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In this paper, we employ a combination of time regression discontinuity designmethod (T-RD) and the
difference-in-difference method (DID) to identify and quantify the causal effects of the strict lockdown
policy on vegetable prices using multiple-year daily price data from 151 wholesale markets of Chinese
cabbage. We find that the lockdown policy caused a large and immediate surge in price and price dis-
persion of Chinese cabbage, though they fluctuated smoothly for the same period in normal years.
TheDID results further show that the price surge peaked in the fourth week of lockdown but gradually
came down to the level of a normal year by week 11. However, the price rose again (though to a much
smaller extent) in response to the resurgence of COVID-19 in a few provinces in early-mid April but
quickly returned to the normal level in week 15 when the lockdown measures were largely removed.
We also find that the supply chain disruption is the driving factor for the price hike. Policy implications
are drawn.
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With more than 97.8 million confirmed cases
and over 2.1 million deaths worldwide by
January 25, 2021,1 the COVID-19 pandemic
has undoubtedly been the biggest health crisis
in modern history. To contain the spread of
the virus, many countries have implemented
lockdowns and widespread shelter-in-place
orders (Fang, Wang, and Yang 2020; Yap

et al. 2020). In the absence of vaccines and ther-
apeutics, these stringent measures not only are
the necessary tools to minimize deaths and
health damages caused by the virus but have
also been shown to be effective in containing
the spread of the virus in China andmany other
countries (Fang, Wang, and Yang 2020; Krae-
mer et al. 2020; Mohammad and Khan 2020).
However, the economic costs of thesemeasures
could be exorbitant (Andersen et al. 2020;
Baek et al. 2020; Chen et al. 2020; Coibion,
Gorodnichenko, and Weber 2020a; Coibion,
Gorodnichenko, andWeber 2020b). The global
economy is projected to contract sharply by 3%
in 2020, and the level of GDP at the end of 2021
is expected to remain below the pre-virus base-
line globally (IMF 2020).

Although the lockdown measures have had
a profound impact on every aspect of the econ-
omy, how these measures affect food security
is one of the top concerns of policy makers
and scholars (Arndt et al. 2020; Devereux,
Béné, and Hoddinott 2020; Harris et al. 2020;
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Laborde et al. 2020; Reardon et al. 2020). The
past literature has shown that the outbreak of
a severe infectious disease is often accompa-
nied by a food crisis (Tse et al. 2006;
Kuwonu 2014). Several recent studies concep-
tualize the potential effects of the COVID-19
and lockdowns on food security (Cullen 2020;
Devereux, Béné, and Hoddinott 2020; Rear-
don et al. 2020). They posit that the lockdowns
would pose a full range of threats to food secu-
rity, such as reduction in production, disrup-
tion of the food supply chain, restrictive trade
flow, and reduced dietary options. In the
meantime, a large number of empirical studies
have shown overwhelming evidence to sup-
port the negative effects of COVID-19 and
the lockdown measures on food security
(Abdul 2020; Akter 2020; Fan, Si, and
Zhang 2020; Harris et al. 2020; Matsungo and
Chopera 2020; Zhang et al. 2020a, 2020c.

The disruption of the food supply chain
caused by the lockdown measures are expected
to result in higher food prices that could further
aggravate the food insecurity concern. Wein-
berg and Bakker (2014) argue that food price
is the most important measure of individual
well-being and provides a more accurate assess-
ment of food scarcity than any other indicators.
High food prices are also found to cause social
unrests (Bellemare 2015), extreme and moder-
ate poverty, nutritional deficiency and psycho-
social stress, and the decline of social capital
(Headey and Fan 2008; Hadley et al. 2012; Fer-
reira et al. 2013). Beyond the immediate impact
of higher food prices on the cost of the food pur-
chased by households, there is evidence that
higher overall price inflation hurts the poor the
most (Easterly and Fischer 2001; Wodon and
Zaman 2008; Chen et al. 2020; Fan, Si, and
Zhang 2020; Siche 2020). The price theory
implies that a distorted high price and/or high
price variation over space are key indicators of
market inefficiency (Jensen 2007; Aker 2010).

The importance of food price noted earlier
and the increasing anecdotal evidence on the
rising prices of food items in response to the
lockdownmeasures have motivated an emerg-
ing (but still limited) number of studies to
empirically investigate the effects of lock-
downson foodprices (Abdul 2020;Akter 2020;
Cullen 2020; Narayanan and Saha 2020;
Rude 2020; Wang et al. 2020; Yu et al. 2020;
Zhang et al. 2020c). Several important findings
emerge from these studies. First, the lockdown
measures have consistently increased food
prices with considerable variation in the
degree of increase. For example, Rude (2020)

finds a 40% increase in food price, whereas
Narayanan and Saha (2020) show a more
moderate increase of 20%. Second, the effects
of lockdowns on food price show considerable
heterogeneity across types of food commodi-
ties. The price hike is generally more pro-
nounced in perishable commodities, such as
meat, fruits, and vegetables, which are more
income elastic in demand and require a large
amount of labor to produce (Cullen 2020;
Richards and Rickard 2020; Yu et al. 2020;
Zhang et al. 2020c). Notably, Yu et al. (2020)
posit that although pork and vegetables expe-
rienced a noticeable price hike, wheat and rice
experienced no significant price change.
Third, some studies also show considerable
increase in price variability in response to the
lockdowns (Yu et al. 2020).
Although these studies give insights into our

understanding of the lockdown measures on
food prices, they also suffer from several empir-
ical and data limitations,making rigorous quan-
tification of the lockdown effects on food prices
difficult and findings of limited policy use. First,
the number of studies is disproportionately
small compared to the vast number of countries
severely affected by the virus. Second, except
for Akter (2020) and Yu et al. (2020), results
in most studies are based on descriptive analy-
sis. Third, the sample sizes used in these studies
are typically small. For example, Akter (2020)
used monthly price data of vegetables from
thirty countries for 10 months, whereas Yu
et al. (2020) used time-series data on food price
index data from four Chinese regions. Finally,
although the potential mechanisms triggering
the price hike were discussed in many of these
papers, none of the studies empirically tested
these mechanisms.
We aim to fill some of these gaps by evaluat-

ing the effects of lockdownmeasures on vegeta-
ble prices using multiple-year daily price data
from 151 vegetable wholesale markets in
China. We focus our analysis on vegetables for
two important reasons. First, as noted earlier,
the perishability and seasonality of vegetables
make vegetable prices more susceptible to exo-
geneous shocks, such as emergencies, climate
change, and natural disasters, compared with
grain crops (Bellemare 2015). Second, vegetable
industry is the second largest crop industry in
China with a total planting area of 20.4 million
hectares and a total output of 703.5 million met-
ric tons and a per capita occupancy of 504 kg.
The annual sale of vegetables in China accounts
for as much as 50% of the world’s total volume
(Zhang et al. 2020a). The vegetable industry in
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China not only has a special position in diet
structure of China’s urban and rural residents
but also plays a significant role in generating
income and employment for rural residents.
We further narrow our study down to

Chinese cabbage (one of the most important
leafy vegetables in China) because data for
other vegetables are not available to us. The
annual sown area of Chinese cabbage is about
40 million mu, accounting for 14% of the total
sown area of vegetables in China. The produc-
tion is more than 100 million tons, accounting
for about 18% of the total vegetable production
and a per capita occupancy of over 75 kg.2

