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Abstract: Based on mobile phone records for 71 million users and location tracking information for one 13 

million users over two years, this study examines labor market impacts of the COVID-19 pandemic in 14 

China’s Guangdong province. Using a standard difference-in-differences framework, our analysis finds that 15 

the pandemic increased unemployment by 27-62% from late January 2020 to the end of September 2020, 16 

much higher than the official statistics. Females, workers older than 40, and migrants are more affected. 17 

Cities that rely more on export or have a higher share of GDP in the hospitality industry but a lower share 18 

in the finance and healthcare industries experienced a more pronounced increase in unemployment. Five 19 

months after the full reopening, employment has not recovered to the pre-pandemic level. This lingering 20 

impact reflects the global nature of the pandemic and the interconnectedness of the world economy. 21 

 22 

Introduction 23 

Effective and targeted policies to address the adverse consequences of the COVID-19 pandemic for the 24 

economy rely on prompt and accurate measures of the labor market effects across different demographic 25 

groups and geographic regions. Traditional measures of labor market outcomes, in particular unemployment 26 

rates, are based on surveys. In addition to the substantial time-lag and limited availability for small 27 

geographic areas, statistics inferred from surveys suffer from considerable uncertainty and are routinely 28 
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revised. Their quality also varies considerably over time due to changes in participation rates, modifications 29 

in the survey methodology, inconsistencies and measurement errors in sample responses, or rotation group 30 

bias (1-7).  31 

 32 

In China, information on unemployment is derived from the number of individuals who registered with the 33 

unemployment benefit agencies prior to 2018 and supplemented by household surveys afterward (8). 34 

Measuring unemployment accurately is particularly challenging due to a large fraction of the population 35 

who do not have local household registrations (Hukou) and hence excluded from the unemployment surveys. 36 

Besides, reporting and aggregation errors, as well as potential data manipulations, have also been 37 

documented (9-12). China’s national unemployment rate varies between a tight range of 3.1%-4.3% over 38 

the past two decades, and the official unemployment rate inched up from 5.3% in January to 6% in June 39 

2020, leading to questions about its reliability (12, 13) especially in the face of rapid and unprecedented 40 

social and economic changes brought about by the pandemic. 41 

 42 

This study leverages high-frequency and high-resolution mobile phone usage data in Guangdong, the most 43 

populous province in China, with a GDP larger than all but the top 12 countries in the world. Our primary 44 

data source consists of mobile phone records for 71 million users and location tracking information for one 45 

million randomly-selected users from January 2018 to September 2020. We examine the pandemic’s labor 46 

market impacts for various demographic groups and across cities with different industrial structures by 47 

employing the standard difference-in-differences (DID) framework. We leverage two unique data features 48 

to bound the impact on unemployment: a) the number of individuals who contact the designated 49 

unemployment benefits agencies via phone, and b) the number of individuals working on-site. 50 

 51 

Several key findings emerge from our analysis. First, the pandemic has increased unemployment by 27-62% 52 

as of September 30, 2020, based on two strategies to measure the unemployment impact described in detail 53 

below. The sharp rise in unemployment is much higher than the government statistics that report an increase 54 

of 13.3% in the unemployment rate (from 2.26 percentage points in January-March to 2.56 percentage points 55 

in July-September) in Guangdong during the same period. In comparison, the national unemployment rate 56 
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released by the National Bureau of Statistics (henceforth NBS) that is based on the monthly survey of urban 57 

unemployment increased from 5.3% in January 2020 to a peak of 6.2% in February and came down to 5.4% 58 

in September 2020, close to the pre-pandemic level.  59 

 60 

Second, nearly five months after Guangdong’s full reopening, the number of individuals who reach out to 61 

unemployment benefits agencies to claim unemployment benefits continues to rise, and employment has not 62 

returned to the pre-pandemic level. The shock of the pandemic on unemployment is highly uneven across 63 

demographic groups and more pronounced among females, people over 40, and especially migrants. The 64 

escalating increase in unemployment among migrants shows no sign of abatement during our sample period. 65 

This echoes a massive reduction in NBS’ reported migrant workers and indicates the possibility of a large-66 

scale layoff among this group.  67 

 68 

Third, the pandemic’s impact is more extensive in cities with a high labor share of hospitality, real estate, or 69 

transportation industries but smaller in cities where employments are concentrated in finance, health care, 70 

or education industries. In addition, the impact is more pronounced in cities that rely heavily on export, 71 

reflecting the global nature of the shock in an interconnected world economy. Industry compositions account 72 

for 36% of the heterogeneity in the pandemic’s unemployment impact across cities, while trade exposure 73 

contributes to 30% of the heterogeneity.  74 

 75 

Lastly, our results speak to the severity of the pandemic’s labor market implications, the uneven impact of 76 

the pandemic, and the importance of conducting analysis at granular levels. In addition, these results 77 

illustrate the rippling effect of the pandemic across cities within a country and countries across the world 78 

through the supply chain and the trade channels. The industry composition of a city (or a country), exposure 79 

to trade, and nature of the supply chain are crucial factors in determining the effect that the pandemic has on 80 

its economy. Our measures help us understand the pandemic’s labor market impact at a granular level and 81 

inform targeted policies to help the most severely affected groups and regions. 82 

 83 

Results 84 
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Data sources and unemployment measures 85 

Researchers in recent studies have used mobile phone data to improve labor market measurements (14, 15), 86 

track human movement in real-time and at a fine spatial scale, and quantify the pandemic’s impact on voting 87 

behaviors, mobility, and social contacts (16-25). Exploiting the increasingly available high-frequency and 88 

high-resolution mobile phone data is particularly advantageous for China, as its cellphone penetration rate 89 

is high among developing countries. According to the 2018 China Family Panel Studies, a nationally 90 

representative longitudinal survey of individuals’ social and economic status, 89% of correspondents sixteen 91 

years and older reported possessing a cellphone. In addition, each household owns 2.5 cellphones on average 92 

(National Bureau of Statistics 2018). Fig. S1 in the Supplementary Material shows a strong correlation 93 

between the number of China Mobile users and the number of residents by cities. Cities with a higher GDP 94 

per capita (represented by the size of the dots in Fig. S1) tend to have higher mobile phone ownership. 95 

 96 

The context of our analysis is Guangdong, the most populous province with the largest provincial GDP in 97 

China. Guangdong contributes to 11% of China’s GDP and around a quarter of China’s foreign trade (China 98 

Statistical Yearbook 2020). Its major cities include Shenzhen and Guangzhou, among the wealthiest and 99 

economically most advanced cities in China. Its economy is widely believed to be the most dynamic and 100 

resilient among all provinces in China (26, 27). Another reason that makes Guangdong particularly relevant 101 

is that Guangdong suffered severely from the 2003 SARS epidemic. In the early stage of the COVID-19, the 102 

provincial government acted swiftly. It adopted vigilant procedures, including locking down cities, 103 

quarantining affected individuals, and releasing the number and location of confirmed cases. These 104 

procedures proved successful and have kept the number of daily confirmed cases under a few handfuls since 105 

the full reopening (Fig. S2 in the Supplementary Material). While helping to reduce the death toll from the 106 

pandemic in Guangdong, these measures could have had significant consequences on the labor market and 107 

the economy in general. 108 

 109 

Our data come from China Mobile, the dominant cellular service provider in China, with 58% of national 110 

mobile service subscribers. We have access to detailed phone usage (encrypted IDs of the calling party and 111 

the receiving party, date of calls, and call duration in seconds) for all of its 71 million users in Guangdong 112 
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Province from January 2018 to September 2020, accounting for 63% of all mobile users in the province. We 113 

observe some user demographic information, such as age, gender, and the place where the phone number is 114 

registered. 115 

 116 

We leverage two features of the mobile phone data to construct unemployment measures. The first feature 117 

is detailed call records (time and duration of each call) to the designated government hotline (12333) for 118 

unemployment benefits. The hotline offers comprehensive one-stop social insurance public service, provides 119 

eligibility information, helps with unemployment registration, and facilitates applications for unemployment 120 

benefits. Relative to filing online or visiting local social security bureaus, calling the designated hotline 121 

12333 is the preferred choice for many due to its simplicity and the all-inclusive help from customer services. 122 

According to a 2016 study on China’s special economic zones, 96% of individuals use 12333 to claim 123 

unemployment office, and only 4% visit local social security bureaus or file online (28).   124 

 125 

Despite the popularity of the hotline, the number of individuals making calls to 12333 provides a lower 126 

bound estimate for the level of unemployment, for the same reasons that make the government official 127 

statistics conservative. Not all unemployed workers reach out to the government agency to claim 128 

unemployment benefits, especially those who are optimistic about finding a new job soon. In addition, the 129 

lifetime unemployment benefits in China are capped at 24 months, thus limiting choices for people who have 130 

exhausted benefits in the past. Therefore, instead of focusing on the level of unemployment calls, our 131 

analysis below exploits its changes. We show that the measure of changes in unemployment calls can 132 

provide useful information on short-run labor market dynamics otherwise unavailable through official 133 

statistics.  134 

 135 

As people might reach out to the hotline multiple times to claim their unemployment benefits, we use the 136 

number of individuals calling 12333, instead of the raw number of calls to 12333, to construct our first 137 

unemployment measure. For brevity, the term “number of individuals calling 12333” and “number of 138 

unemployment calls” are used interchangeably throughout the analysis.  Fig. S3 in the Supplementary 139 

