
cific idiosyncratic shock, we distinctively derive the quality
responses to the common and idiosyncratic components in
an RER shock and compare the cumulative responses at
themedian level in three windows in Figure 2. These three
windows are (1) 0–1 month, (2) 0–3 months, and (3) 0–12
months after the shock, corresponding, respectively, to the
short, medium, and long runs.
In all thesewindows, we find that the scale of the quality

responses to the idiosyncratic RER shock component dom-
inates that of the responses to the common shock compo-
nent. As the solid line in Figure 2 illustrates, the ratio of the
scale of quality responses to the idiosyncratic component

7 Results are available from the authors upon request.
8 The specific estimated CIRFs of quantity and price are available from
the authors upon request.

F IGURE 2 Comparison of cumulative quality responses to
different RER shock components
Notes. The reported cumulative responses are medians in all
product-market duplets.

over that to the common component is approximately 2
and slightly decreaseswhen a longerwindow is concerned.
It implies that when an idiosyncratic shock hits a specific
product-market duplet, the influence converges to a con-
stant level in a shorter time as the quality structure of the
export basket may be adjusted in a relatively prompt man-
ner. In contrast, the influence of a systematic RER shock
grows relatively slowly while being more lasting since it
can be difficult to adjust the export basket immediately if
the yuan appreciates in allmarkets. Despite this difference,
nonetheless, Figure 2 shows that overall, the quality adjust-
ment induced by either component ismostly accomplished
in the first three months following the shock since the
response to both shock components only slightly increases
as the window is extended.

5.3 Determinants of the quality
responses to an RER shock

Figure 1 demonstrates that the CIRFs of product quality
among Chinese agricultural exports to an RER shock are
substantially different across product-market duplets. To
reveal how such differences depend on product and mar-
ket characteristics, we consider the following empirical
specification of the determinants of the cumulative quality
response in each product-market duplet over a particular
window:

𝛿𝑐ℎ = 𝛽0 + 𝛽1𝑅𝐶𝐴𝑐ℎ + 𝛃2 ⋅ 𝐱𝑐 + 𝜙ℎ + 𝜀𝑐ℎ (8)

In Equation 8, subscripts c and h, respectively repre-
sent the destination market and product variety. For each
product-market duplet ch, 𝛿𝑐ℎ is the cumulative qual-
ity responses to the RER shock in a specific window,
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TABLE 2 Determinants of cumulative quality responses to RER shocks

Cumulative quality responses
to the RER shock

(1)
0–1 month

(2)
0–3 months

(3)
0–12 months

ln(real GDP per capita) −0.0004* −0.0006** −0.0008***
(0.0002) (0.0002) (0.0002)

ln(distance) −0.0012*** −0.0005* −0.0009***
(0.0003) (0.0003) (0.0003)

RCA −0.0225 −0.0396*** −0.0421***
(0.0144) (0.0144) (0.0144)

Product fixed effects Yes Yes Yes
Observations 863 863 862
Adjusted R2 0.1620 0.1067 0.1187

Standard errors in parentheses.
Independent variables are measured by predetermined values in 2001 with definitions in text. Belgium and five other product-market duplets are excluded due to
the lack of data to compute revealed comparative advantage. Variables are winsorized for extreme values.
*p < 0.10.
**p < 0.05.
***p < 0.01.

which is estimated from the PSVAR model above; and
𝑅𝐶𝐴𝑐ℎ is the revealed comparative advantage of China in
product h—defined as the ratio of the proportion of prod-
uct h in China’s total export value over the ratio for the
world—relative to the revealed comparative advantage of
market c, where the revealed comparative advantage is
computed using BACI database. Meanwhile, we control
a vector of market-specific characteristics denoted by 𝐱𝑐,
which includes two variables: (1) the real GDP per capita
of the destination market; and (2) its distance from China,
which is reported in the CEPII database. Since there are
many difficulties measuring many product characteris-
tics such as the intrinsic product quality and preserva-
tion conditions, we introduce product-specific fixed effects
in Equation 8, which are denoted by 𝜙ℎ. 𝛽0, and 𝜀𝑐ℎ are,
respectively, the constant and error terms, as usual. Since
the dependent variable 𝛿𝑐ℎ represents the average esti-
mated response during the entire sample period, we use
predetermined values in 2001 to measure all independent
variables including product and market characteristics to
avoid the endogeneity concern. The estimation results
would remain similar, however, if independent variables
are instead measured by the average values through the
sample period as Hao et al. (2017).9 Finally, 𝑅𝐶𝐴𝑐ℎ, which
is the ratio between two export shares and could cause
the scale to lack a clear meaning, is rescaled to the range
of [0, 1] to make it an effective index for the ranking of
China’s relative competitiveness in each product-market
duplet during estimation.
In line with Figure 2, we again alternatively con-