Chinese cabbage also shares similar characteris-
tics with a large majority of green leafy vegeta-
bles in terms of perishability, storability, and
nutrition. Therefore, we posit that Chinese cab-
bage is a good representation of the general cat-
egory of the green leafy vegetables.
Time-regression discontinuity (T-RD)

design is employed to causally attribute
changes in the level and dispersion of vegeta-
ble prices to the strict lockdown measures. In
the T-RD design, a comparison of average
price immediately before and after the
announcement of the nationwide lockdown
policy identifies discontinuous changes in
price at the time of the lockdown. The T-RD
results show that lockdown measures led to
an immediate surge of the Chinese cabbage
price by approximately 46%, whereas the
price movement followed a smooth pattern
for the same period in any of the normal years
(2017–2019). The main results are robust to
different specifications of time trend polyno-
mial and the difference-in-difference (DID)
strategy. The DID results further show that
the price peaked around week 4 after the
implementation of the lockdown policy. It
then started to decline when most of provinces
lowered the level of lockdown measures. The
resurgence of COVID-19 in a few provinces
in early-mid April caused the price to go up
again. However, the price hike during that
period (weeks 11–13) was more moderate
and short lived, and the price returned to the
level of that in a normal year by week 15.
The results from mechanism analysis show

that the supply chain interruption is the main
driver for the vegetable prices to increase.
The supporting evidence for this argument
includes a rapid surge in price dispersion

(as a signal for market disintegration), the
immediate slump in the labor mobility inten-
sity and freight volume following the
announcement of the nationwide lockdown
measures, and the fact that the price surge
was more pronounced in vegetable-importing
areas than in vegetable-producing areas.

The overall goal of this study is, therefore,
to investigate the causal effects of one of the
stringent lockdown measures on vegetable
prices, as well as price dispersion, and identify
the underlying mechanisms. The results of the
study are important to guide the design of
complementary policy measures to mitigate
the negative effects of lockdown measures on
the level and variability of food prices. As the
COVID-19 pandemic is still ravaging a large
number of countries in the world, our findings
that stringent lockdowns, though effective in
containing the spread of virus, also caused a
quantitatively large increase in the level and
dispersion of vegetable prices have important
implications for those countries (especially
for those developing countries where poor res-
idents are likely to suffer disproportionately
more from the price hike and price variability
of agricultural commodities) in designing
strategies to cope with the ongoing or future
pandemics.

The next few sections are arranged as the
following. Section 2 discusses the background
with focus on the timing of lockdownmeasures
and the implication for identification, and the
potential mechanisms triggering the effects of
lockdown measures on vegetable prices. Sec-
tion 3 presents data and identification strate-
gies. Section 4 presents the main results,
robustness checks, heterogeneity analysis,
and DID estimation. Section 5 investigates
the mechanisms, and finally Section 6 con-
cludes with some policy implications.

Background

Lockdown Response to COVID-19

COVID-19 is a disease caused by severe acute
respiratory syndrome coronavirus 2 (SARS-
CoV-2), first identified in Wuhan, China, in
December 2019. This highly infectious virus
has since become the global pandemic that
has already caused more than 1.9 million
deaths and infected more than 90.7 million
people (WTO 2020). On January 23, 2020,
Wuhan implemented a citywide lockdown to

2Data are from the Ministry of Agriculture and Rural Affairs of
the People’s Republic of China: http://www.moa.gov.cn/
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control the spread of the virus. Similar mea-
sures were immediately adopted by other
provinces. On January 25, China’s central gov-
ernment published a nationwide traffic block-
age and quarantine policy (Li et al. 2020). By
January 29, all thirty-one provinces adopted
lockdown measures to interrupt the spread of
virus between provinces and within province
as well.3 Except for essential hospitals and
public health offices, almost all factories and
businesses were closed, people were ordered
to shelter in place to avoid the virus infection.
These are the most stringent and widespread
disease control measures that have ever been
practiced in China’s modern history.

The lockdown measures adopted by the
central and local governments have been
effective in restricting the human mobility
and curbing the spread of the virus (Fang,
Wang, and Yang 2020; Kraemer et al. 2020).
On February 3, traffic and delivery industry
started to recover, and ten provinces
announced work resumption, and by February
10, thirty provinces (except for Hubei, the ori-
gin of the outbreak of the virus) resumed work
and loosened mobility restrictions (Chen
et al. 2020). Traffic and delivery industry
started to recover. In late February, many pro-
vincial governments started to lower their
emergency response levels. By March
4, twenty-one provinces lowered their emer-
gency responses from the first level to the sec-
ond level. On March 19, no new locally
transmitted cases of COVID-19 in the whole
country were reported, including Wuhan.
TheNational Development andReform Com-
mission said on March 21 that it would pro-
mote the restoration of normal traffic order.
The lockdown measures were lifted in Hubei
province except for Wuhan on March 25 and
then including Wuhan on April 8 (Xu, Wu,
and Cao 2020; Zhang et al. 2020c). The num-
ber of confirmed cases resurged in several
provinces, such as Heilongjiang, Neimenggu,
and Shanxi during early-mid April,4 and by
the end of April, the resurgence was largely
under control.

A couple of key time points are worth
highlighting because they have significant
implications on our design of empirical analy-
sis. The first time point is January 23, the first

day when the lockdowns were implemented
in Wuhan city, Hubei province. The second
time point is January 29, when all thirty-one
provinces enforced the nationwide lockdown
measures. Our aim is to evaluate the impact
of the nationwide lockdown policy on vegeta-
ble prices, so January 29 (the first day of the
nationwide lockdown) is the policy cutoff
point. Any time after January 29 is the after-
policy period and any time before would be
the before-policy period. We exclude the
period between January 23 and January
28 because the lockdown policy was adopted
by some provinces during that period and that
it cannot be a valid control.5

How Do Lockdown Measures Affect the
Vegetable Prices?

The equilibrium market price of Chinese cab-
bage is determined by the supply and demand
of the vegetable in themarket. Any factors that
could affect either the supply or the demand of
Chinese cabbagewould affect Chinese cabbage
price. In the literature, it is commonly discussed
that lockdown measures affect both the supply
and the demand of food items (Goddard 2020;
Hailu 2020; Hobbs 2020; Yu et al. 2020; Zhang
et al. 2020b). On the supply side, lockdowns
may cause the reduction of vegetable produc-
tion due to reduced labor activities in response
to the lockdown and shelter-in-place orders.
Additionally, provincial lockdown measures
impose very stringent restrictions on food
transportation from producers to the markets
and from one market to another market. The
high-value perishable commodities are likely
to be affected the most by the lockdown mea-
sures (Zhang et al. 2020c). Either the reduction
of production or the disruption of supply chain
could cause vegetable prices to go up. On the
demand side, the outbreak of COVID-19 crisis
could cause social panic, and in some scenarios
consumersmay hoard food, leading to a vicious
cycle to hike food prices (Vercammen 2020; Yu
et al. 2020). Uncertainty about the future and
limited information cause abnormal behaviors
of consumers and lead to limited food availabil-
ity in the market (Xu and Sattar 2020). Mixed
news with pictures of empty shelves, circulating
on social media, contributes to a nervous

3Detailed information on dates for different provinces to adopt
measures to control the virus is presented in the Online Supple-
mentary Appendix, table A5.