Material plots the number of unemployment calls across cities in 2019. The correlation between city-level 140 
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unemployment calls and the official unemployment rate released by the NBS, which is only available 141 

annually for city-level statistics, is reasonably high at 0.7 in 2019. 142 

 143 

The second feature of the mobile phone data is the location tracking information (in longitude and latitude) 144 

collected by mobile devices during 5-minute intervals except when they are powered off. Researchers have 145 

used such mobile positioning data to study urban and transportation issues (16, 17), though few studies 146 

exploited long panels of location data to examine labor market dynamics (15). We randomly select one 147 

million mobile users and use their location information at 5-minute intervals from January 2018 to 148 

September 2020 to construct their job and home locations. We define the work location as the location where 149 

a user spends at least 5 hours a day between 9 am and 6 pm for at least fifteen workdays in a given month. 150 

The home location is similarly constructed, except that we use the location with the longest duration between 151 

10 pm and 7 am each month. These geocoded locations trace out individuals’ spatial trajectories over time 152 

and allow us to record the time of arrival and departure at job locations.  153 

 154 

We use reductions in the number of people working on-site before and after the lockdown and relative to 155 

2019 as an upper bound estimate on pandemic-induced unemployment. These changes are upper bounds 156 

because some individuals may switch to work remotely after the full reopening. However, we provide 157 

evidence below that the fraction of individuals working remotely is modest post the lockdown. The 158 

Supplemental Material contains more details on our sample size and how we construct various measures for 159 

the labor market outcome. 160 

 161 

Data patterns 162 

The lockdown in Guangdong lasted 32 days from January 23 to February 24, 2020. On February 24, 2020, 163 

Guangdong province entered Phase I reopening, which lasted 76 days. During Phase I reopening, people 164 

were allowed (and in certain industries, people were encouraged) to go back to work and visit outdoor public 165 

places. Phase II reopening, or full reopening, officially started on May 9, 2020. All businesses, including 166 

shopping malls, supermarkets, and restaurants, were allowed to reopen fully. The only exception was movie 167 

theaters that remained closed till mid-July. We delineate the interval from the 60 days before the lockdown 168 
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to the 252 days after the lockdown into four periods: before lockdown (60 days), during the lockdown (32 169 

days), Phase I reopening (76 days), and Phase II full reopening (144 days).  170 

 171 

Our analyses use a standard DID framework and exploit differences in our two key measures of labor market 172 

outcomes between 2020 (the treatment group) and 2019 (the control group). As Guangdong’s lockdown 173 

occurred on January 23, two days before the Chinese New Year on January 25, the most important holiday 174 

in China, it is critical to control this holiday effect directly. Hence, we use the lunar calendar instead of the 175 

standard almanac calendar to define the event date. Specifically, the event date for 2020 is January 23, 2020, 176 

while the event date for 2019 is February 5, 2019, two days before the Chinese New Year in 2019. In other 177 

words, our analyses compare changes in labor market outcomes before and after the event date in 2020 vs. 178 

changes in labor market measures before and after the event date in 2019. 179 

 180 

Fig. 1 depicts the differences in the daily number of unemployment calls between 2019 and 2020. Red bars 181 

indicate more calls in 2020 than in 2019, and blue bars indicate fewer calls in 2020 than in 2019. The daily 182 

number of unemployment calls in 2020 was similar to the 2019 baseline before the lockdown, which supports 183 

the parallel trend assumption underlying the DID strategy. However, it dropped significantly during the 184 

lockdown. The unexpected drop may be attributed to the uncertainty about the severity and duration of the 185 

epidemic during the pandemic’s initial stage. As the severity of the pandemic unfolded in China, the number 186 

of unemployment calls increased sharply one month after the beginning of Phase I reopening, and the trend 187 

continued to the end of our data period. Some of the time-series variations in the bar chart reflect differences 188 

between weekdays and weekends and during holidays. For example, few people reached out to the 189 

unemployment hotline right before the Phase II reopening, which coincides with the International Labor Day, 190 

a 5-day public holiday from May 1 to May 5 in 2020 (event day 100 to event day 104). The dotted black line 191 

shows the cumulative differences in unemployment calls between 2019 and 2020. The cumulative 192 

differences during the first 60 days prior to the event hover around zero, again supporting the view that the 193 

labor market prospects are comparable across the two years before the pandemic. 194 

 195 
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In terms of magnitude, the average number of daily unemployment calls in Guangdong province is 11,828, 196 

with an interquartile range of 11,371. There are a total of 3.31 million unemployment calls from the 197 

lockdown to September 30, 2020, while the number of calls during the same period in 2019 is 2.58 million. 198 

Taken together, these numbers suggest that the pandemic has led to a cumulative 28% increase in 199 

unemployment in our sample period. 200 

 201 

Our second set of labor market measures includes the number of people commuting to work and the amount 202 

of time spent at the workplace conditional on working on-site among one million randomly chosen mobile 203 

users. The average number of daily commuters is 0.48 million individuals in 2019, which is consistent with 204 

the working population ratio in Guangdong (Guangdong Provincial Statistical Yearbook 2020). Fig. 2 205 

presents the daily differences between 2019 and 2020. Similar to Fig. 1, the commuting patterns between 206 

2019 and 2020 displayed few differences before the lockdown, both in terms of daily commuters and hours 207 

worked on-site. The average number of daily commuters is 484,750 (with an interquartile range of 124,690) 208 

and the average hours worked are 8.8 (with an interquartile range of 0.6) pre the pandemic. During the 209 

lockdown in 2020, both the number of commuters and hours worked on-site registered a sharp reduction 210 

relative to those during the same lunar calendar days in 2019, as expected. The drops reached their trough 211 

toward the end of the lockdown, with the number of commuters decreasing by 0.19 million (about 40%) and 212 

the number of hours worked on-site falling by two hours per day. Both series had gradually improved since 213 

Phase I reopening. By September 2020, 144 days after Phase II full reopening, the number of hours working 214 

on-site had returned to the 2019 level. However, the number of commuters has not fully recovered to the 215 

pre-pandemic level. The gap between 2020 and 2019 persists till the end of our sample, with 6.7% fewer 216 

people commuting to work in September 2020 relative to September 2019. 217 

 218 

Regression Analysis 219 

Fig. 1 and Fig. 2 provide compelling evidence that the pandemic significantly hurt the labor market in 2020. 220 

We turn to a regression framework to control for confounding factors and quantify the pandemic’s effect on 221 

unemployment. All regressions include days-to-event (i.e., the number of days from the event), day-of-week, 222 

holiday, treatment group, and neighborhood fixed effects (see the Materials and Methods section below for 223 
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more details). Similar to the discussion on data patterns above, our regression analysis also consists of two 224 

parts. The first part exploits variation in the number of individuals making unemployment calls (or 225 

“unemployment calls” for brevity), while the second part leverages changes in commuting patterns.   226 

 227 

To illustrate the dynamic effect of the pandemic, we present the regression coefficient estimates for all ten-228 

day intervals over the entire event window (𝛽𝛽𝑞𝑞 in Eq. (1)). Panel (a) of Fig. 3 depicts the percentage change 229 

in unemployment calls in 2020 relative to those in 2019. The pre-event coefficient estimates center around 230 

zero and are statistically insignificant, supporting our identification assumption of the parallel trend between 231 

2019 and 2020. Consistent with the descriptive evidence in Fig. 1, unemployment calls dropped during the 232 

lockdown but increased sharply one-month after the Phase I reopening (panel (a)). The trend continued till 233 

the end of September, nearly five months into the Phase II reopening. The increase in the number of 234 

unemployment calls ranges from 20-50% from mid-March to September.  235 

 236 

Panel A of Table 1 presents the coefficient estimates of 𝛽𝛽𝑞𝑞 in Eq. (1), except that the ten-day intervals are 237 

grouped into four periods: before lockdown, during the lockdown, Phase I reopening, and Phase II full 238 

reopening. Column (1) shows the pandemic’s impact on the number of unemployment calls, while column 239 

(2) examines the length of call duration. Echoing results in Fig. 3, the number of calls decreased by 37% 240 

during the lockdown and increased by 25% during Phase I reopening and 45% during Phase II reopening. 241 

The call duration displayed a similar pattern: the average call time dropped during the lockdown but 242 

increased after the reopening. This increase in call duration could be driven by two factors: a) migrant 243 

workers generally need to provide more information to claim unemployment benefits, b) more migrants 244 

applied for unemployment benefits after the reopening.  Around 25% of the workforce in Guangdong are 245 

skilled and unskilled workers who migrated from other provinces (Human Resources and Social Security 246 

