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Abstract: Understanding the interweaving of human mobility, policy, and the number of COVID-

19 cases can help us better understand the transmission dynamics, build better predictive models, 

and evaluate the effectiveness of the control measures. Taking South Carolina as a case study, we 

report our recent findings of human mobility changes derived from Twitter data at the state and 

county level during the COVID-19 pandemic. Results suggest that the declaration of the State of 

Emergency in mid-March and the home-or-work order in early-April have an immediate impact 

on human mobility in South Carolina. The decrease of daily new cases in mid-April and the 

relatively low daily new cases in May indicate that the reduced mobility, together with other 

mitigation measures taken by the state, have effectively contained the initial phase of the outbreak 

in April and May. We also find that the increase in human mobility has a positive association with 

the number of COVID-19 cases with a delayed effect at both state level and county level. The 

results of this study are expected to benefit local as well as federal authorities for better decision 

making. We are currently in the process of integrating the mobility information to predictive 

models to enhance model performance. 
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Introduction  

The outbreak of Coronavirus disease (COVID-19) caused by the SARS-COV-2 virus is a 

public health emergency that has raised worldwide concerns. As of Aug 12, 2020, there had been 

20,162,474 cases and 737,417 deaths globally [1]. As the new epicenter of the COVID-19 

pandemic, the US has 5,119,711 cases and 163,651 deaths as of Aug 12, 2020, according to the 

U.S. Centers for Disease Control and Prevention (CDC), respectively accounting for 25.4% and 

22.2% of the global statistics. To reduce the transmission of the SARS-COV-2 virus, the US 

declared a National Emergency on March 13 following the declaration of COVID-19 as a 

pandemic by the WHO on March 11. As a result, the majority of the US states started to react 

aggressively by imposing mitigation strategies (e.g., stay-at-home order) after mid-March to 

reduce the transmission in the US [2]. Despite these efforts, however, the second wave of the 

infection hit the US hard after policies and orders were gradually lifted, resulting in a significant 

increase in the number and rate of cases, especially in the southern states [3]. South Carolina 

(SC) is among the many states that experienced staggering increases in infections in May, June, 

and July [4]. As of August 12, 2020, there have been 102,143 confirmed cases and 2,057 deaths 

in SC, as [4]. SC started to aggressively respond to the COVID-19 pandemic in mid-March by 

declaring the State of Emergency. On April 6, SC Governor Henry McMaster issued the “home-

or-work” order, which took effect on the next day [5]. The order requires all residents and 

visitors of SC to limit social interaction and movement outside homes, practice social distancing, 

and take every possible precaution to avoid potential exposure to COVID-19. Lasting for only 27 

days, however, the order was lifted in SC on May 4 [6].  

To contain the COVID-19 pandemic, non-pharmacological control measures, e.g., social 

distancing guidelines, stay-at-home orders, and home-or-work orders, are widely applied with 

the goal to reduce the transmission rate of SARS-COV-2 in the population by limiting human 

mobility and interaction. Such measures have been proven to be effective not only during the 

COVID-19 pandemic [7-10] but also during other epidemics [11-12], as evidenced by a decline 

in transmission rates after the implementation of mobility-reducing policies. During the COVID-

19 pandemic, notable mobility reduction following mitigation measures has been documented by 

many studies at various scales [13-17]. Understanding the interweaving of human mobility, 

policy, and the number of new COVID-19 cases can help us better understand the transmission 

dynamics, build better predictive models, and evaluate the effectiveness of the control measures.   

In SC, the home-or-work order, though lasting only 27 days, had significantly impacted 

every aspect of the society, as people purposely limited their travels when the order was being 

enforced, which has been revealed by a variety of mobility data sources, including Google 

mobility report [19], Apple mobility report [20], cellular records [21], and social media data [13]. 

Despite the documented mobility reduction, few studies investigate the origin-destination 

patterns and the association among human mobility, state policies, and confirmed cases. With the 

order lifted on May 4, SC has seen a large surge in the number of COVID-19 cases. It is reported 

that Myrtle Beach, a popular vacation destination in SC, has received massive tourists after it 

was reopened in June [22], which potentially worsened the situation. We believe that the linkage 
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between the surge of COVID-19 cases and increases in human mobility after lifting of stay at 

home orders in SC deserves further investigation. 