4News from official website: http://www.nhc.gov.cn/xcs/fkdt/
202004/9c234e08268f4937b496eab547910f37.shtml

5After the nationwide lockdown policy was announced on
January 29, no province can be treated as a clean control province.
For this reason, we use January 29 as the cutoff point for the lock-
down policy. However, we find the results are not sensitive to the
dates by a couple of days.
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atmosphere of panic buying, thus sharply
increasing market prices (Devereux, Béné,
and Hoddinott 2020). However, for fresh and
perishable vegetables, the panic and hoarding
behaviors may cause the vegetable prices to
decline due to the potential substitution effects
between fresh vegetables and other nonperish-
able food items (Richards and Rickard 2020).
Therefore, the net effects of the panic and food
hoarding behaviors are not clear.
The supply-side effects due to the disruption

of supply chain and the demand-side effect
caused by the panic buying behaviors can be
shown in a simple graphwhere the equilibrium
price and quantity of vegetables are deter-
mined by the aggregate demand and the
aggregate supply curves (figure 1). First, the
limited labor activities and traffic restrictions
caused a severe disruption in the supply of
vegetables to consumers, driving the supply
curve to move inward from S0 to S1. Second,
on the demand side, uncertainty about
whether the deadly and extremely infectious
virus would be controlled or not caused panic
buying behaviors, resulting in an increase in
demand for food in the early period and the
ensuing shift of the demand curve outward.
However, conversely, the panic buying behav-
iors could reduce the demand for perishable
fresh vegetables and their prices due to the
substitution toward nonperishable food items
instead. The net effect of panic buying and
hoarding behaviors could either shift the
demand curve from D0 outward to D1 or
inward to D1’, depending on the two compet-
ing effects of panic buying behaviors.
The net effects of lockdown measures on

vegetable prices will be determined by the
slopes of the supply and demand curves and
whether the demand curve is shifted inward

or outward. Given the elastic nature of the
perishable commodities such as Chinese cab-
bage, we hypothesize that the lockdown policy
has a substantial effect on its price, and the
supply chain disruption is the main driver for
the price change. Also, this will be a testable
hypothesis of our study. In our empirical anal-
ysis, we will first evaluate the effect of lock-
down measures on price change, then we will
test the underlying channels with focus on the
supply chain disruption.

Data and Empirical Strategy

Data

The data used for this study are from three dif-
ferent sources. The price and market informa-
tion data were collected from the National
Agricultural Products Price Database using
web crawling method.6 The authors acquired
the daily Chinese cabbage price data from
151 Chinese wholesale markets from
December 1 to May 7 for 2020 and the previ-
ous two years. We divided the entire period
into twenty-three weeks (eight weeks before
and fifteen weeks after the implementation of
the nationwide lockdown policy, i.e., January
29, 2020). The 151 wholesale markets include
the country’s major wholesale markets of Chi-
nese cabbage, with the exception of just a few
with poor digitalization facility. Figure 2 shows
the distribution of the 151 wholesale markets
across the country. They cover twenty-seven
major provinces except for four remote inner
provinces. We also collected the daily price
data for the same period from 2018 to 2019 to
serve as the control or placebo groups. We
adopt the lunar calendar (instead of the regu-
lar calendar) to match the time periods across
years for two reasons. First, the lockdowns
occurred during the Spring Festival, which is
the most important national holiday (like
Christmas in USA). Matching time periods
by lunar calendar allows us to control holiday
effects on vegetable prices. Second, the sowing
time of Chinese cabbage is based on the solar
terms of the lunar calendar; matching the
treatment group and the control groups by
lunar calendar allows to control for additional
seasonality effects.

Figure 1. Possible channels for the lockdown
policy to affect vegetable prices

6The website of National Agricultural Products Price Database
is http://nc.mofcom.gov.cn/
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To estimate the heterogenous effects of
lockdown on cabbage price and the mecha-
nisms of supply block, we assemble data on
the various levels of prevention and control
measures in different cities from Fang, Wang,
and Yang (2020), city-level data on daily
infected cases and daily within-city movement
intensity from Harvard,7 as well as transport
data from Ministry of Transport of the Peo-
ple’s Republic of China.8

Empirical Strategy: Time RD Design

We employ a parametric T-RD design to
identify any short-run, discontinuous change
in price level as a result of the nationwide
first-level lockdown in the outbreak of
COVID-19.9 Specifically, the T-RD design
of parametric estimation is shown in
equation (1):

ð1Þ ln Pricei,tð Þ= β0 + β1After

+ϕf timeð Þ+ χAfter*f timeð Þ
+ λi + γmon + λi*γmon + εi,t

where ln(Pricei,t) is logarithm of Chinese cab-
bage price in wholesalemarket i at time t;After
is a dummy equal to one if time is post nation-
wide first-level lockdown, that is after January
29, and zero otherwise;10 λi and γmon indicate
market fixed effects (FEs) and monthly time
fixed effects (FEs), respectively, and the inter-
action term between market FEs and time FEs
is also included. f(time) contains the polyno-
mial time trend to flexibly control for time
series variation in vegetable price that would
have occurred in the absence of the lockdown,
which would also pick up the smooth changes
in vegetable price due to changes in

Figure 2. Distribution of the 151 wholesale markets

7The website of Harvard is https://dataverse.harvard.edu/
dataverse/covid19

8The website of Ministry of Transport of the People’s Republic
of China is http://www.mot.gov.cn/tongjishuju/

9T-RD has been increasingly used in evaluations of policies, the
implementation of which occur at a fixed time point (Chen and
Whalley 2012; Bento et al. 2014; Ito 2015; Yang et al. 2018;
Fuje 2019). For example, in the framework of T-RD, Fuje (2019)
investigates the impact of fuel subsidy reforms on food price using
monthly grain price data. Yang et al. (2018) examines the effect of
subway openings on short-run traffic congestion using daily
transport data.

10As noted earlier, we exclude January 23–28 from the analysis
because the lockdown policy was already implemented in some
provinces. However, we also tried the same regression with the
data for these days, and the results are largely consistent. Themag-
nitude of price surge, however, is slightly smaller. This is expected
because the vegetable prices in these few provinces adopting the
lockdown policy during January 23–28 already experienced price
increase, causing the effects (i.e., price difference after and before
Jan. 29) to be underestimated. Although there may still some
anticipation effects prior to January 23, we would expect that the
existence of such anticipation effects (higher price right before
the implementation of measures) would cause an underestimation
of the lockdown effects on price increase.
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agriculture market and other factors that take
effect slowly over time (Hahn, Todd, and Wil-
bert 2001). We also include the interaction
term After* f(time) to allow the time trend in
vegetable price to differ on either side of the
lockdown date. Including market FEs takes
care of time-invariant, market-specific factors,
such as geographic accessibility, climatic con-
ditions, agro-ecological conditions, and agri-
culture production potential. Monthly time
FEs capture time-related factors such as
weather conditions and agricultural seasons.
Finally, the interaction term between month
FEs and district FEs would account for the
intra-annual district-specific factors. Our coef-
ficient of interest, β1, estimates the reduced
form effect of the nationwide lockdown policy
on vegetable price.
The appeal of RD design is derived from its

close proximity to the randomized controlled
trial (RCT), described as a “local randomized
experiment” (Lee and Lemieux 2010). The
intuition behind our identification strategy is
straightforward. The key assumption is that
the only reason for vegetable price to discon-
tinuously change on the day of nationwide
lockdown is the lockdown policy itself (Chen
and Whalley 2012). By flexibly controlling for
nonlinearities in vegetable price from other
factors using the polynomial time trends, we
are able to isolate the change in vegetable
price solely due to the first-level nationwide
lockdown policy to COVID-19.