Department of Guangdong province, 2018). During the Phase I reopening, migrants returned to Guangdong 247 

after being away during the Chinese New Year national holiday. With a dim job prospect, some migrants 248 

were unable to find a job and began to register for unemployment benefits. In our sample period, the average 249 

duration per call for migrant and non-migrant workers are about 6 and 4 minutes, respectively. In addition, 250 
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as we show below, the number of migrants reaching out to the unemployment hotline skyrocketed after the 251 

reopening. 252 

 253 

Panel B of Table 1 further groups the three periods during and post the lockdown into one group. The 254 

coefficient estimates directly measure the pandemic’s average labor market effect.  Overall, the pandemic 255 

has increased the number of unemployment calls by 27%. This is very similar to the magnitude discussed 256 

above when we compare the raw cumulative number of calls between 2020 and 2019, suggesting that the 257 

role of confounders (as captured by our rich set of fixed effects and controls) is limited. As discussed above, 258 

the level of unemployment calls is a lower bound estimate of the number of unemployed, as not all 259 

individuals who have lost jobs file for unemployment benefits. However, in light of the remarkable similarity 260 

in unemployment calls between 2020 and 2019 prior to the pandemic, the percentage change in 261 

unemployment calls estimated in Table 1 (27%) is likely a reliable measure of the percentage change in the 262 

unemployment rate as a result of the pandemic.  263 

 264 

To examine the pandemic’s differential impacts across demographic groups, we repeat the event study 265 

analysis by gender, age, and migrant status. Coefficients for these event studies are plotted in panels (b)-(d) 266 

of Fig. 3. Specifically, we redefine the dependent variable in Eq. (1) as the difference in the (logarithm) 267 

outcome variable between female and male (panel (b)), between individuals 40 years old and above and 268 

those under 40 (panel (c)), and between migrants and non-migrants (panel (d)). Females are more affected 269 

by the pandemic. The number of unemployment calls by females is 10-15 percentage points higher than that 270 

by males from April to September. Note that this is not driven by females claiming unemployment benefits 271 

on behalf of their family members, which is prohibited in China. As many childcare facilities were closed 272 

during (part of) the pandemic, the increasing demand for home childcare might have played a role in the 273 

more pronounced unemployment impact among females.  274 

 275 

Older workers fared worse than younger cohorts: the number of unemployment calls by workers 40 and 276 

above is around 20 percentage points higher than those under 40. Lastly, migrants are most severely affected 277 

by the pandemic. The unemployment calls by migrants skyrocketed and increased by 120-220 percentage 278 
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points more than calls by non-migrants between April and September, with no signs of abating at the end of 279 

our sample period. According to NBS, there were 291 million migrant workers in 2019, constituting 36% of 280 

the total workforce nationwide. By September 2020, the number dwindled to 179 million. The escalating 281 

number of migrants reaching out to the unemployment benefit office in our sample is consistent with the 282 

massive reduction in NBS’ reported migrant workers and suggests the possibility of a large-scale layoff 283 

among migrant workers. Our results corroborate the existing literature documenting that the least advantaged 284 

social groups, including migrants, are most vulnerable to adverse shocks and risks (29). Finally, the 285 

disproportionately more harsh impacts on females, older workers, and migrants likely reflect the pandemic’s 286 

heterogeneous shocks across industries. These groups are more likely to work in hospitality industries, 287 

including restaurants and hotels, which have been hard hit by the pandemic, and less likely to work in the 288 

less affected education and high-tech industries.  289 

 290 

There is considerable variation across cities in Guangdong in terms of population and GDP (Table S1. In 291 

Supplemental Material). Panel (a) of Fig. 4 examines the impact heterogeneity across cities. The figure 292 

reports coefficients on the interactions of the pandemic treatment variable (which is one from January 23, 293 

2020 to September 30, 2020) and city dummies, following Eq. (2). Heterogeneity across cities is sizeable: 294 

while some cities saw unemployment calls increasing by nearly 70%, a few cities were unscathed or even 295 

experienced reductions in unemployment calls. At least two factors drive the differential effects across cities. 296 

First, cities have different industry compositions. Among the seven cities that experienced the most 297 

significant increase in unemployment calls, the average share of the workforce in hotel and catering, real 298 

estate, and transportation was 13.9% in 2019, while the average share was less than 3% among the seven 299 

least affected cities. To illustrate the heterogeneous impact across industries directly, we run a separate 300 

regression following Eq. (2), where we interact the pandemic treatment variable with city-level labor shares 301 

by industry for all thirteen major industries. Panel (b) of Fig. 4 reports coefficients for all industries. The 302 

hotel and catering, real estate, and transportation sectors experienced the largest increase in unemployment 303 

calls, ceteris paribus. In comparison, the finance, health care, and education sectors witnessed reductions in 304 

unemployment calls after the lockdown in January, consistent with findings using data from other countries 305 

(30, 31). To evaluate the importance of industry compositions, we predict the number of unemployment calls 306 
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in logs (the dependent variable) using coefficient estimates and each city’s observed labor share across 307 

industries and compare the range of predicted values with the observed range of the dependent variable. 308 

Variation in industry composition across cities contributes to 36.3% of changes in the unemployment rate.   309 

 310 

In addition to differences in industrial composition, cities also have differential trade exposure measured by 311 

the total export relative to local GDP in 2019. For the 21 cities in Guangdong, the median export-to-GDP 312 

share in 2019 is 14.7%. Shantou city has the least exposure to international trade, whose export-to-GDP ratio 313 

is only 2.5%. At the other extreme is Dongguan, whose export-to-GDP ratio is 91.0%. As shown in panel 314 

(a) of Fig. 4, the pandemic’s impact on Shantou’s unemployment calls is not statistically significant from 315 

zero, while Dongguan is among the worst-hit cities, with its unemployment calls increasing 56% since the 316 

onset of the pandemic. In Table S2 in the Supplemental Material, we interact the pandemic treatment variable 317 

with a city’s export-to-GDP share. As expected, the interaction coefficient is statistically significant and 318 

positive. A one percentage point increase in 2019’s export-to-GDP ratio is associated with a 0.19% increase 319 

in the number of unemployment calls for a given city. Similar to industry compositions, variation in the 320 

export-to-GDP ratio is also critical and explains 30% of the heterogeneity in the pandemic’s unemployment 321 

impact across cities.  322 

 323 

The sizeable estimates in Table 1 (a 27% increase in the unemployment rate) and the significant 324 

heterogeneity across cities and industries as highlighted in Fig. 4 speak to the severity of the pandemic’s 325 

labor market implications, the uneven impact of the pandemic, and the importance of conducting analysis at 326 

granular levels. In addition, these results illustrate the rippling effect of the pandemic across cities within a 327 

country and countries across the world through the supply chain and the trade channels, where the industry 328 

composition of a city (or a country), nature of the supply chain, and exposure to trade are crucial factors in 329 

determining the effect that the pandemic has on its economy (32-36). 330 

 331 

We now turn to the second set of our analysis that exploits variation in commuting patterns, using the 332 

location tracking data for one million randomly selected users. As some people might switch to working 333 

remotely during and after the lockdown, we treat an individual as commuting to work for a given week if he 334 
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visits his work location at least once that week in the following regression analysis. We experimented with 335 

different criteria of commuting. As shown in the Supplemental Material, our coefficient estimates are 336 

remarkably stable whether we use a two-week window (i.e., counting someone as commuting to work if he 337 

visits his work location at least once in the two-week window), a one-week window, or count commuters on 338 

a daily basis. As most individuals commute within a city boundary, we aggregate the number of commuters 339 

to the city by day level, with a total of 13,052 observations, though results are similar if we aggregate 340 

commuters to the neighborhood level (see Supplemental Material for more detail). 341 

 342 

Fig. 5 uses the same DID framework following Eq. (1) as does Fig 3., except that it presents the percentage 343 

changes for the number of workers who commute to job locations and the work duration on-site. Panel (a) 344 

shows that the number of people who work on-site dropped as much as 40% during the lockdown, as 345 

businesses were temporarily shut down and non-essential workers were prevented from commuting to work.  346 

 347 

During Phase I reopening, the number of people working on-site was 5-25% lower than the 2019 level. When 348 

all businesses were allowed to open during Phase II reopening, the number of people working on-site is still 349 

about 5-10% lower than the 2019 level. This reduction could be attributed to unemployment, or it could be 350 

driven by individuals switching from working on-site to working remotely. To gauge the possibility of 351 

telecommuting, we obtain an exhaustive list of all 21 virtual meeting Apps (including Tencent meeting, 352 

DingDing, Zoom, etc.) in the Apple store and Andriod gallery and examine the usage of these Apps among 353 

individuals during weeks when they do not commute to work. The shares of these individuals using any of 354 

the virtual meeting Apps at least once in weeks when they do not commute to work were 3.1%, 0.9%, and 355 