Using geotagged Twitter data as the data source and taking South Carolina as the study 

case, we explore and visualize human mobility changes and population flows during the COVID-

19 pandemic at the state level and county level. We further examine the potential associations 

between human mobility, state policies, and COVID-19 cases. The spatiotemporal mobility 

patterns revealed is expected to benefit local and federal authorities. 

Data and Methods  

Over 197 million geotagged tweets within the US from January 1 to June 30, 2020, are 

collected using the free public Twitter Streaming Application Programming Interface (API, 

https://developer.twitter.com/). These tweets are stored, managed, and processed in an in-house 

Hadoop cluster. The state and county level daily new confirmed COVID-19 cases data from 

February to June 30, 2020, are downloaded from the New York Times 

(https://github.com/nytimes/covid-19-data). The major COVID-19 related policies in South 

Carolina are collected from the news reports. 

We compute the average cross-day daily travel distance as a proxy of human mobility, 

using geotagged tweets in both state and county level following the method in [13]. We then 

examine the mobility changes spatially and temporally to reveal the spatiotemporal patterns.  We 

visualize the daily new COVID-19 cases of states in the US and counties in SC with temporal 

heat maps to show the changes over time.  Exploratory analysis is performed to examine the 

associations between the mitigation policies, human mobility, and confirmed cases. Statistical 

analysis is further performed to examine the associations between human mobility and confirmed 

cases at the state level. We select Horry County where Myrtle Beach is located, as an example 

for county level analysis. Besides calculating the daily travel distance, we extract and visualize 

the population flows traveling to and from Horry County in May and June 2020. We further 

derive the daily number of Twitter visitors in Horry County following the method detailed in 

[23] and compare it with 2019 data to reveal the impact of the pandemic on people’s travel.  

Results 

 

State level analysis 

 

Figure 1 shows an overview of the mobility changes across the nation for six selected days 

(Sundays) from March to June 2020. Figure 1A shows the mobility pattern on March 1 before the 

pandemic declaration. The mobility decreased in March (Figure 1B), and a further decrease is 

observed in April (Figure 1C). With the lifting of restrictions across the nation, most states show 

increased mobility starting in May (Figure 1D) and continue to increase in June (Figure 1E, F). 

While SC, in general, follows a similar mobility trend as other states, it shows higher mobility than 

its neighboring states in May and June (Figure 1 D, E, F).  

https://developer.twitter.com/
https://github.com/nytimes/covid-19-data
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Figure 1. State average travel distance on selected days (Sunday) from March to June 2020 

 

Figure 2 shows the daily average travel distance and daily new COVID-19 cases from 

February to July in SC. The data for movement distance are from February 21 to June 30 (blue 

dash line). The data for new cases are from March 6 to July 10 (orange dash line). The 7-day 

moving average of the two datasets is presented as solid lines. Selected COVID-19 related policies 

(measures) in the state are indicated with text and vertical lines. This figure reveals that policies 

(such as stay-at-home measures and reopening facilities) have an immediate impact on human 

mobility. For example, we see a dramatic drop in travel distance following the declaration of State 

of Emergency, from 28.6 miles on March 13 to 6.4 miles on March 24. The mobility remains at a 

low-level during extension of renewal deadlines of the declaration of State of Emergency until 

mid-April. With a series of restrictions being progressively lifted since April 20, the mobility 

increases accordingly. When visually comparing the two lines, the reduced mobility (together with 

other measures taken by the state), has contained the initial phase of the outbreak in April and May 

as we saw a slight decrease in the number of daily new cases starting around April 10. The trend 

of the two lines also suggests that the increase of human mobility from mid-April has a positive 

association with COVID-19 cases with a delayed effect. The increasing mobility after a series of 

restrictions being progressively lifted since April 20, followed by a second wave of infections 

again raises the question of whether the state opens too soon. 