Estimation Results

Results of T-RD Estimates

The identification assumption of T-RD
designs is violated if there is self-selection at
the cutoff (Hausman and Rapson 2017).
The violation is unlikely to be the case for
this emergency event. It is reported that
COVID-19 can be carried by person and
spread in a rapid speed. Each province imple-
mented the first-level lockdown policy imme-
diately within one week after the outbreak of
the virus. All the wholesale markets across
the country are affected by the policy simulta-
neously; therefore the selection problem asso-
ciated with the timing of the treatment does
not arise. Furthermore, measures and supervi-
sions were carried out strictly by governments
at all levels to ensure that the rules of lock-
down were enforced without exception.

In an RD estimation, graphical analyses play
an important role in visually quantifying the
magnitudes of the treatment effects (Ito 2015).
Figure 3 presents a graphical analysis of the T-
RD estimation based on equation (1) with a
fourth-order polynomial of time trend, using
Chinese cabbage price data from the nation-
wide wholesale markets. There is a clear dis-
continuous jump in price at the cutoff point. It
shows visual evidence that the nationwide lock-
down caused a significant and sharp increase in
the price of Chinese cabbage.

Table 1 presents the T-RD estimates for the
effect of lockdown on the price of Chinese cab-
bage. In columns 1–4, different orders of time
trend are added into the equation so that we
can check for the robustness of the results.Each
column includes market FEs, month FEs, and
the interaction of market FEs and month FEs,
and each equation is estimated using the best
bandwidth using codes developed by Calonico,
Cattaneo, andTitiunik (2014). Finally, the stan-
dard errors are clustered at themarket level.As
shown in table 1, using different polynomials
barely change the level of significance (consis-
tently at 1% level) and the magnitude of the
key coefficient of interest, β1. The emergent
lockdown policy led to the price surge of Chi-
nese cabbage by 45.9%–47.7%. The AIC and
BIC criteria indicate that the estimation with
fourth-order polynomial of time trend per-
forms the best.

Robustness of the T-RD Estimates

In general, there are three fundamental chal-
lenges in evaluating an unbiased effect of the

Figure 3. Discontinuity in Chinese cabbage
price.

Notes: The solid line shows the fit of fourth-order polynomial T-RD
estimation and the shaded areas are the 95 percent confidence intervals. The
results are robust to the lower orders of polynomial specifications.
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treatment using the T-RD framework, particu-
larly in applications where time is the running
variable and the treatment begins at a particular
threshold in time (Hausman and Rapson 2017).
In this section, we describe these challenges in
detail and show the robustness of our main
findings.

First, the choice of timewindow is important
as a local randomization interpretation of the
T-RD design is valid within a small neighbor-
hood around the threshold. The use of obser-
vations far from the threshold is a substantial
conceptual departure from the identifying
assumptions, and it can lead to bias resulting
from unobservable confounders. Therefore,
we use different choices of bandwidths to
check if the estimated results are robust.
Table 2 reports the estimates of β1 with differ-
ent bandwidths in columns 1 and 2 and differ-
ent types of standard errors in panels A–C.

The T-RD estimates are highly robust to dif-
ferent bandwidth choices. The second poten-
tial pitfall in T-RD implementation relates to
its use of time-series data, which are likely to
show serial dependence. High-frequency data,
while allowing for more power, may be more
likely to demonstrate qualitatively important
autoregression (Hausman and Rapson 2017).
To find out the true dynamic process, we
include the lagged dependent variable in the
basic T-RD regression. The results reported
in the Online Supplementary Appendix, table
A1 show that estimates of the lockdown effect
are similar to those in table 1, in terms of both
the level of significance and the magnitude of
effect when applied AR(1). Allowing for
AR(2) by adding the second-order lagged
dependent variable only slightly reduced the
coefficient of interest (from 0.45 to 0.36), but,
overall, the magnitude of price surge remains

TABLE 1. Impacts of the nationwide lockdown on Chinese cabbage price: T-RD estimates

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

After 0.473*** 0.477*** 0.459*** 0.477***

(11.08) (9.71) (9.33) (9.16)
Time 0.0154*** 0.0244*** 0.0272*** 0.0289***

(6.48) (4.47) (4.26) (3.36)
After×Time −0.00686 −0.0306** −0.0200 −0.0382*

(−1.36) (−2.27) (−1.25) (−1.90)
Time2 0.000810** 0.00138** 0.00178*

(2.42) (2.45) (1.68)
After×Time2 0.000335 −0.000856 0.00111

(0.44) (−0.68) (0.51)
Time3 0.0000301* 0.0000619

(1.96) (1.22)
After×Time3 −0.0000581* −0.000217**

(−1.81) (−2.40)
Time4 0.000000822

(1.03)
After×Time4 0.00000145

(0.99)
Constant 0.384*** 0.346*** 0.297*** 0.294***

(26.87) (17.90) (13.65) (12.06)
Market FEs Yes Yes Yes Yes
Month FEs Yes Yes Yes Yes
Market×Month FEs Yes Yes Yes Yes
AIC −2087.27 −2756.46 −5007.05 −7054.98
BIC −2070.41 −2727.08 −4962.06 −6994.16
Best bandwidth 21.30 27.18 44.32 60.88
EffectiveN 2041 2633 4572 6363
adj. R2 0.863 0.877 0.898 0.903

Notes: This table presents the T-RD estimates of the ATEs of nationwide lockdown on Chinese cabbage price. Under the different specifications with different
orders of polynomial, the best bandwidth is calculated usingMSE-optimal bandwidth selector for the RD treatment effect estimator (MSERD). Standard errors
are clustered at market level and t statistics are in parentheses.
*= p < 0.1.
**= p < 0.05.
***= p < 0.01.
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large and significant.11 Adding the lagged
dependent variables to control for autocorre-
lation has been a common practice in the
T-RD literature (Chen and Whalley 2012;
Lang and Siler 2013).
Third, it is still possible that some confound-

ing factors that cannot be isolated from the esti-
mates of T-RD method, nevertheless. For
example, days before and after the implemen-
tation of the lockdown policymay differ inways
that could affect the level of vegetable price,
such as seasonal variation in supply and
demand. Any such differences that smoothly
change near the lockdown date will be
absorbed by the flexible polynomial time trend
and will not contribute to the bias. However,
discontinuous changes in price on the lockdown
date driven by unobservable factors could pose
a threat to our identification strategy, such as
Chinese Traditional Spring Festival.
As it cannot be isolated using one-year data,

we applied additional data from 2018 to 2019
in the same time interval as in 2020 to test if
there are any factors that contribute to the
surge of vegetable prices on the date of lock-
down implementation. As shown clearly in fig-
ure 4, there is no significant discontinuous
jump at the cutoff date for these two years,
which further validates our T-RD results.
An alternative placebo test can be performed

by moving the policy timing three weeks before

or three weeks after the actual time when the
nationwide lockdown policy was announced.12

If the upsurge in price shown in figure 1 at the
cutoff point or the significant price effects esti-
mated in table 1 are caused by the policy change,
then we would not expect a significant price
change around these “artificial” cutoff points.
The results of these alternative placebo tests
are shown in Panel A of the Online Supplemen-
tary Appendix, table A2. The fact that the price
difference around these artificial time cutoff
points is not only small in magnitude but also
insignificant in all the model specifications fur-
ther validates our T-RD results.

