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Abstract

Background: Population mobility is closely associated with coronavirus 2019 (COVID-19)
transmission, and it could be used as a proximal indicator to predict future outbreaks, which
could inform proactive non-pharmaceutical interventions for disease control. South Carolina (SC)
isone of the states which reopened early and then suffered from a sharp increase of COVID-19.
Objective: To examine the spatial-temporal relationship between population mobility and
COVID-19 outbreaks and use population mobility to predict daily new cases at both state- and
county- levelsin SC.

Methods: Thislongitudinal study used disease surveillance data and Twitter-based population
mobility data from March 6 to November 11, 2020 in SC and its top five counties with the
largest number of cumulative confirmed cases. Daily new case was calculated by subtracting the
cumulative confirmed cases of previous day from the total cases. Population mobility was
assessed using the number of users with travel distance larger than 0.5 mile which was calculated
based on their geotagged twitters. Poisson count time series model was employed to carry out the
research goals.

Results: Population mobility was positively associated with state-level daily COVID-19
incidence and those of the top five counties (i.e., Charleston, Greenville, Horry, Spartanburg,
Richland). At the state-level, final modd with time window within the last 7-day had the
smallest prediction error, and the prediction accuracy was as high as 98.7%, 90.9%, and 81.6%
for the next 3-, 7-, 14- days, respectively. Among Charleston, Greenville, Horry, Spartanburg,
and Richland counties, the best predictive models were established based on their observationsin
thelast 9-, 14-, 28-, 20-, and 9- days, respectively. The 14-day prediction accuracy ranged from

60.3% to 74.5%.
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Conclusions: Population mobility was positively associated with COVID-19 incidences at both
state- and county- levelsin SC. Using Twitter-based mobility data could provide acceptable
prediction for COVID-19 daily new cases. Population mobility measured via social media
platform could inform proactive measures and resource relocations to curb disease outbreaks and
their negative influences.

Keywords: COVID-19; Mohility; Incidence; South Carolina
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Introduction

Sincethe first confirmed case of Coronavirus Disease 2019 (COVID-19) in the United
States (US) on January 21, 2020, the countrywide COV ID-19 outbreaks have surged quickly. As
of December 29, there were 19,566,140 cumulative confirmed cases and 338,769 COVID-19
related deathsin US [1]. South Carolina (SC), a state located in Southeastern US, had the first
confirmed cases on March 6, 2020. From March to May, the trends of daily new cases were flat
with an average of daily increased cases less than 500. However, after the early implementation
of reopening policies, the daily new casesin SC have risen sharply since June. On July 14, the
COVID-19 casesin SC surpassed 60,000, with more than 2,200 daily new cases, the second
highest increase in one day in the US[2]. Between August and October, the transmission rate
slowed down with the further implementation of non-pharmaceutical interventions (NPIs), such
as dine-in service restriction and face-covering requirement, but increased steadily after October.
By December 29, there were 300,602 reported cases and 5,198 deathsin SC [3]. Given the rapid
transmission of COVID-19 in SC, more research is needed to identify potential early predictors
of increasing transmission rates which could then be used to inform proactive NPIs to suppress
statewide disease transmission.

Population mobility is a potential early indicator of COVID transmission as population
mobility reflects the influences (both positive and negative) of NPIs, reopening actions, social
distancing practices and public holidays [4-6]. For instance, at the early stage of COVID-19
epidemic, the SC Governor issued a series of NPIs, such as shelter-in-place and school and non-
essential business closure, to reduce socia interaction. These NPIs showed positive effectsin
suppressing the statewide COVID-19 spread. Later in May, the reopening policies and public

holidays diluted the implementation of NPIs leading to the increased social interactions and
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statewide COVID-19 spread [7,8]. At present, it may be difficult to measure the real-time impact
of reopening policies, public holidays and fidelity of NPIs implementation. Therefore, population
mobility could be a proximal indicator allowing for real-time COVID-19 transmission
forecasting.