To further examine the association between daily average travel distance and daily new 

cases, a scatter plot is created using a 14-day lag between the two variables (Figure 3). The 

movement data are from March 17 to June 26, 2020, and new cases data are from March 31 to 

July 10, 2020. When fitted with the exponential line, the R-square is 0.59, indicating that the 

daily travel distance explains 59% of variations of the daily new cases in SC during the study 

period with a 14-day lag. This finding suggests and reinforces that integrating human mobility 

into predictive modeling is likely to provide a better estimation of future infected cases. 
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Figure 2. Daily confirmed new cases and average travel distance in South Carolina. 

 

 
Figure 3. Correlation between daily new COVID-19 cases and average travel distance in South 

Carolina with a 14-day lag 
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Horry County of South Carolina 

Myrtle Beach (located in Horry County of SC) became a coronavirus hotspot in June 

2020. Figure 4 is a heat map visualization of the county level daily new COVID-19 cases from 

March to July 10, 2020 in SC. Each vertical bar indicates a county, and the vertical axis 

represents the dates. As indicated in the heat map, Horry County, along with several other 

counties, including Greenville, Charleston, Lexington, and Richland, experienced a high number 

of daily cases in late June and early July (data is collected up to July 10, 2020). In this study, we 

further analyze Horry County to explore the potential role human mobility plays in the outbreak 

and impact of policies at the county level. 

 

 
Figure 4. Heat map of daily new COVID-19 cases of SC counties from March to July 10, 2020. 

 

Figure 5 shows daily average human movement distance and daily new COVID-19 cases 

from February to July in Horry County. Some selected policies (measures) in SC are indicated in 

the diagram. The data for movement distance is from February 21 to June 30 (blue dash line). 
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The data for new cases is from Mar. 15 to July 10 (orange dash line). The 7-day moving average 

of the two datasets is presented as solid lines. When compared with Figure 2, both human 

mobility and daily new cases in Horry County show similar trends to the whole state. Figure 5 

again suggests the increase of mobility has a positive association with COVID-19 cases in Horry 

County. Different from the state level trend, mobility in Horry County reached and exceeded the 

January and February level in June.  

 

Figure 5. Daily confirmed new cases and average travel distance in Horry County, South 

Carolina. Selected policies are indicated with text. 

Considering that Horry County (Myrtle Beach) is one of the top beach destinations in the 

US, tourism activities might play a significant role in the increase of human mobility observed 

since late April. To explore the tourism effect, we derive the daily number of Twitter visitors in 

Horry County following methods in [23] from January 1 to June 30, 2020 (Figure 6).  In general, 

the trend of daily visitors is similar to the daily average travel distances. For both daily travel 

distance (Figure 5) and visitors (Figure 6), since late May, the values have reached the previous 

level of Jan. and Feb. In some days, it even surpassed the values before the pandemic. 
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Figure 6. Number of daily Twitter visitors in Horry County from Jan. 1 to Jun. 30, 2020 

 

Since counties with tourist attractions might exhibit seasonal patterns of visitations (e.g., 

more visitors during the summer), we further derive the daily Twitter visitors in 2019 for 

comparison. Figure 7 shows the daily number of Twitter visitors in Myrtle Beach in 2019 (blue 

line, from January 1 to December 31) and 2020 (from January 1 to June 30, orange line). The 

ratio of the aggregated monthly visitors between 2020 and 2019 is provided as percentages for 

each month (the number of monthly visitors in 2020 divided by the number of monthly visitors 

in 2019). 2019 and 2020 show similar patterns in January and February (blue line and orange 

line generally overlap with each other before March) before the pandemic. The consistency of 

daily Twitter visitors in January and February between the two years, in part, demonstrates the 

validity of the data and our visitor calculation method. The 2020 pattern starts to deviate from 

2019 in early March due to the pandemic, with March receiving 59.6% of visitors of 2019 and 

April receiving only 20.6%. While we see a dramatic increase in visitors in May and June of 

2020, the county still receives far fewer visitors compared to 2019, with 66.1% in May and 

58.4% in June. 