Heterogeneous Effects

The significant price increase caused by the
virus and the nationwide lockdown measures
identified so far represents the average effects
across the entire sample. However, it is possi-
ble that the effects of the lockdown measures
may vary by region. For example, the strin-
gency of the lockdown measures in Wuhan
and the other cities in Hubei is much higher
compared with other provinces. Just as we
expect the supply chain to be more disrupted
in Hubei than in other provinces, so also the
vegetable prices. If the supply chain disruption
is the main channel through which the lock-
down affects the price, we also expect that
the vegetable-producing provinces are less

TABLE 2. Impacts of the nationwide lockdown onChinese cabbage price: T-RD estimates with
different bandwidth

(1) (2)

Panel A Conventional
0.445*** 0.543***

(20.19) (36.23)
Panel B Bias corrected

0.438*** 0.456***

(19.84) (30.38)
Panel C Robust

0.438*** 0.456***

(11.95) (19.03)
Effective N 3075 9562
Bandwidth 0.5 × Best Bandwidth 1.5 × Best Bandwidth

Notes: Each cell reports the coefficient ofAfter from one regression with controls for market FE, month FE, the interaction, and a fourth-order polynomial time
trend. In each panel, the dependent variable is ln(Price) and the results are calculatedwith different types of standard errors. Columns 1 and 2 respectively choose
0.5 and 1.5 times the best bandwidth in column 4 of Table 1. t statistics are in parentheses.
* = p < 0.1.
** = p < 0.05.
***= p < 0.01.

11Adding further lags continues to reduce the magnitude of the
coefficient somewhat, but the coefficients of the additional lag var-
iables are not statistically significant, indicating that the higher
order autocorrelation is not present.

12We thank an anonymous reviewer for this excellent
suggestion.
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likely to be affected by the supply chain dis-
ruption compared to the vegetable-importing
provinces. Finally, we expect the effects of
lockdown measures to have larger effects on
areas that are more seriously affected by the
virus because the lockdown measures in these
areas are likely to be harsher. To explore the
heterogeneity effects across these dimensions,
we run the same T-RD regressions across sev-
eral different subsamples.

The results of the heterogeneity regressions
shown in table 3 are largely consistent with our
expectations. Theprice effect appears tobemuch
larger for thewholesalemarkets located inHubei
cities than those located in other provinces (0.59
vs. 0.44). However, the estimated price effect in
the Hubei sample is statistically insignificant,
which is likely caused by the fact that the sample
size in Hubei province is rather small (290 in
Hubei vs. 10,581 for the rest of the country).
The price increase in response to the lockdown

measures is much higher for the wholesale mar-
kets located in provinces, such that much of the
fresh vegetable is imported than those located
in the key vegetable-producing provinces. The
lockdown measures caused the vegetable price
to increase by 50% in the vegetable-importing
provinces versus 36.5% increase in the
vegetable-producing provinces. Finally, the price
hike is much greater in the provinces with the
number of confirmed cases above 100 at the time
of lockdowns than in the provinces whose num-
ber of confirmed cases are below 100.

Results of DID Strategy

DID Specification

Although we have shown that T-RD strategy
is a valid method to identify the immediate

Figure 4. Falsification test: Chinese cabbage price of 2018 and 2019.

Notes: The solid line shows the fit of fourth-order polynomial T-RD estimation and the shaded areas are the 95 percent confidence intervals.

TABLE 3. Heterogeneous effects of the lockdown policy on Chinese cabbage prices

(1) Hubei
province

(2) Non-
Hubei
provinces

(3) Import
provinces

(4) Producing
provinces

(5) High
case
provinces

(6) Low case
provinces

Panel A Conventional
0.594 0.438*** 0.496*** 0.365*** 0.532*** 0.421***

(1.20) (8.92) (6.16) (5.20) (4.33) (7.07)
Panel B Bias corrected

0.634 0.440*** 0.499*** 0.367*** 0.538*** 0.419***

(1.28) (8.96) (6.19) (5.22) (4.37) (7.04)
Panel C Robust

0.634 0.440*** 0.499*** 0.367*** 0.538*** 0.419***

(1.18) (8.27) (5.85) (4.93) (4.00) (6.67)
Effective N 290 10581 5383 5488 1690 9181

Notes: Each cell reports the coefficient ofAfter from one regression with controls for market FE, month FE, the interaction, and a fourth-order polynomial time
trend. In each panel, the dependent variable is ln(Price) and the results are calculated with different types of standard errors. t statistics are in parentheses.
* = p < 0.1.
** = p < 0.05.
***= p < 0.01.
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price surge in response to the nationwide
lockdown measures, a key limitation of the
T-RD estimates is that it does not allow us
to elucidate much about how the effects of
the nationwide lockdown policy on vegeta-
ble price vary over time or respond to the
relaxation or lift of the lockdown policy. In
this section, we employ DID strategy to (a)
show the robustness of the T-RD results,
and (b) explore how the estimated effect
changes over time. More specifically, the
DID estimation equation that allows us to
examine the effects of lockdown measures
on vegetable prices over time can be defined
as follows:

ð2Þ ln P�ricei,τð Þ=
X+ 15

τ = −7
ατI Weeki = τð Þ

+
X+ 15

τ = −7
βτI Weeki = τð Þ×Treat

+ γTreat + λi + δprov

×Treat + λi ×Time+ εi,τ

where ln �Pricei,τ
� �

is the logarithm of average
vegetable price of wholesale market i in week
τ; I(Weeki = τ) is a set of dummy variables
representing the τ-th week before and after
the first-level nationwide lockdown with ‘+’
and ‘-’ signs after and before the nationwide
lockdown, respectively.Weeki =−1 represents
the first week before the nationwide lock-
down,Weeki = 1 represents the first week after

the national level response, and so
on. Especially, Weeki = 6 represents the week
since the emergency response level was low-
ered in twenty-one provinces and thirty-one
provinces inWeeki = 15. Treat is a dummy var-
iable (=1 if time window is from December 1,
2019 to May 7, 2020, and = 0 for the same time
window in previous years); λi is the market
fixed effect. The intersection between δprov
and Treat controls for variables that may
change in provinces across years, such as pop-
ulation, vegetable planting area, and GDP
level. Another intersection term, λi ×Time,
indicates different time trend of each whole-
sale market. The coefficient estimates of βτs
corresponding to all the negative τ (e.g.,
τ = −1… τ = −7) allow us to examine whether
the parallel trend assumption for DID is satis-
fied, and the coefficient estimates of βτs corre-
sponding to all the positive τ (e.g., τ = 1…
τ = 15) indicate week-specific price effects in
response to the lockdown policy.

Results from DID Estimation

The DID results are shown in figure 5 and
table 4. Although figure 5 is much easier to
interpret visually, the magnitude of the price
change is more clearly presented in table 4.
We will present the results using the combina-
tion of figure 5 and table 4. First, the estimated
coefficients for six of the seven prepolicy
weeks (i.e., week −7, … week −2) are not sig-
nificantly different from zero,13 confirming
that the parallel trend assumption is largely
satisfied. Second, figure 5 clearly shows two
episodes of price surges on the right side of
the cutoff point. The first episode of price
surge from week 1 to week 4 is the immediate
price response (as identified by the T-RD
regression) to the implementation of the
nationwide lockdown measures, whereas the
second episode of price surge from week
11 to week 14 is a reaction to the resurgence
of pandemic in a few provinces. The fact that
the price response to the resurgence of the
virus is much less remarkable compared to
the initial lockdown policy is expected for
two reasons: (a) the resurgence itself is more
sporadic, less serious, and short-lived and the
associated control measures were less

Figure 5. Weekly impacts of nationwide
lockdown on Chinese cabbage price.