0.05%, during the lockdown, Phase I, and Phase II reopening periods, respectively. The extremely low 356 

frequency of virtual meeting App usage suggests that these individuals are unlikely to be working remotely 357 

when they stop commuting to their work locations on a continuous basis, especially during Phase II 358 

reopening period. 359 

 360 

Table 2 reports the parameter estimates for the percentage reduction in commuters following Eq. (1). The 361 

number of commuters reduced by 29%, 11%, and 5%, during the lockdown, Phase I reopening, and Phase 362 
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II reopening periods. Using the magnitude for Phase II reopening when all firms are allowed to resume 363 

operation, the five percentage point reduction amounts to 24,238 fewer commuters, or 484,750*5%, per day 364 

relative to the pre-pandemic level. In 2019, the average number of individuals who stopped commuting to 365 

their work location for at least one week and had no new job location was 39,094.  The reduction of 24,238 366 

in Phase II of 2020 implies a 62% increase in the number of individuals who cease commuting relative to 367 

the 2019 level. Granted that some of these individuals might be working remotely, and that some firms might 368 

take longer to resume operation post the lockdown, we treat the 62% increase as an upper bound for the 369 

pandemic’s impact on unemployment in Guangdong province. 370 

 371 

Measuring unemployment at any given point in time is challenging, partly because it depends on each 372 

worker’s unemployment duration. In our commuter analysis above, we use a one-week window and 373 

distinguish between individuals who visit their work locations at least once a week (commuters) and those 374 

with a valid work location but not visit their work location at all in that week. For robustness, we repeat this 375 

entire analysis using a two-week window. Specifically, the average number of individuals who stop 376 

commuting to work for at least two weeks in 2019 is 37,153. At the same time, the pandemic has led to 377 

23,268 (which is 484,750*4.8%) more individuals who stopped commuting in 2020 using the two-week 378 

threshold. Together, these numbers imply a 63% increase in the unemployment rate. 379 

 380 

Note that the number of non-commuters (which is a proxy for unemployment) is similar whether we use the 381 

one-week window or the two-week window. This is consistent with the evidence above that telecommuting 382 

on a full-time basis is limited after the full reopening.  383 

 384 

Panel (b) of Fig. 5 presents changes in the work duration for individuals working on-site. Hours on-site were 385 

reduced by 30% during the lockdown period but had returned to the 2019 level in phase II reopening. These 386 

results suggest that while the extensive margin of the number of commuters is still being impacted by the 387 

pandemic, the intensive margin had returned to the pre-pandemic level. The pandemic does not seem to have 388 

brought about dramatic changes in the nature of working on-site, lending further support to our strategy of 389 

measuring unemployment based on changes in individuals commuting to work. 390 
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 391 

Fig. 6 presents the heterogeneous impacts across demographic groups. The results are qualitatively the same 392 

as those in Fig. 3 that is based on unemployment calls: females, workers over 40, and migrant workers 393 

experienced a more pronounced reduction in commuting since the pandemic. 394 

 395 

Discussion 396 

Our analysis contributes to the recent studies on the broad labor market impacts of the pandemic. To address 397 

the significant delay in official labor market indicators compiled by the Bureau of Labor Statistics, recent 398 

studies on the United States have used (near) real-time surveys to understand the labor market impacts. They 399 

have shown that the COVID-19 pandemic has generated unprecedented impacts on unemployment in terms 400 

of its scale and speed in modern history (37, 38). (39) argues that the BLS unemployment rate, which was 401 

4.5% in March, peaked at 14% in April, and came down at 11% in June, suffers from a downward bias. (37) 402 

documents an unemployment rate of over 20% in May based on an online labor-market survey. (40) use 403 

weekly administrative payroll data and find the aggregate employment fell by 21 percent during the first 404 

four months of 2020.  405 

 406 

Compared to these studies, our mobile phone data benefit from a large sample size and fine resolutions in 407 

both temporal and spatial dimensions. The pandemic’s estimated impact on unemployment (27-62% increase) 408 

in China is much smaller than that in the United States, partly due to the differences in the composition of 409 

the economy between these two countries. The service sector, which has been hard hit by the pandemic, 410 

employs 79% of the workforce and produces 68% of the GDP in the United States, compared to 47% and 411 

50% in China in 2018. In addition, the draconian measures adopted in China to control the pandemic have 412 

reduced the spread of the virus more effectively (41-43) and likely mitigated the impact on the economy as 413 

a result. 414 

 415 

Our findings on the uneven labor market impacts across demographic groups and industries are consistent 416 

with recent studies in other countries, though we conduct the first quantitative analysis on China using large-417 

scale datasets. Based on a real-time survey in the U.S., U.K., and Germany, (30) find that the share of tasks 418 
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that can be done at home is an important determinant of job loss during the pandemic and that less-educated 419 

workers and women are more affected. (31) argues that different from normal economic downturns, the 420 

pandemic could lead to more job losses for women than men due to the more severe impact on the hospitality 421 

industry with high female employment shares and the increased need for childcare from school closures.  422 

 423 

Our analysis further adds to the literature by showing that the pandemic’s adverse impact on the labor market 424 

is more severe in areas that rely more heavily on export and hence more exposed to external shocks through 425 

trade channels. The evidence from Guangdong shows that the detrimental labor market impact lingers on 426 

even five months after the full reopening of the economy. The global nature of the pandemic and 427 

interconnectedness of the world economy could weaken the prospect of recovery as the economic impact in 428 

one country propagates to other parts of the world. 429 

 430 

Materials and Methods 431 

Econometric models 432 

Our analysis employs the standard difference-in-differences (DID) approach by comparing changes in labor 433 

market outcomes in 2020 before and after the event date (when Guangdong implemented the lockdown) 434 

with those before and after the same (lunar) calendar dates in 2019. As Guangdong’s lockdown occurred 435 

two days before the 2020 Chinese New Year, we use the lunar calendar instead of the standard almanac 436 

calendar to define the event date. Specifically, the event date for 2020 is January 23, 2020, while the event 437 

date for 2019 is February 5, 2019, two days before the Chinese New Year in the lunar calendar.  438 

 439 

We use the year 2020 as the treatment group and the year 2019 as the control group. To control for potential 440 

differences in time-varying unobservables, we include a rich set of fixed effects such as day-of-week, days-441 

to-event, holiday, and the treatment group fixed effects. The identification assumption is that after including 442 

these controls, there are no systemic differences in time-varying unobservables between the two groups in 443 

the absence of the pandemic. Results from event studies above support this common trend assumption 444 

between the two groups prior to the event date. 445 

 446 
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We use the following DID framework and ten-day intervals to trace out the dynamic impact of the pandemic 447 

over time: 448 

𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐 = ∑ 𝛽𝛽𝑞𝑞24
𝑞𝑞=−5 ∙ 𝑑𝑑𝑐𝑐 ∙ 𝟏𝟏(𝑡𝑡 ∈ [𝑞𝑞 ∗ 10 + 1, (𝑞𝑞 + 1) ∗ 10]) + 𝛼𝛼𝑐𝑐 + 𝛾𝛾𝑐𝑐 + 𝜂𝜂𝑐𝑐 + 𝜉𝜉𝑐𝑐𝑐𝑐 + 𝜀𝜀𝑐𝑐𝑐𝑐𝑐𝑐 (1) 449 

where 𝑐𝑐 denotes a neighborhood (a cell-tower area in the analysis on unemployment calls or a city in the 450 

analysis on commuting patterns), 𝑖𝑖 denotes the treatment group (the year 2020) or the control group (the year 451 

2019), and 𝑡𝑡 denotes the day from the event/treatment (January 23 in 2020 and February 5 in 2019). The 452 

event window is sixty days before the event and 252 days post the event.  453 

 454 

𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐 is the outcome variable such as the log number of unemployment calls or commuters. We report results 455 

based on log(outcome+1) to avoid taking logarithm over zero, though results based on the inverse hyperbolic 456 

sine function (which is very similar to the log function and can handle zero values) are very similar. 𝛽𝛽𝑞𝑞 are 457 

event-study coefficients, capturing differences between the treatment group and the control group. Variable 458 

𝑑𝑑𝑐𝑐 is a dummy that is equal to one for the treatment group. 𝟏𝟏(. ) is an indicator variable for each 10-day 459 

interval of the sample. We control for neighborhood fixed effects 𝛼𝛼𝑐𝑐, group fixed effects 𝛾𝛾𝑐𝑐 and the 312 460 

days-to-event fixed effects 𝜂𝜂𝑐𝑐. We also control for the holiday fixed effects 𝜉𝜉𝑐𝑐𝑐𝑐 that vary by group and time 461 

(e.g., the International Labor Day holiday falls on different lunar calendar days in 2019 and 2020) as well as 462 

day-of-week fixed effects. Standard errors are clustered at the days-to-event level. 463 