sider three particular windows for the cumulative quality

9 The results are available from the authors upon request.

responses when estimating Equation 8, that is, 0–1 month
(the short run), 0–3 months (the medium run) and 0–
12 months (the long run). Table 2 reports the estimation
results. The table demonstrates that for all three windows
of examination, the cumulative quality response is always
negatively correlated with the destination market’s real
GDP per capita and its geographic distance from China.
The price elasticity of demand in richer markets is usually
smaller. Therefore, exporters to destinations with higher
levels of real GDP per capita would have a weaker moti-
vation to improve product quality when the RER shock
reduces the price competitiveness of their products. Due to
the perishability of agricultural products, quality improve-
ments of agricultural exports might be more costly in
relatively distant markets. Therefore, cumulative quality
responses also tend to be smaller. Comparing columns, it
can be noted that the effect of distance is relatively impor-
tant compared with that of real GDP per capita in the
short run, whereas the two effects become more similar
in the medium and long runs. This implies that when an
exporter considers improving the average product quality
in the short run, typically by ameliorating the combination
of products of various qualities, market proximity is the
dominant concern. In contrast, when it considers enhanc-
ing quality in the medium and long runs, for example,
through a sustained devotion to quality improvements, it
would weigh the tradeoff between the distance and real
GDP per capita of the market with a similar emphasis
given to each factor. Table 2 also shows that the cumulative
quality responses are negatively correlated with China’s
revealed comparative advantage over that of the import
market for the same product, though the effect is insignif-
icant in the short run. This indicates that RER apprecia-
tion would be more detrimental for products and markets
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where China lacks a strong comparative advantage, and
thus it will induce greater quality-improving incentives.
The product fixed effects in Equation 8 capture all the

product-specific characteristics that are difficult to mea-
sure. To reveal the possible characteristics embedded in
these fixed effects, we compare the estimates of the fixed
effects across products along two dimensions. The first
is the degree of processing of products, which indicates
whether products are relatively primary or processed. The
second is the share of the processing trade with respect to
total exports from China, which reflects the importance
of imported intermediate inputs. To facilitate the compari-
son, we normalize the estimated fixed effects as follows to
rescale them to the range of [0, 1]:

𝑅ℎ = (𝑓𝑒ℎ − min𝑓𝑒ℎ)∕(max 𝑓𝑒ℎ − min𝑓𝑒ℎ) (9)

In Equation 9, 𝑓𝑒ℎ denotes the estimated fixed effect
of an HS six-digit product h, and max 𝑓𝑒ℎ and min𝑓𝑒ℎ,
respectively, indicate the maximal and minimal values
across all products in the sample. Therefore, 𝑅ℎ, to which
wewill refer as the “rescaled product fixed effects,” is effec-
tively an index for the ranking of the estimated fixed effects
for product h.
We categorize the HS six-digit products into two groups,

which will be denoted as the group of less processed goods
and that of more processed goods, according to Chen and
Duan (2001).10 In Figure 3, we compare the distribution
of the rescaled product fixed effects, 𝑅ℎ, between the two
groups, where the solid line through the box indicates
the median value of the distribution, the upper and lower
edges specify the interquartile range, and thewhiskers rep-
resent the upper and lower adjacent values. The result
demonstrates that regardless of which window is under
examination, the majority of the less processed products
always have larger fixed effects, that is, greater quality
responses, relative to more processed goods, as indicated
by the median value and both the upper and lower hinges
(i.e., the 75th and 25th percentiles, respectively). The find-
ing of greater quality responses for less processed prod-
ucts upon an RER appreciation shock is in line with the
fact that these products usually feature lower profit mar-
gins or are more difficult to preserve. Thus, the motivation
of quality improvements tends to be stronger. RER appre-

10 Specifically, less processed goods include bulk commodities including
grain, oilseed, and plant-based fibers such as cotton, raw rubber and
non-manufactured tobacco; processed intermediates that require further
processing for human consumption including flour, feed, live animals,
animal fats or oil, and animal-based fibers. In contrast, more processed
goods include consumer-ready commodities that either require special
handling such as containerization, for example, preserved vegetables and
fruits, or are highly transformed, for example, processed meat, manufac-
tured tobacco, and beverages.