Notes: The circles are point estimates of DID and the intervals are the
95 percent confidence intervals. The week before lockdown is excluded as
baseline group.

13The coefficients for the pre-policy periods are excluded from
table 5 to avoid the table to be too long. Consistent with figure 5,
except for week −1, the coefficients for week −2, …, week −7
are all statistically insignificant.
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remarkable as well; and (b) people are more
prepared and have learned how to better
adapt to the situation.14

As regards the magnitude of effects, the
price increase immediately after the lockdown
was enforced is large (from 46% points

TABLE 4. Weekly impacts of nationwide lockdown on Chinese cabbage price: DID estimates

(1) (2) (3)

1 week after 0.460*** 0.466*** 0.455***
(9.63) (9.85) (9.38)

2 weeks after 0.496*** 0.501*** 0.486***
(13.83) (13.86) (12.86)

3 weeks after 0.604*** 0.609*** 0.593***
(16.82) (17.05) (15.97)

4 weeks after 0.649*** 0.655*** 0.638***
(14.09) (14.20) (13.19)

5 weeks after 0.607*** 0.614*** 0.594***
(11.97) (12.09) (11.35)

6 weeks after 0.497*** 0.506*** 0.484***
(9.79) (9.96) (9.32)

7 weeks after 0.434*** 0.445*** 0.421***
(9.96) (10.20) (9.44)

8 weeks after 0.358*** 0.370*** 0.344***
(10.64) (11.02) (9.78)

9 weeks after 0.233*** 0.245*** 0.216***
(8.74) (9.44) (7.57)

10 weeks after 0.070** 0.081*** 0.050*
(2.64) (3.23) (1.82)

11 weeks after 0.042 0.053* 0.021
(1.54) (1.96) (0.74)

12 weeks after 0.138*** 0.150*** 0.113***
(4.34) (4.78) (3.41)

13 weeks after 0.210*** 0.222*** 0.183***
(6.36) (7.02) (5.37)

14 weeks after 0.172*** 0.185*** 0.144***
(4.92) (5.47) (4.06)

15 weeks after −0.032 −0.025 −0.071
(−0.85) (−0.67) (−1.70)

Treat 0.253*** 0.246*** 0.263***
(6.92) (6.59) (6.92)

Constant −0.216*** −0.241*** −0.249***
(−5.95) (−11.75) (−11.97)

Market FEs Yes Yes Yes
Week FEs Yes Yes Yes
Province×Treat No Yes Yes
Market×Time No No Yes
Observations 8,370 8,370 8,370
R-squared 0.593 0.617 0.665
Control group 2017Dec.-2018Mar. & 2017Dec.-2018Mar. & 2017Dec.-2018Mar. &

2018Dec.-2019Mar. 2018Dec.-2019Mar. 2018Dec.-2019Mar.

Notes: This table presents the week-by-weekDID impact of the nationwide lockdown on Chinese cabbage price. Dummy I(Weeki = 0) is excluded as the baseline
group, which refers to the week from January 16 to January 22. The coefficients for week = −1 to week = −7 were not reported for the brevity of the table.
Standard errors are clustered at province level and t statistics are in parentheses.
*= p < 0.1.
**= p < 0.05.
***= p < 0.01.

14It is worth pointing out that the resurgence of pandemic in
April mainly occurred in a few key vegetable-producing provinces
(e.g., Heilongjiang, Shanxi, Shanghai). We ran separate regres-
sions for the few provinces with virus resurgence and for the rest
of the country (not reported) and found that although the cabbage
prices were not significantly affected in the provinces, the

resurgence of virus caused cabbage price to rise in the rest of the
country. These findings suggest that the resurgence and the associ-
ated control measures affected the movement of vegetables from
vegetable-producing provinces to other provinces. As a result,
the vegetable prices in other provinces increased due to the reduc-
tion of vegetable supply.
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increase in week 1 to 65% points increase in
week 4) and statistically significant at 1%
throughout, which is highly consistent with
the T-RD results. The price increase started
to level off in week 5 and gradually came down
week by week until week 11 when the price
dropped to the level for the same period in a
normal year. The price rose again from week
11 to week 13, the period when the number
of confirmed cases resurged in a few
provinces. Compared to the price surge in
week 1, the price increase in the second
episode of price surge is much smaller in mag-
nitude (11%–15% point increase in week 12)
and also much shorter lived. The price resur-
gence peaked in week 13 (18%–22% higher
than the same period for a normal year) and
then leveled off in week 14. By week 15, the
price came down to the level of that in a
normal year.

Mechanism Analysis

As discussed earlier, we posit that the main
channel through which the lockdown mea-
sures affect vegetable prices is the disruption
of the agricultural supply chain. In response
to the lockdown and shelter-in-place orders,
strict transportation control and delay of work
have brought great challenges to the vegetable
industry. The necessary seeds, seedlings, and
othermeans of production for vegetable plant-
ing could not be met (Wang 2020; Zhou 2020).
Restrictions on the movement of people led to
misallocation of labor force. Owing to the
implementation of traffic restrictions between
markets, the products in the main vegetable-
producing areas cannot be exported in time,
which leads to the problem of slow sales and
wastage of vegetables, whereas the demand
in the main vegetable-selling areas could not
be fulfilled, leading to higher prices. We inves-
tigate the disruption of supply chain caused by
the lockdown measures in the following
aspects.

Price Disparity

If lockdown measures reduce the movement
of goods across and within cities, then price
dispersion between any two wholesale mar-
kets would arise as expected, when compared
with normal time characterized by restriction-
freemovement of people and goods.We apply

the similar T-RD design for price difference of
market pairs to observe if there is a discontinu-
ity at the cutoff. The T-RDmodel can be spec-
ified as below:

ð3Þ ln Price_dij,t
� �

= β0 + β1After +ϕf timeð Þ

+ χAfter × f timeð Þ+ ηij + γmon + λi × γmon + εij,t

where ln(Price_dij,t) is the logarithm of the
absolute value of price difference between
wholesale market i and wholesale market
j (i ≠ j) at time t; ηij is market-pair FEs; and
all other variables are defined the same way
as in equation (1). We use the absolute value
of price difference between any two wholesale
markets as our measure of price disparity,
which is motivated by other influential studies
in the literature (Jensen 2007; Aker 2010;
Fuje 2019).15 The total number of market-
paired price dispersions is 817,789.