Figure 8 shows the population flows (captured from Twitter) to and from Horry County 

in May and June of 2020. Further analysis reveals that 56.16 percent of the travels occurred 

within SC 23.67 percent from North Carolina (NC), followed by Virginia (VA) (4.10), Ohio 

(OH) (2.22), Tennessee (TN) (1.83), Florida (FL) (1.53), West Virginia (WA) (1.53), Maryland 

(MAMD) (1.14), and others (5.73). Note that local flows with a distance less than 50 miles are 

not included in the calculation.   
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Figure 7. The daily number of Twitter visitors in Horry County in 2019 (blue line) and 2020 

(orange line). The ratio of monthly visitors between 2020 and 2019 is provided as percentages 

 

 
Figure 8. Population flows (captured from Twitter) to and from Horry County in May and June 

2020 (visualized with kepler.gl, base map provided by mapbox.com). Each line indicates a user 

movement from day one to day two (the next day). The yellow end of the line denotes the origin, 

and the purple end denotes the destination. Brightness indicates movement intensity. 

 

Discussion  

Our study reveals that, in general, the declaration of State of Emergency, the home-or-

work order, together with the enforcement of other mobility-reducing measures, were effectively 
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implemented in SC, evidenced by the immediate and considerable reduction in travel distance in 

SC and number of visitors in Horry County, where Myrtle Beach, a popular tourist attraction in 

SC, is located. The declaration of State of Emergency on March 13 initiates the human mobility 

reduction while the home-or-work order keeps the mobility at a low level throughout the entire 

April. The significant mobility drop in March and April is achieved by the collaborative efforts 

of residents, whether voluntarily or compulsorily due to strict regulations. In tandem with the 

low mobility in SC was the low number of confirmed COVID-19 cases, suggesting that the 

initial phase of the outbreak in SC was effectively contained and the curve was significantly 

flattened in March and April. 

With the gradually lifted orders, however, the travel distance in SC clearly gained strong 

upward momentum in May. Temporarily associated with the increase in mobility is a surge of 

cases in SC. The strong recovery in mobility and the noticeable increase in the number of visitors 

at Horry County lasted throughout May and June. Although the number of visitors is lower than 

the corresponding time period in the previous year, the ratios of visitors between 2020 and 2019 

have considerably increased in May and June, compared to April. Without further intervention, 

Horry County, in its peak season (usually July and August), is expected to attract more visitors 

from all over the US. Given the strong positive correlation between human mobility and 

confirmed cases, the increasing number of visitors and the intense human movement are likely to 

further fuel the COVID-19 pandemic, placing pressure on the mitigation efforts in not only SC 

but also the US in general. 

The results of this study should be interpreted in light of the following limitations. First, 

the spatiotemporal human mobility patterns derived in this study are extracted from geotagged 

tweets, whose representativeness may not reflect the characteristics of the general population 

(e.g., biased towards the young population and groups with certain socioeconomic status [24-

25]). Second, the sample size for the travel distance calculation varies daily, potentially 

introducing a certain degree of uncertainties (e.g., travel distance calculated by large sample size 

is more reliable than the one calculated by small sample size), leading to unstable time series of 

travel distance. Third, we applied a 14-day lag when comparing daily average travel distance 

with daily new cases. However, more options in lag need to be investigated. In addition, as 

associations do not necessarily imply causations [26], future studies are needed to explicitly 

explore the causation between human mobility of COVID-19 cases. Finally, it is important to 

note that the extraction of Twitter visitors does not account for the abnormal tweeting activity 

during special events [23]. The change in tweeting behavior presumably leads to the fluctuation 

in numbers of identified Twitter visitors at the state and county level. 

Conclusion  

Taking SC as a case and using Twitter as the major human mobility data source, this 

article reports our recent findings of human mobility changes at the state and county level during 

the COVID-19 pandemic. Results suggest that the declaration of State of Emergency in mid-

March and the issue of home-or-work order in early-April have an immediate impact on human 

mobility in SC. The decrease of daily new cases in mid-April and the relatively low daily new 
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cases in May indicate that the reduced mobility, together with other mitigation measures taken 

by the state, have effectively contained the initial phase of the outbreak in April and May. The 

preliminary findings also suggest that the increase of mobility has a positive association with 

COVID-19 cases with a delayed effect at both state level and county level. We are currently in 

the process of integrating the mobility information to predictive models to enhance model 

performance. We are also comparing and integrating human mobility derived from Twitter data 

with other data sources, including Google mobility data, Apple mobility data, and mobile phone 

data, to gain a more comprehensive picture of human movement during the pandemic [14]. 
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