 464 

To further explore the heterogeneity across cities and the importance of industrial composition and trade 465 

exposure, we employ the following specification: 466 

𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑑𝑑𝑐𝑐 ∙ 𝟏𝟏(𝑡𝑡 ∈ [0, 252]) ∙ 𝒁𝒁′𝝉𝝉 + 𝑑𝑑𝑐𝑐 ∙ 𝒁𝒁′𝝁𝝁 + 𝟏𝟏(𝑡𝑡 ∈ [0, 252]) ∙ 𝒁𝒁′𝝆𝝆 + 467 

𝛽𝛽 ∙ 𝑑𝑑𝑐𝑐 ∙ 𝟏𝟏(𝑡𝑡 ∈ [0, 252]) + 𝛼𝛼𝑐𝑐 + 𝛾𝛾𝑐𝑐 + 𝜂𝜂𝑐𝑐 + 𝜉𝜉𝑐𝑐𝑐𝑐 + 𝜀𝜀𝑐𝑐𝑐𝑐𝑐𝑐,         (2) 468 

Where 𝒁𝒁  is a vector of city attributes in 2019 and 𝝉𝝉,𝝁𝝁, 𝝆𝝆  are corresponding coefficients. For example, 𝒁𝒁 469 

could be a city’s labor share in each of the 13 major industries, dummies for the 21 cities, or a city’s export-470 

over-GDP ratio. In addition to the interaction between the pandemic treatment and city attributes, we control 471 

for all lower-level interactions in the regression. Variables 𝑑𝑑𝑐𝑐 and 𝟏𝟏(. ) and the fixed effects 𝛼𝛼𝑐𝑐 , 𝛾𝛾𝑐𝑐 , 𝜂𝜂𝑐𝑐 , 𝜉𝜉𝑐𝑐𝑐𝑐  are 472 
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the same as in Eq. (1). The key coefficient is 𝝉𝝉 , which measures the heterogeneous impact by city 473 

characteristics 𝒁𝒁 based on their values in 2019. Unlike in Eq. (1) where we estimate the pandemic’s impact 474 

for each ten-day interval, here we estimate the average effect 𝝉𝝉 across the three periods (the lockdown, Phase 475 

I, and Phase II) and focus on heterogeneity across industries and cities. 476 

 477 

Sample construction 478 

Our sample consists of a) call records (encrypted IDs of the calling party and the receiving party, date of 479 

calls, and call duration in seconds) for all of China Mobile’s 71 million users in Guangdong Province from 480 

January 2018 to September 2020, and b) location records every five-minute interval for one million randomly 481 

selected users for the same period.  482 

 483 

In our analysis using unemployment calls, we use the number of individuals making calls to the 12333 484 

hotline, instead of the number of calls to 12333, to address the issue that people might reach out to the hotline 485 

multiple times to claim their unemployment benefits. In other words, we only count the first time when a 486 

user reaches out to the unemployment benefit hotline. We aggregate the duration of all subsequent calls 487 

when we measure the duration of calls to the hotline. 488 

 489 

Our main analysis excludes users under the age of 18, as individuals under the age of 18 are subject to the 490 

Law on the Protection of Minors and are unlikely to be working. Results excluding users under the age of 491 

25 (to eliminate those still in school) are almost identical (see Supplementary Material for more detail). 492 

 493 

China Mobile delineates Guangdong province into 787 mobile phone cell-tower areas (similar to zip codes 494 

in the U.S.) for billing purposes. We aggregate the number of unemployment calls by cell-tower-area and 495 

day, with a total of 489,514 observations. All of the regressions using unemployment calls control for cell-496 

tower-area (or neighborhood) fixed effects. 497 

 498 

Some of our analyses examine heterogeneous labor market prospects between migrants and non-migrants. 499 

It is important to note that migrants without Guangdong Hukou who had been working in Guangdong became 500 
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eligible for unemployment benefits since 2014 (44). This was largely designed by the Guangdong 501 

government to attract migrants and to help improve labor relations. As we do not observe whether an 502 

individual has local Hukou status – the official definition of migrants, we use the city where the mobile 503 

phone number is registered as a proxy. Specifically, we define migrants as individuals who registered their 504 

phone numbers outside Guangdong province. This is an imperfect measure of local Hukou status, as workers 505 

from outside Guangdong can buy and register their mobile phones in Guangdong and will be treated as non-506 

migrants in our analysis. Consequently, the actual gap in unemployment between migrants and residents 507 

might be even larger than our estimates.  508 

 509 

To construct work locations for the one-million users, we first identify the location where the user spent the 510 

most time between 9 am and 6 pm during weekdays for each month. If an individual spends at least 5 hours 511 

a day between 9 am and 6 pm for at least fifteen workdays at his primary location for a given month, we 512 

code this location as this individual’s work location for that month. Among the one million mobile users, 513 

the average daily number of commuters is 0.48 million, which is consistent with the working population 514 

ratio in Guangdong (Guangdong Provincial Statistical Yearbook 2020). Home locations are constructed 515 

similarly, except that we use the location with the longest duration between 10 pm and 7 am each month.  516 

Location information from 7 am-9 am and 6 pm-10 pm is discarded because people are likely on the move 517 

during these time intervals. All users have home locations.  518 

 519 

We provide two pieces of evidence that our assignment of home and work locations captures an intuitive 520 

spatial distribution of users in our sample. First, we use the coordinates of work and residential locations to 521 

compute the commuting distance for users with valid job location information. The distribution of 522 

commuting distance decays exponentially (Fig. S4 in the Supplemental Material), which is intuitive. 523 

Additionally, the average commuting distance in our sample period is around 6.6km, close to the average 524 

commuting distance of 6.9km reported in the 2017 travel survey by the Guangzhou Municipal Transportation 525 

Bureau (GMTB) (45). Second, for the city of Guangzhou (the provincial capital city), Fig. S5 in the 526 

Supplementary Material plots the log difference between the number of users at 11 am and the number of 527 

users at 11 pm, averaged separately for weekdays and weekends in 2019. The figure includes all geographic 528 
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locations recorded in the data. On both weekdays and weekends, the center of the city gains population, and 529 

the suburbs lose population during the daytime relative to the nighttime. But these differences are much 530 

more pronounced on weekdays than weekends, especially for the center of the city. For instance, the enlarged 531 

area is a famous industrial park in Guangzhou, which clearly shows that the daytime population is much 532 

larger than the nighttime population. The differences are amplified on weekdays. The spatial pattern of 533 

population density is consistent with those from the report by GMTB (45). 534 

 535 

Finally, for regressions that exploit commuting patterns, we aggregate the number of commuters to the city 536 

by day level, with a total of 13,052 observations. 537 

 538 

 539 

 540 

 541 

 542 

 543 

 544 

 545 

 546 

 547 

 548 

 549 

 550 

 551 

 552 

 553 

 554 

 555 

 556 
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 669 

Fig. 1. Differences in the number of individuals calling 12333 between 2020 and 2019. This graph depicts 670 

the daily number of individuals calling the unemployment-benefit hotline 12333 (in thousands) in 2020 671 

minus that in 2019. The red and blue bars (left y-axis) denote daily differences in the number of individuals 672 

calling 12333 between 2020 and 2019. The dark dash curve (the right y-axis) illustrates the cumulative 673 

difference in the number of individuals calling 12333 since 60 days before the event date. The event days 674 

are based on the lunar calendar. For 2020, the event date (or day zero) is the lockdown, January 23, 2020, 675 

two days before the Chinese New Year. Correspondingly, the event date in 2019 is February 3, 2019, also 676 

two days before the 2019 Chinese New Year. Phase I reopening started on February 24, 2020, 32 days after 677 

the lockdown, when people were allowed to go back to work and visit outdoor public places. Phase II 678 

reopening, or full reopening, started on May 9, 2020, 108 days after the lockdown. Shopping malls, 679 

supermarkets, restaurants were allowed to fully reopen.  680 

 681 

 682 

 683 
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 684 

(a) Differences in daily workers on-site between 2020 and 2019 685 

 686 

(b) Differences in daily work hours among individuals working on-site between 2020 and 2019 687 

Fig. 2. Differences in daily workers on-site and hours on-site between 2020 and 2019. Panel (a) depicts 688 

the daily number of individuals working on-site in 2020 minus that in 2019, and panel (b) depicts the 689 

difference in daily hours working on-site, conditioning on being on-site. The event days are based on the 690 
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lunar calendar. For 2020, the event date (or day zero) is the lockdown, January 23, 2020, two days before 691 

the Chinese New Year. Correspondingly, the event date in 2019 is February 3, 2019, also two days before 692 

the 2019 Chinese New Year. Phase I reopening started on February 24, 2020, 32 days after the lockdown, 693 

when people were allowed to go back to work and visit outdoor public places. Phase II reopening, or full 694 

reopening, started on May 9, 2020, 108 days after the lockdown. Shopping malls, supermarkets, restaurants 695 

were allowed to fully reopen.  696 
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 718 