Prior to reporting the T-RD regression
results, we first present the graphical analysis
of the T-RD results. Fourth-order polynomial
is again chosen based on the AIC and BIC cri-
teria. The graphical analysis in figure 6 shows
that the price dispersion between markets
surged up immediately after the implement
of nationwide lockdown policy and trended
down afterward. This pattern of change
reflects that governmental policies to ensure
the supply of food to customers are effective
to narrow the difference of price betweenmar-
kets. To check whether the significant jump in
price dispersion after lockdowns were
imposed was not caused by seasonality or tra-
ditional ceremonial events, we conduct a falsi-
fication analysis by applying T-RD to the 2018
and 2019 data for the same time periods as in
2020. The results are shown in the Online Sup-
plementary Appendix, figureA1. The fact that
the price dispersion in the normal years (either
2018 or 2019) is flat at a relatively low level
over the entire period and similar to the level
in 2020 prior to the lockdown suggests that
(a) the vegetable markets in China in normal
time is highly efficient, and (b) the drastic
jump in price dispersion is indeed caused by

15As a robustness check, we also use the ratio of prices between
two markets (Pi/Pj) as an alternative measure of price disparity,
where we arrange Pi and Pj to ensure Pi > Pj in the pre-policy
period. The results (reported in the Online Supplementary
Appendix, table A4) are consistent with those based on the abso-
lute distance of price difference between two markets. The lock-
down measures led to a significant and large increase in the price
ratio of two markets. We thank an anonymous reviewer for this
suggestion.
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the supply chain disruption in response to the
nationwide lockdown policy.16

The T-RD regression results presented in
table 5 mimic the graphical results. More spe-
cifically, the lockdown policy caused price dis-
persion between a given pair of markets to
almost double (82.9%–87.8%). The effects
are statistically significant at 1% level through-
out. The results are also robust to the choice of
different bandwidths or standard errors
methods (Online Supplementary Appendix,
table A3). The statistically significant and
large surge in price dispersion is convincing
evidence that lockdowns caused serious dis-
ruption to the vegetable supply chain, result-
ing in the price surge of vegetable.

Disruption in Traffic Flow

The surge in price dispersion across markets
caused by the lockdown measures is a clear
indicator of supply chain disruption caused
by the shutdown of roads and transportation.
High dispersion indicates that the markets
are more fragmented due to the disrupted flow
of commodities across markets. To more
directly examine the degree to which the traf-
fic flow was affected by the lockdown

measures, we use data on labor mobility inten-
sity from Harvard and freight volume from
Ministry of Transport of the People’s Republic
of China.17

First, the graphical presentation of the
T-RD results on labormobility intensity shows
a drastic decline in labor mobility intensity
immediately after the national lockdown mea-
sures were enforced (figure 7). This finding is
consistent with our expectation that lockdown
measures caused major traffic disruption and
trade flow. Interestingly, the trend of labor
mobility intensity is almost the reverse trend
of the vegetable price. For example, the labor
mobility intensity experienced a drastic fall
immediately after the lockdown measures
were enforced and reached the lowest level
in a few weeks, around the same period when
the vegetable price peaked. Also, the labor
mobility intensity declined slightly again in
early-mid April in response to the resurgence
of COVID-19 in a few provinces, while the
vegetable price resurged during the same
period. In May, both the vegetable price and
the humanmobility intensity recovered to nor-
mal levels. This evidence is consistent with the
disruption of traffic and trade flows.
A regression analysis was further conducted

to help understand the relationship between
the change in labor mobility intensity and the
change in vegetable prices between 2020 and
the previous years. The results are shown in
table 6. The coefficient of interest is the coeffi-
cient of the interaction term between treat (=1
for 2020, 0 previous years) and labor mobility
intensity. The negative and significant coeffi-
cients for the interaction term across columns
(row 1) confirm that the labor mobility inten-
sity and the vegetable price moved in the
opposite direction from January 29 to May 1.
This finding further confirms that the traffic
disruption associated with the lockdown mea-
sures is the primary reason for the low labor
mobility and high vegetable prices and price
disparity.
The freight volume is a direct indicator of

the traffic flow of goods. The data on freight
volume include the goods transported through
road networks and that through the water net-
works. Unfortunately, we only have monthly
data by province, making more nuanced
changes within each month difficult to deter-
mine. Figure 8 demonstrates two important

Figure 6. Discontinuity in difference of
Chinese cabbage price between markets.

Notes: The solid line shows the fit of fourth-order polynomial RD estimation
based on equation (3) and the shaded areas are the 95 percent confidence
intervals.

16Similar to the case of price change, we also conducted an alter-
native falsification test by moving the policy date three weeks
before or after the announcement of the nationwide lockdown pol-
icy. The results reported in Panel B of the Online Supplementary
Appendix, table A2 show that the “fake cutoff date” has no effect
on price dispersion, further verifying the validity of the T-RD
strategy.

17Source: https://dataverse.harvard.edu/dataverse/covid19 and
http://www.mot.gov.cn/tongjishuju/
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facts. First, in a normal year (2019), the freight
volume is the least in the month of February
because of the Spring Festival Holiday, then

it moves up all the way until November/
December. The shipment of goods slows down
in January as the biggest holiday of the year
approaches. Second, we find a substantial
decline in the freight volume since January
2020 (18.7%, 21.8%, 13.4% in January,
February, and March, respectively), which
suggests a severe disruption of supply chains.
Although we do not have separate data on
the volume of perishable vegetable shipment,
we expect the disruption of fresh vegetable
supply chain to be aggravated, as suggested
by the average figure.

A simple DID regression was run to explore
the relationship between the shock in freight
volume (measured by the difference in freight
volume between 2020 and 2019) and the price
in 2020 relative to the prices in normal years.
TheDID results are shown in table 7. The neg-
ative and significant coefficient on the interac-
tion terms between the freight volume and the
treat (=1 for 2020, 0 previous years) across the

TABLE 5. Impacts of nationwide lockdown on price dispersion (RD estimates) dependent
variable: lnjPi-Pjj

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

After 0.829*** 0.878*** 0.856*** 0.842***

(8.07) (10.10) (9.44) (8.08)
Time −0.00614 0.00520 0.0233 0.0128

(−0.42) (0.35) (1.54) (0.53)
After×Time −0.0556 −0.126*** −0.148*** −0.110*

(−1.19) (−3.54) (−3.67) (−1.81)
Time2 −0.00158 0.000342 −0.00274

(−1.00) (0.15) (−0.54)
After×Time2 0.00879** 0.00870 0.00556

(2.18) (1.38) (0.40)
Time3 −0.0000667 −0.000414

(−0.70) (−1.01)
After×Time3 −0.0000937 0.000836

(−0.41) (0.92)
Time4 −0.0000132

(−1.21)
After×Time4 −0.00000565

(−0.21)
Constant −1.216*** −1.254*** −1.218*** −1.204***

(−33.27) (−37.45) (−34.11) (−29.53)
Market-pair FEs Yes Yes Yes Yes
Month FEs Yes Yes Yes Yes
Market×Month FEs Yes Yes Yes Yes
AIC 63705.33 1.810e+05 3.279e+05 4.367e+05
BIC 63729.89 1.810e+05 3.280e+05 4.368e+05
Best bandwidth 7.55 16.29 29.72 36.21
N 26513 75288 136673 182763
adj. R2 0.259 0.246 0.237 0.241

Notes: The best bandwidth is calculated usingMSE-optimal bandwidth selector for the T-RD treatment effect estimator (MSERD). Standard errors are clustered
at the market level and t statistics are in parentheses.
*= p < 0.1.
**= p < 0.05.
***= p < 0.01.

Figure 7. Discontinuity in labor mobility
intensity between cities.

Notes: The solid line shows the fit of fourth-order polynomial T-RD
estimation and the shaded areas are the 95 percent confidence intervals.
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columns suggests that the change in freight
volume and vegetable price is negatively cor-
related. Put differently, a drastic drop in
freight volume caused by the lockdown mea-
sures is expected to cause the price to go up.