Socia media platforms, such as Twitter, collect geospatial information and closely
monitor the change of population mobility [9,10]. Indeed, the tremendous volume of user-
generated geoinformation from social media helps promote the real-time or near real-time
surveillance of population mobility and provides timely data on how population mobility
responded to different phases of COVID-19 outbreak, policy reactions, and public holidays [11-
13]. Severa studies have leveraged mobility data from social media (e.g., Google, Facebook,
Twitter) to investigate the relationshi ps between population mobility and COVID-19
transmission [6,8,14-16]. These studies identified a consistently positive rel ationship between
population mobility and COVID-19 incidence. However, few studies used population mobility as
a predictor to forecast further outbreaks and to evaluate the prediction accuracy in addition to
correlation analysis. One study by Wang and Y amamoto predicted COVID-19 daily new casesin
Arizona using disease surveillance data, Google Community Mobility report, and partial
differential equation. They found acceptable prediction for the next 3-day [16]. This study only
classified Arizona into three regions (i.e., central, northern, southern of Arizona) and evaluated
the prediction accuracy for the next 3-day which did not cover the duration of viral incubation
(i.e., 14-day). More studies are needed to investigate the relationship between population
mobility using social media data and COVID-19 transmission at both state- and county- levels

and over longer timeframes.
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Leveraging disease surveillance data and Twitter-based population mobility, the current
study aimed to construct time series models of COVID-19 daily new cases, investigate the
relationship between them, and evaluate the prediction accuracy of daily new cases for the next
two-week window at both state- and county- levelsin SC.

Methods
COVID-19 incidence data

Cumulative confirmed cases of COVID-19 through November 11, 2020 at both state- and
county-levelsin SC were collected from The New Y ork Times, which was deposited in Github
[17]. Within the study period (March 6, 2020 [date of 1¥ COVID diagnosisin SC] to November
11, 2020 [251% day]), daily new cases were calculated by subtracting the cumulative confirmed
cases of previous day from the total cases for the entire state and its five counties with largest
numbers of cumulative confirmed cases (i.e., Charleston, Greenville, Horry, Spartanburg, and
Richland). The study protocol was approved by the Institutional Review Boards at the University
of South Carolina.

Population mobility

Population mobility was assessed using the number of people (Twitter users) with
moving distance larger than 0.5 mile per day in SC and the selected counties. The methodology
of extracting daily population movement (origin-destination flows) from geotagged tweetsis
discussed elsewhere [18,19]. Briefly, geotagged tweets during the study periods were collected
and used for calculation. Only users who post at |east twice aday or posted tweets on at |least two
consecutive days were included in the calculation. Daily travel distance was calculated for each

user based on the derived origin-destination flows and used to generate a variable of how many
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people moved each day (with travel distance larger than 0.5 mile). This method of capturing
population mobility through Twitter has been previously validated [18].
Satistical analysis

First, daily new cases of COVID-19 and population mobility at both state- and county-
levels were described using line chartsin R version 3.6.3 (The R Foundation, “ggplot” package).
Daily new cases and mobility were also described using fives quantiles (i.e., minimum, 25"
percentile, 50 percentile, 75™ percentile, and maximum) by each month.

Second, Poisson count time series model was used to model the impact of population
mobility on the daily new cases of COVID-19 at state-level. Time series models were built at the
various time windows. At the first round selection, atotal of 17 time windows (by a 7-day
increment) were considered including 1 to 7 days, 1 to 14 days,..., and 1 to 119 days. The daily
new cases from the 1% to 234" days were used as the training dataset and those from the next 3-
day (235" ~ 237" were used as testing dataset for the purpose of model evaluation. With the
smallest prediction error (Formula 1) and good interpretation, the predictive model with the best
time window was selected. After the best time window in the first round selection was
determined, second and third round selections were conducted to narrow down the time window
and obtain the final model with the smallest prediction error. The final model was used to predict
the COVID-19 daily new cases for the next 3-, 7-, and 14- days (238" ~ 251% days). Cumulative
difference (Formula 2) between observed and predicted cases and mean absolute percentage

accuracy (Formula 3) by each timeframe were reported.*®

\/me (M)Z Formulal

Xo

Yii=1|xo — x| Formula 2
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1— Yi=1|%0 ~xp|

S Formula 3
Notes: d: day; n: next 3-, 7-, or 14- days; 0: observed value; p: predicted value; x: daily new
Cases.

Finally, asimilar analytic procedure was performed to construct the final model at the
county-level for each of the top five counties (i.e., Charleston, Greenville, Horry, Spartanburg,
and Richland) in SC. Poisson count time series model was conduct using the R package
(“tscount™).