   (a) All      (b) Female v.s. male 719 

 720 

 721 

 (c) 40 and above v.s. under 40 years old   (d) Migrants v.s. non-migrants 722 

Fig. 3. Event study using unemployment calls. All event-study graphs plot coefficients 𝛽𝛽𝑞𝑞 from Eq. (1), 723 

which are percentage changes in individuals making unemployment calls in 2020 relative to 2019. The 724 

dependent variable is the log number of individuals calling the unemployment-benefit hotline 12333 in panel 725 

(a), the difference between female and male calling the hotline (in logarithm) in panel (b), the difference 726 

between individuals age 40 and above and those below 40-year-old making unemployment calls (in 727 

logarithm) in panel (c), and the difference between non-migrants and migrants making unemployment calls 728 

(in logarithm) in panel (d). All regressions include neighborhood, day-of-week, days-to-event, holiday, and 729 

the treatment group fixed effects. The standard errors are clustered at the days-to-event level.  730 

 731 

The event days are based on the lunar calendar. For 2020, the event date (or day zero) is the lockdown, 732 

January 23, 2020, two days before the Chinese New Year. Correspondingly, the event date in 2019 is 733 

February 3, 2019, also two days before the 2019 Chinese New Year. Phase I reopening started on February 734 
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24, 2020, 32 days after the lockdown, when people were allowed to go back to work and visit outdoor public 735 

places. Phase II reopening, or full reopening, started on May 9, 2020, 108 days after the lockdown. Shopping 736 

malls, supermarkets, restaurants were allowed to fully reopen. 737 

 738 

 739 

 740 

 741 

 742 

 743 

 744 

 745 

 746 

 747 

 748 

 749 

 750 

 751 

 752 

 753 

 754 

 755 

 756 

 757 
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 760 

 761 
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 762 

   (a) By city     (b) By industry 763 

Fig. 4. Heterogeneity across industries and cities. This figure illustrates heterogeneity across cities (panel 764 

(a)) and industries (Panel (b)) following Eq. (2). In panel (a), we add interactions between the after-lockdown 765 

dummy and city fixed effects. In panel (b), we add interactions between the after-lockdown dummy and a 766 

city’s share of employment in each of the 13 industries. A positive change indicates an increase in 767 

unemployment relative to 2019. All regressions include neighborhood, day-of-week, days-to-event, holiday, 768 

and the treatment group fixed effects. The standard errors are clustered at the days-to-event level. 769 

 770 

 771 

 772 

 773 
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 774 

(a) No. of people commuting to work 775 

 776 

(b) Hours working on-site 777 

Fig. 5. Event study on the number of individuals commuting to work and hours working on-site. The 778 

event-study graphs plot coefficients 𝛽𝛽𝑞𝑞  from Eq. (1), which are percentage changes in the number of 779 

individuals commuting to work (panel (a)) and hours on-site conditioning on commuting (panel (b)). All 780 

regressions include city, day-of-week, days-to-event, holiday, and the treatment group fixed effects. The 781 

standard errors are clustered at the days-to-event level.  782 
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The event days are based on the lunar calendar. For 2020, the event date (or day zero) is the lockdown, 783 

January 23, 2020, two days before the Chinese New Year. Correspondingly, the event date in 2019 is 784 

February 3, 2019, also two days before the 2019 Chinese New Year. Phase I reopening started on February 785 

24, 2020, 32 days after the lockdown, when people were allowed to go back to work and visit outdoor public 786 

places. Phase II reopening, or full reopening, started on May 9, 2020, 108 days after the lockdown. Shopping 787 

malls, supermarkets, restaurants were allowed to fully reopen. 788 

 789 
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 810 

  (a) Female v.s. male           (b) 40 and above v.s. under 40 years old 811 

 812 

(c) Migrants v.s. non-migrants 813 

Fig. 6. Heterogeneity in commuting patterns across demographic groups. All event-study graphs plot 814 

coefficients 𝛽𝛽𝑞𝑞  from Eq. (1), which are percentage changes in individuals commuting to work in 2020 815 

relative to 2019. The dependent variable is the difference between female and male commuting to work (in 816 

logarithm) in panel (a), the difference between individuals age 40 and above and those below 40-year-old 817 

commuting to work (in logarithm) in panel (b), and the difference between migrants and non-migrants 818 

commuting to work (in logarithm) in panel (c). All regressions include city, day-of-week, days-to-event, 819 

holiday, and the treatment group fixed effects. The standard errors are clustered at the days-to-event level.  820 

 821 

The event days are based on the lunar calendar. For 2020, the event date (or day zero) is the lockdown, 822 

January 23, 2020, two days before the Chinese New Year. Correspondingly, the event date in 2019 is 823 

February 3, 2019, also two days before the 2019 Chinese New Year. Phase I reopening started on February 824 

24, 2020, 32 days after the lockdown, when people were allowed to go back to work and visit outdoor public 825 
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places. Phase II reopening, or full reopening, started on May 9, 2020, 108 days after the lockdown. Shopping 826 

malls, supermarkets, restaurants were allowed to fully reopen. 827 

 828 

 829 

 830 
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 832 

 833 

 834 

 835 

 836 

 837 

 838 

 839 

 840 

 841 

 842 

 843 

 844 

 845 

 846 

 847 

 848 

 849 

 850 



                                               Manuscript Template                                                                           Page 35 of 52 
 

Table 1. Effects on the number of individuals making unemployment calls and call duration 851 

 （1） （2） 

VARIABLES No. of individuals 
making calls (in log) Duration per call (in log) 

   
Panel A:   
1-30 days before lockdown  0.03 0.03 
 (0.03) (0.04) 
Lockdown period  -0.37*** -0.36*** 
 (0.06) (0.08) 
Phase I re-opening  0.25*** 0.24*** 
 (0.03) (0.05) 
Phase II re-opening  0.45*** 0.56*** 
 (0.02) (0.04) 
   
Panel B:   
Pandemic period 0.27*** 0.33*** 
(Lockdown + Phase I + Phase II) (0.03) (0.03) 
   
Observations 489,514 489,514 
R-squared 0.81 0.57 
Neighborhood FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: Panel A in this table examines the percentage change in the number of individuals making 852 

unemployment calls and call duration as a result of the pandemic following Eq. (1), except that the 853 

ten-day intervals are grouped into four periods: before lockdown, during the lockdown, Phase I 854 

reopening, and Phase II full reopening. In panel B, we combine the three periods during the 855 

lockdown, Phase I reopening, and Phase II full reopening into one dummy variable, named the 856 

‘Pandemic period,’ to examine the average impact of the pandemic. The observations are at the 857 

neighborhood by day level. The dependent variables in columns (1)-(2) are the number of 858 

individuals making unemployment calls (in logarithm) and average duration of unemployment 859 

calls (in seconds, in logarithm), respectively. All columns include neighborhood, day-of-week, 860 

days-to-event, holiday, and the treatment group fixed effects. Standard errors are reported in 861 

parentheses and clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 862 

 863 
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Table 2. Regression results on commuters and working hours 864 

 （1） （2） 
VARIABLES No. of commuters (in log) Working hours (in log) 

   
1-30 days before lockdown (=1) 0.04 0.01 
 (0.02) (0.01) 
Lockdown period (=1) -0.29*** -0.22*** 
 (0.04) (0.02) 
Phase I re-opening (=1) -0.11*** -0.09*** 
 (0.02) (0.01) 
Phase II re-opening (=1) -0.05** -0.01 
 (0.02) (0.01) 
   

Observations 13,052 13,052 
R-squared 0.98 0.89 
City FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table examines the percentage change in the number of commuters and duration of on-site 865 

working hours as a result of the pandemic, following Eq. (1), except that the ten-day intervals are grouped 866 

into four periods: before lockdown, during the lockdown, Phase I reopening, and Phase II full reopening. 867 

The observations are at the city by day level. The dependent variables in columns (1)-(2) are the number of 868 

commuters (in logarithm) and average working hours for commuters (in logarithm), respectively. A user that 869 

commutes to his work location at least once in a given week is coded as a commuter, and those who do not 870 

visit their work location at any time within a given week is coded as a non-commuter.  All columns include 871 

city, day-of-week, days-to-event, holiday, and the treatment group fixed effects. Standard errors are reported 872 

in parentheses and clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 873 

 874 
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 878 

 879 
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Supplementary Materials for 880 

“COVID-19 Pandemic and Unemployment: Evidence from Mobile Phone Data in China” 881 

Panle Jia Barwick, Yongheng Deng, Xinfei Huang, Shanjun Li, Teng Li 882 

 883 

Supplementary Text 884 

 885 

Data description 886 

China’s mobile phone penetration is high among developing countries. Fig. S1 shows a strong correlation 887 

between the number of China Mobile users and the number of residents by cities. Cities with a higher GDP 888 

per capita (represented by the size of the dots in Fig. S1) tend to have higher mobile phone ownership. 889 