Vegetable Area and Vegetable Price

Another way to test the mechanism of supply
chain disruption is to utilize the fact that vege-
table production capacity is unevenly distrib-
uted across provinces. If the disruption of

supply chain causes shortage of vegetable sup-
ply in the market, then those provinces that
are relatively more
self-sufficient in vegetable supply are less

likely to be affected by the lockdown policy.
To test this hypothesis, we augmented the base
DID model by including per capital vegetable
sown area in each province as well as its inter-
actions with treatment and time variables. The
first row of table 8 shows that a 10% increase
in per capita vegetable sown area would lead
to a reduction of the price hike in response to
the lockdown policy by 1.3% to 2.0%. The

TABLE 6. Association between labor mobility intensity and Chinese cabbage price

(1) (2) (3)

Treat×Labor Mobility
Intensity

−0.120*** −0.139*** −0.138***
(−11.62) (−14.66) (−14.18)

Treat 1.067*** 1.301*** 1.277***
(19.72) (13.54) (12.59)

Labor Mobility Intensity 0.032** 0.041*** 0.038***
(2.29) (2.90) (3.66)

Constant 0.016 −0.033 0.023
(0.29) (−0.70) (0.51)

Market FEs Yes Yes Yes
Day FEs Yes Yes Yes
Province×Treat No Yes Yes
Market×Time No No Yes
Observations 27,927 27,927 27,927
R-squared 0.553 0.607 0.661
Control Group 2018 Jan. -2018 May & 2018 Jan. -2018 May & 2018 Jan. -2018 May &

2019 Jan. -2019 May 2019 Jan. -2019 May 2019 Jan. -2019 May

Notes: The time window of observations is from January 29 to May 1. Standard errors are clustered at the market level and t statistics are in parentheses.
* = p < 0.01.
**= p < 0.05.
***= p < 0.01.

Figure 8. Monthly freight volume in 2020 and 2019 by province.

Notes: The value of the vertical axis starts from 70 instead of zero.
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results are robust to different controls (col-
umns 1–3). The results here also support the
interruption of supply chain channel.

Conclusion

In order to effectively contain the spread of the
COVID- virus, lockdown measures and
shelter-in-place orders have been widely
adopted around the world. Although these
lockdownmeasures are necessary and effective

in many countries, the economic cost of such
measures could be exorbitant. Many govern-
ments and communities have been struggling
to determine virus control measures that could
strike a balance between public health benefits
and economic consequences of such measures.
For the purpose of designing more pragmatic
virus control policies to fight against the current
and future pandemics, it is important to under-
stand different aspects of economics costs of
these stringent measures that helps in guiding
governments and communities.

This study aims to contribute to this impor-
tant debate by focusing on evaluating the

TABLE 7. Effect of transport and traffic on Chinese cabbage price: DID estimates

(1) (2)

Treat×ΔFreight Volume −0.261*** −0.275***
(−3.12) (−3.25)

Treat 0.508*** 0.496***
(12.90) (12.46)

Constant 0.208*** 0.255***
(5.37) (6.71)

Market FEs Yes Yes
Day FEs Yes Yes
Market×Time No Yes
Observations 28,219 28,219
R-squared 0.522 0.581
Control group 2018 Jan. -2018 May & 2018 Jan. -2018 May &

2019 Jan. -2019 May 2019 Jan. -2019 May

Notes: Treat equal to 1 for 2020, equal to 0 otherwise; ΔFreight Volume is the first difference of freight volume between 2020 and 2019. The time window of
observations is from January 29 to May 7, the fifteenth week after lockdown. Standard errors are clustered at the market level and t statistics are in parentheses.
* = p < 0.1.
** = p < 0.05.
***= p < 0.01.

TABLE 8. Effect of vegetable planting area on Chinese cabbage price: DID estimates

(1) (2) (3)

Treat×lnArea −0.127*** −0.201*** −0.188***
(−3.92) (−3.62) (−3.17)

Treat 0.298*** 0.051 0.074
(3.60) (0.34) (0.47)

Constant 0.214*** 0.207*** 0.252***
(5.51) (5.49) (6.86)

Market FEs Yes Yes Yes
Day FEs Yes Yes Yes
Province×Treat No Yes Yes
Market×Time No No Yes
Observations 28,219 28,219 28,219
R-squared 0.523 0.562 0.620
Control group 2018 Jan. -2018 May & 2018 Jan. -2018 May & 2018 Jan. -2018 May &

2019 Jan. -2019 May 2019 Jan. -2019 May 2019 Jan. -2019 May

Notes. The time window of observation is from January 29 to May 7, the fifteenth week after lockdown. Standard error is clustered at market level and t statistics
are in parentheses.
* = p < 0.1.
** = p < 0.05.
***= p < 0.01.
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effects of lockdown measures adopted by the
Chinese government on the level and disper-
sion of vegetable prices. Although this topic
has attracted much attention of policy makers
and academic scholars alike, studies using rig-
orous methods and large and representative
data are rare. In this study, we employ the
combination of T-RD method and DID to
identify and quantify the causal effects of the
strict lockdown policy on vegetable prices
using daily price data from 151 wholesale mar-
kets of Chinese cabbage.

The T-RD and DID results show that the
lockdown policy has a large and significant
effect on the vegetable prices. The daily price
of Chinese cabbage sharply increased by
46% initially and the price increase peaked
by week 4 (65%) before it started to decline
week by week. It is not until week 10 that the
price came down to the level that is expected
in a normal year. The price rose again from
week 11 to week 13 (from the initial 11%–

15% to 18%–22% in week 13) and then
leveled off in week 14. By week 15, the price
finally came down to the level in a
normal year.

The study further confirms that the disrup-
tion of the supply chain mechanism is the driv-
ing force triggering the price surge. Three
pieces of evidence are consistent with this
hypothesis. First, we find that the lockdown
policy led to a significant and substantial
increase in price dispersion, implying that the
vegetable markets across and within cities are
more disintegrated because of the disruption
of traffic flow. Second, data on labor mobility
intensity and freight volume showed a consid-
erable decline in labor mobility and the ship-
ment of goods after the lockdown measures
were implemented, which is a more direct indi-
cation of supply chain disruption. Third, we
also find that the price surge is more pro-
nounced in vegetable-importing provinces
than in vegetable-producing areas and in prov-
inces that grow more vegetables than those
growing less vegetables.

Our findings allow us to draw several policy
implications. First, our results highlight the
importance of designing more flexible policies
that prioritize the smooth flow of perishable
produces that are essential to people’s diet
and health (e.g., vegetables) from producing
provinces to importing provinces during the
lockdown times. Second, the findings also rein-
force the importance of capacity and quality of
warehouse infrastructure. A larger storage
capacity as well as improved preservation

and cold-storage facilities would help in reduc-
ing the price shock caused by the lockdown
measures. Third, when governments design
pandemic relief programs to help their citi-
zens, earmarking a certain amount of funds
to help the poor cover additional financial bur-
den resulting from the price increases of food
items, such as fresh vegetables, is preferred.
Fourth, promoting local field and greenhouse
production of vegetables as a means to gener-
ate income would also help minimize the
impacts of lockdown measures on vegetable
prices.
Although we are thankful for the availabil-

ity of price data at the wholesalemarkets level,
the wholesale market data do not allow us to
answer some other interesting questions. For
example, how do the lockdown measures
affect the vegetable prices at the farm gate?
How do price increases influence farmers’ con-
sumption behaviors toward vegetables in com-
parison with other non-perishable food items?
Finally, how are these effects translated into
household’s welfare? Future research using
farm-level and/or the household-level data
will help in answering some of these important
questions.

Supplementary Material

Supplementary material are available atAmer-
ican Journal of Agricultural Economics online.
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