F IGURE 3 Rescaled product fixed effects (Rh) and the
processing degree of products
Notes. Product fixed effects are estimated from Equation 8 and
rescaled to the range of [0, 1] according to Equation 9. The solid line
through the box indicates the median value of the distribution of Rh,
the upper and lower edges specify the interquartile range, and the
whiskers represent upper and lower adjacent values. Outside values
are excluded.

F IGURE 4 Rescaled product fixed effects (Rj) and the share of
processing trade
Notes. Product fixed effects are estimated from Equation 8 and
averaged by chapters before rescaling on the support of [0, 1]
according to Equation 9.

ciation may also induce exporters of less processed prod-
ucts to transform their relatively low-quality commodities
to more processed alternatives instead of being exported as
raw products. In addition, the greater quality responses for
less-processed products are also compatible with our find-
ing in Table 2 that responses decrease with China’s com-
parative advantage since these products are typically land
or resource intensive such that China does not enjoy strong
competitiveness.
In Figure 4, we compare the estimated fixed effects

according to the share of the processing trade of each prod-
uct in China’s exports. Seeing that this share remains zero
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for many HS six-digit products during the sample period,
we aggregate the products to the 24 HS chapters. That is,
we first calculate the average fixed effects among prod-
ucts in each chapter and rescale it to the range of [0, 1],
which is denoted as Rj; and then we compute the share
of the processing trade in all exports under that chapter.
We find that in general, the rescaled product fixed effects
are smaller in chapters that include products relying more
heavily on processing trade. The less sensitive responses of
quality upgrading in chapters with more processing trade
is in line with similar findings documented in the litera-
ture (Dai et al., 2018) and have two possible explanations.
First, a considerable amount of inputs are imported in the
processing trade. Therefore, RER appreciation results in
both revenue and cost reductions, leaving profits hardly
affected. Second, the room for quality improvement tends
to be limited in the processing trade since critical technolo-
gies are controlled by foreign suppliers.

6 CONCLUSIONS AND POLICY
IMPLICATIONS

In this article, a PSVAR model is utilized to unveil both
the dynamics and interproduct and intermarket hetero-
geneities in the quality responses of Chinese agricultural
exports to a shock to yuan’s RER. We find that on average,
RER appreciation leads to quality improvements, but
the effect is fully shown in the short run—the average
response peaks in the month following the shock and the
average cumulative response converge to a constant level
in three months. The quality responses substantially differ
across product-market duplets and are more sensitive to a
duplet-specific RER shock. Response heterogeneities rely
on both market (e.g., geographic distance and income)
and product (e.g., revealed comparative advantage) fea-
tures. In addition, more sensitive responses of quality
upgrading are found among products that are rela-
tively primary and exported less through the processing
trade.
The relatively instantaneous impact of RER apprecia-

tion on the product quality of agricultural exports high-
lights the importance for policy makers to closely track
RER movements and efficiently share the information
and predictions with agricultural exporters. The notably
heterogeneous quality responses across product-market
duplets suggest that the information would be particularly
valuable for exports that are less competitive, relatively pri-
mary, more reliant on ordinary trade, and exported with
nearby and less developed partners.
Our results have important policy implications for both

governments and exporting companies. The concentration
of quality responses in the short run implies that quality

improvements in China’s agricultural exports after RER
appreciation could primarily be a result of product amelio-
ration in export baskets, that is, reducing the composition
of relatively low-quality products and increasing that of
high-quality goods. Sustainably enhancing product qual-
ity, for example, with support for R&D activities and the
implementation of advanced technologies to cope with
RER appreciation thus remain a critical challenge for both
the government and agricultural exporters. Seeing their
less responsive quality improvements, such support would
be particularly important in exports to developed and dis-
tant markets.
Finally, product quality improvements are associated

with decreases in both export quantity and price. This thus
implies that export profits are reduced with the apprecia-
tion shock. To alleviate these negative impacts, exporters
might diversify their RER uncertainties by both expand-
ing export partners and relying on the domestic mar-
ket. In the meantime, increasing and improving foreign
exchange rate protection tools in a developing country
such as China where the financial sector is less mature
would also provide exporters with stronger capabilities to
withstand external shocks.
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