 890 

Our data come from China Mobile, the dominant cellular service provider in China, with 58% of national 891 

mobile service subscribers. We have access to detailed phone usage and demographic information for all of 892 

its 71 million users in Guangdong Province from January 2018 to September 2020. We use the number of 893 

individuals calling 12333 instead of the number of calls to 12333 to measure the number of individuals 894 

claiming unemployment benefits, as people might make multiple calls to claim their benefits. Calls that 895 

failed to go through to the receiving party and calls shorter than 30 seconds are excluded from our data.  896 

 897 

An important feature of our mobile phone data is the location tracking information (in longitude and latitude) 898 

that is collected by one million randomly selected mobile devices during 5-minute intervals from January 899 

2018 to September 2020. Recent developments and the widespread diffusion of geospatial data acquisition 900 

technologies have enabled the creation of highly accurate spatial and temporal data (16). Note that passive 901 

collection of geolocation information – which underlies our data collection procedure -- works on all 902 

traditional mobile networks (2G, 3G, or 4G). 903 

 904 

To construct users’ work locations, we first identify the location where the user spent the most time between 905 

9 am and 6 pm during weekdays for each month. If an individual spends at least 5 hours a day between 9 am 906 

and 6 pm for at least fifteen workdays at his primary location for a given month, we code this location as 907 
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this individual’s work location for that month. For each individual and a given month, we define his home 908 

location as the location that has the most frequent usage between 10 pm and 7 am. Phone usage during 7 909 

am-9 am and 6 pm-10 pm is excluded because people are likely on the move during these time intervals.  910 

 911 

To validate our approach of using the number of unemployment calls to proxy for unemployment, Fig. S3 912 

plots the number of unemployment calls across cities in 2019. The correlation between city-level 913 

unemployment calls and the official unemployment rate released by the NBS is reasonably high at 0.7 in 914 

2019.  915 

 916 

To validate our home and work locations, we provide two pieces of evidence. First, we compute the 917 

commuting distance for users with valid job location information. The distribution of commuting distance 918 

decays exponentially (Fig. S4 in the Supplemental Material), which is intuitive. Additionally, the average 919 

commuting distance in our sample period is around 6.6km, which is close to the administrative statistics 920 

(6.9km) by Guangzhou Municipal Transportation Bureau (GMTB) (45). Second, for the city of Guangzhou 921 

(the provincial capital city), Fig. S5 in the Supplementary Material plots the log difference between the 922 

number of users at 11 am and the number of users at 11 pm, averaged separately for weekdays and weekends 923 

in 2019. The figure includes all geographic locations recorded in the data. On both weekdays and weekends, 924 

the center of the city gains population, and the suburbs lose population during the daytime relative to the 925 

nighttime. But these differences are much more pronounced on weekdays than weekends, especially for the 926 

center of the city. To better illustrate the contrast between the day time and night time, we plot the industrial 927 

park in Guangzhou in the enlarged area. It is clear from the enlarged plot that the daytime population is much 928 

larger than the nighttime population, and the differences are amplified on weekdays. 929 

 930 

Guangdong’s lock down 931 

Guangdong’s provincial government acted swiftly and adopted vigilant procedures since the onset of the 932 

pandemic. Guangdong was one of the first provinces to release detailed information (frequency, location, 933 

gender, etc.) on the newly confirmed cases, starting from as early as February 3, 2020. These procedures 934 

proved successful and have kept the number of daily confirmed cases under a few handfuls since the full 935 



                                               Manuscript Template                                                                           Page 39 of 52 
 

reopening (Fig. S2 in the Supplementary Material). As shown in Fig. S2, the daily confirmed new cases 936 

reached a peak of 254 on January 31 and quickly reduced to under 50 three weeks into the lockdown period. 937 

The number of cases has been modest since then and varies between 0 and 34 throughout the Phase I and 938 

Phase II reopening.  939 

 940 

The lockdown in Guangdong lasted 32 days from January 23 to February 24, 2020. The provincial 941 

government issued an order on February 6, 2020 and encouraged workers in some industries to get back to 942 

work after February 24. It is worth noting that the lockdown procedures in Guangdong are not as strict as 943 

the lockdown procedures implemented in the epicenter Wuhan. On February 24, 2020, Guangdong province 944 

entered Phase I reopening, which lasted 76 days. During Phase I reopening, people were allowed (and 945 

encouraged in certain industries) to go back to work and visit outdoor public places. Phase II reopening, or 946 

full reopening, officially started on May 9, 2020, when all businesses, including shopping malls, 947 

supermarkets, and restaurants, were allowed to fully open. The only exception was movie theaters that 948 

remained closed till mid-July.  949 

 950 

While Guangdong’s number of COVID cases is low, it does not imply that the pandemic has a modest or no 951 

effect on the local economy: the measures implemented to reduce the health impact of the pandemic could 952 

significantly affect the economy. As shown in our analysis in the main text, the pandemic has inflicted 953 

sizeable damage to Guangdong’s labor market, leading to a 27%-62% increase in the unemployment rate. 954 

As Guangdong’s economy is among the most vigilant across provinces in China, the aggregate labor market 955 

implications could be much more severe than those suggested by the national statistics.  956 

 957 

Regression Analysis 958 

As Table S1 illustrates, cities in Guangdong differ substantially, in terms of both population and GDP in 959 

2019. Among the 21 cities, Guangzhou has the largest population (15.31 million), while Yunfu only has 2.55 960 

million population. The economy scale of the largest city, Shenzhen, at $390 billion in 2019, is almost 30 961 

times as large as that of the least city, Yunfu. 962 

 963 
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Table S2 uses Eq. (2) to explore the heterogeneous effects by trade exposure, which is measured by the ratio 964 

of a city’s total export to its local GDP in 2019. The interactions between pandemic period dummy and 965 

export-to-GDP share are statistically significant and positive, indicating that cities with larger export-to-966 

GDP shares experienced larger increases in unemployment calls. 967 

 968 

The analysis of commuters in the main text uses the one-week window as a cutoff. Hence a user that 969 

commutes to his work location at least once in a given week is coded as a commuter, and those that do not 970 

visit their work location at any time within a given week are coded as a non-commuter. In Table S3 we 971 

repeat the entire analysis using a two-week window as a cutoff. The estimates are remarkably close to those 972 

in Table 2. Repeating the analysis using daily commuters again in Table S4 leads to very similar estimates 973 

as those in Table 2, consistent with Fig. 2 in the main text. 974 

 975 

As most individuals commute within a city boundary, we aggregate the number of commuters to the city by 976 

day level in the main analysis. Table S5 shows the results are similar to those in Table 2 if we aggregate 977 

commuters to the neighborhood level. 978 

 979 

Our main analysis excludes all users under the age of 18. As some users between the age of 18 and 25 might 980 

still be in schools, we exclude users under the age of 25 as a robustness analysis. Results on the percentage 981 

changes in calls (Table S6) and commuters (Table S7) are nearly identical when we limit to users 25 and 982 

above. 983 

 984 

 985 

 986 

 987 

 988 

 989 

 990 

 991 
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 992 

Fig. S1. Mobile users vs. residents in 2019. This graph presents the relationship between average daily 993 

mobile users and residents for cities in Guangdong in 2019. The solid line is a 45-degree line. The size of 994 

each marker denotes GDP per capita in 2019. We label the city names for those whose GDP per capita in 995 

2019 is above 60,000 RMB (around 8,500 USD). The abbreviated city names are listed in Table S1. 996 

 997 
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 1008 

Fig. S2. Newly confirmed COVID-19 cases in Guangdong province. This graph shows the number of 1009 

daily newly confirmed COVID-19 cases in Guangdong province. The provincial government started to 1010 

report the number of COVID-19 cases on January 10, 2020, 13 days before the lockdown in Guangdong. 1011 
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 1025 

Fig. S3. Unemployment rate by city in 2019 based on the number of individuals making unemployment 1026 

calls. This graph shows our estimated unemployment rate, which is the ratio of individuals making 1027 

unemployment calls over the size of the labor force by city in 2019. The correlation between our 1028 

unemployment measure and the official unemployment measure at the city level is 0.7 in 2019. 1029 

 1030 
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 1037 

 1038 

 1039 

 1040 

 1041 
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 1042 

Fig. S4. The number of people commuting by commuting distance. This graph shows the number of 1043 

people commuting at each distance. We use the coordinates of job and home locations to compute the 1044 

spherical commuting distance. 1045 
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 1059 
(a) Weekdays 1060 

 1061 
(b) Weekends 1062 

Fig. S5. Differences in (log) population during daytime and nighttime in Guangzhou. Panel (a) displays 1063 

the average daily log difference of users during daytime (11 am) and nighttime (11 pm) at the centroid of 1064 

every phone tower on the weekdays of 2019. In contrast, panel (b) shows the same measure on the weekends 1065 

of 2019. 1066 
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Table S1. Cities in Guangdong province 1067 

Cities Population in 2019 (million) GDP in 2019 (billion USD) 
Shenzhen (SZ) 13.44 390.25 

Guangzhou (GZ) 15.31 342.44 
Foshan (FS) 8.16 155.81 

Dongguan (DG) 8.46 137.43 
Huizhou (HZ) 4.88 60.54 
Zhuhai (ZH) 2.02 49.8 

Maoming (MM) 6.41 47.13 
Jiangmen (JM) 4.63 45.6 
Zhongshan (ZS) 3.38 44.94 
Zhanjiang (ZJ) 7.36 44.42 
Shantou (ST) 5.66 39.04 

Zhaoqing (ZQ) 4.19 32.59 
Jieyang (JY) 6.11 30.46 

Qingyuan (QY) 3.89 24.61 
Shaoguan (SG) 3.03 19.11 
Yangjiang (YJ) 2.57 18.73 
Meizhou (MZ) 4.38 17.2 
Chaozhou (CZ) 2.66 15.67 
Shanwei (SW) 3.02 15.66 
Heyuan (HY) 3.11 15.65 
Yunfu (YF) 2.55 13.36 

Note: This table shows the 2019 population and GDP for each city in Guangdong province. Data 1068 

source: The Bureau of Statistics in Guangdong. 1069 

 1070 

 1071 
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 1074 
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Table S2. Heterogeneity by Export-to-GDP ratio 1077 

 （1） （2） 

VARIABLES No. of individuals 
making calls (in log) 

Duration per call  
(in log) 

   
Pandemic period * Export/GDP in 2019 (%) 0.0019*** 0.0019*** 
 (0.03) (0.04) 
Pandemic period (=1) 0.2086*** 0.2688*** 
 (0.0232) (0.0381) 
   
Observations 489,514 489,514 
R-squared 0.80 0.57 
Neighborhood FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table examines whether the pandemic’s effect differs across cities with varying exposure to 1078 

international trade following Eq. (2), where we interact the pandemic treatment with a city’s 2019 export-1079 

to-GDP ratio. The dependent variables in columns (1)-(2) are the number of unemployment calls (in 1080 

logarithm) and average duration of unemployment calls in seconds (in logarithm), respectively. The 1081 

observations are at the neighborhood and day level. All columns include neighborhood, day-of-week, days-1082 

to-event, holiday, and the treatment group fixed effects. Standard errors are reported in parentheses and 1083 

clustered at the days-to-event. ∗ p <0.1, ∗∗ p <0.05, ∗∗∗ p < 0.01.  1084 

 1085 

 1086 

 1087 

 1088 

 1089 

 1090 

 1091 

 1092 
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Table S3. Regression results on commuters and working hours (two-week-window) 1093 

 （1） （2） 
VARIABLES No. of commuters (in log) Working hours (in log) 

   
1-30 days before lockdown (=1) 0.03 0.01 
 (0.02) (0.01) 
Lockdown period (=1) -0.30*** -0.21*** 
 (0.03) (0.02) 
Phase I re-opening (=1) -0.10*** -0.08*** 
 (0.03) (0.01) 
Phase II re-opening (=1) -0.048** -0.02 
 (0.02) (0.02) 
   

Observations 13,052 13,052 
R-squared 0.98 0.90 
City FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table replicates the analysis in Table 2, but uses a two-week window instead of a one-week 1094 

window to define commuters. The dependent variables in columns (1)-(2) are the number of 1095 

commuters (in logarithm) and average working hours for commuters (in logarithm), respectively. A 1096 

user that commutes to his work location at least once in two weeks is coded as a commuter during the 1097 

two-week window, and those who do not visit their work location at any time within that two weeks 1098 

is coded as a non-commuter in those two weeks. All columns include city, day-of-week, days-to-event, 1099 

holiday, and the treatment group fixed effects. Standard errors are reported in parentheses and 1100 

clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 1101 

 1102 

 1103 

 1104 

 1105 

 1106 

 1107 

 1108 
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Table S4. Regression results on commuters and working hours (one-day-window) 1109 

 （1） （2） 
VARIABLES No. of commuters (in log) Working hours (in log) 

   
1-30 days before lockdown (=1) 0.02 0.02 
 (0.02) (0.03) 
Lockdown period (=1) -0.35*** -0.26*** 
 (0.06) (0.03) 
Phase I re-opening (=1) -0.15*** -0.11*** 
 (0.03) (0.02) 
Phase II re-opening (=1) -0.07*** -0.02 
 (0.02) (0.03) 
   

Observations 13,052 13,052 
R-squared 0.97 0.90 
City FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table replicates the analysis in Table 2, but uses a one-day window instead of a one-week window. 1110 

The dependent variables in columns (1)-(2) are the number of commuters (in logarithm) and average working 1111 

hours for commuters (in logarithm), respectively. A user who commutes to his work location on a given day 1112 

is coded as a commuter on that day, and those who do not visit their work location on that day is coded as a 1113 

non-commuter on that day. All columns include city, day-of-week, days-to-event, holiday, and the treatment 1114 

group fixed effects. Standard errors are reported in parentheses and clustered at the days-to-event. ∗ p <0.1, 1115 

∗∗ p < 0.05, ∗∗∗ p < 0.01. 1116 

 1117 

 1118 

 1119 

 1120 

 1121 

 1122 

 1123 
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Table S5. Regression results on commuters and working hours (neighborhood level) 1124 

 （1） （2） 
VARIABLES No. of commuters (in log) Working hours (in log) 

   
1-30 days before lockdown (=1) 0.01 0.01 
 (0.02) (0.03) 
Lockdown period (=1) -0.26*** -0.19*** 
 (0.02) (0.02) 
Phase I re-opening (=1) -0.08*** -0.06*** 
 (0.01) (0.02) 
Phase II re-opening (=1) -0.03*** -0.02 
 (0.01) (0.02) 
   

Observations 489,514 489,514 
R-squared 0.93 0.85 
Neighborhood FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table replicates the analysis in Table 2, except that the data are aggregated to the cell-tower-date 1125 

level (i.e., neighborhood by day). The dependent variables in columns (1)-(2) are the number of commuters 1126 

(in logarithm) and average working hours for commuters (in logarithm), respectively. A user who commutes 1127 

to his work location at least once in a given week is coded as a commuter during that week, and those who 1128 

do not visit their work location at any time within a given week is coded as a non-commuter for that week. 1129 

All columns include neighborhood, day-of-week, days-to-event, holiday, and the treatment group fixed 1130 

effects. Standard errors are reported in parentheses and clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, 1131 

∗∗∗ p < 0.01. 1132 
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Table S6. Effects on number of individuals making unemployment calls and call duration  1140 

(excluding people under 25 years old) 1141 

 （1） （2） 

VARIABLES No. of individuals 
making calls (in log) Duration per call (in log) 

   
Panel A:   
1-30 days before lockdown  0.03 0.03 
 (0.03) (0.04) 
Lockdown period  -0.38*** -0.35*** 
 (0.06) (0.07) 
Phase I re-opening  0.26*** 0.22*** 
 (0.02) (0.05) 
Phase II re-opening  0.43*** 0.58*** 
 (0.02) (0.05) 
   
Panel B:   
Pandemic period 0.27*** 0.32*** 
(Lockdown + Phase I + Phase II) (0.04) (0.03) 
   
Observations 489,514 489,514 
R-squared 0.82 0.59 
Neighborhood FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table replicates the analysis in Table 1, except that individuals under 25 years old are 1142 

excluded from the analysis. The dependent variables in columns (1)-(2) are the number of 1143 

individuals making unemployment calls (in logarithm) and average duration of unemployment 1144 

calls (in seconds, in logarithm), respectively. All columns include neighborhood, day-of-week, 1145 

days-to-event, holiday, and the treatment group fixed effects. Standard errors are reported in 1146 

parentheses and clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 1147 

 1148 

 1149 
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 1153 
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Table S7. Regression results on commuters and working hours  1154 

(excluding people under 25 years old) 1155 

 （1） （2） 
VARIABLES No. of commuters (in log) Working hours (in log) 

   
1-30 days before lockdown (=1) 0.04 0.01 
 (0.02) (0.01) 
Lockdown period (=1) -0.27*** -0.23*** 
 (0.03) (0.02) 
Phase I re-opening (=1) -0.12*** -0.10*** 
 (0.03) (0.02) 
Phase II re-opening (=1) -0.06*** -0.02 
 (0.02) (0.02) 
   

Observations 13,052 13,052 
R-squared 0.98 0.89 
City FE Yes Yes 
Days-to-event FE Yes Yes 
Day-of-week FE Yes Yes 
Holidays FE Yes Yes 
Treatment group FE Yes Yes 

Note: This table replicates the analysis in Table 2, except that individuals under 25 years old are excluded 1156 

from the analysis. The dependent variables in columns (1)-(2) are the number of commuters (in logarithm) 1157 

and average working hours for commuters (in logarithm), respectively. A user that commutes to his work 1158 

location at least once in a given week is coded as a commuter, and those who do not visit their work location 1159 

at any time within a given week is coded as a non-commuter.  All columns include city, day-of-week, days-1160 

to-event, holiday, and the treatment group fixed effects. Standard errors are reported in parentheses and 1161 

clustered at the days-to-event. ∗ p <0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 1162 
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