Results
Descriptive statistics

Table 1 shows the descriptive statistics of COVID-19 new cases, and Figure 1 shows the
changes of COVID-19 daily new cases at both state- and county-levels. By October 31, there
were 176,612 cumulative COVID-19 confirmed casesin SC. The cumulative confirmed casesin
Charleston, Greenville, Horry, Spartanburg, and Richland were 17,384, 18,021, 12,591, 9,290,
and 17,531, respectively. At the state-level, the daily new cases from March to the end of May
were less than 500. From June to the middle of July, the daily new cases elevated, with 2,217
new COVID-19 patients on July 14. After that, the transmission rate decreased, with most of the
daily new cases less than 1,500. However, since October, the daily new cases steadily increased.

At the county- level, the top five counties showed a similar trend of COVID-19 outbreaks
and accounted for more than 40.0% of the total casesin SC. The daily new cases increased

earlier in Greenville than the other four counties (i.e., Charleston, Horry, Spartanburg, and

Richland).
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Table 1. Descriptive statistics of population mobility and COVID-19 new cases at both state- and county- levels

Minimum 25" percentile 50" percentile 75" percentile  Maximum

Population mobility

State-level
March 658 809 1,010 1,109 1,438
April 554 617 670 697 786
May 630 754 812 848 940
June 756 848 871 910 993
July 818 870 896 937 1,039
August 767 828 863 884 1,035
September 784 831 875 907 1,021
October 789 843 898 965 1,085

County-level

Charleston
March 81 104 126 142 195
April 62 75 83 92 98
May 73 93 104 121 140
June 96 109 116 126 154
July 95 109 117 121 133
August 88 99 109 120 134
September 94 110 116 126 150
October 95 113 122 132 142

Greenville
March 103 115 139 156 177
April 82 93 106 114 134
May 100 113 119 127 132
June 104 117 124 133 162
July 107 124 135 140 153
August 111 129 140 146 168
September 114 128 140 144 158
October 104 133 138 149 169

Horry
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March
April

May

June

July
August
September
October

Spartanburg

Richland

March
April

May

June

July
August
September
October

March
April

May

June

July
August
September
October

COVID-19 new cases

State-leve

March
April
May
June
July

7
53
76
103
100
89
79
71

40

47
50
51
50
55
52

58
53
61
65
59
72
72
72

62
82
236
972

84
64
87
113
116
112
96
99

67
43
51
62
67
65
62
59

76
68
69
77
76
79
82
84

131
129
476
1,520

87

71

100
125
123
118
107
105

82
47
56
65
76
70
65
67

82
73
77
86
82
89
89
92

18
154
164
757
1,726

116
80

128
133
140
137
117
116

89
50
62
72
85
77
70
79

93
78
84
93
95
95
97
100

74
204
228
1,115
1,855

158
97

151
162
171
160
143
151

106
61
72
78
101
94
74
92

120

115
105
105
109
125
119

158
275
467
1,755
2,374
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County-level

Charleston

Greenville

Horry

August
September
October

March
April

May

June

July
August
September
October

March
April

May

June

July
August
September
October

March
April

May

June

July
August
September
October

Spartanburg

March

456
301
381

722
624
789

34
164
53
35
34

14
71
129
40
41
87

47
103
30
20
48

937
863
912

69
221
95
46
50

19
21
115
167
53
75
107

99
145
41
30
73

1,214
1,190
1,057

12

200
303
105
65
61

11
28
33
147
196
95
113
140

10
133
189
56
46
90

1,583
2,665
1,706

32
48
23
373
418
218
425
89

18

150
245
276
184
289
197

18
26
221
358
115
70
139

12

' 3SUBJ| [eUOITRUIBIU| O AN-AG-DD B Japun a|ge|reAe apew s 1

‘Aimadiad ui uudaid ayy Aejdsip 01 asuadl| e Axgpaw pajuelb sey oym ‘lapunyioyine ayl si (mainal 1ead Ag paljilied 10U sem yaiym)
wuudaud siyy Joy Japjoy buAdos ay] Tzoz ‘8 Aenuer palsod UOISIBA SIY) ‘6TT6Y2TZ 20 T0 T202/TOTT 0T/BI0 10p//:sdny :10p undaid Aixypaw


https://doi.org/10.1101/2021.01.02.21249119
http://creativecommons.org/licenses/by-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2021.01.02.212491109; this version posted January 8, 2021. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-ND 4.0 International license .

Lo L0 N~
Ad NN N A<
MO~ N
14M4296
AT DO

43M08
ON~NMHOT DR
00 00 LO 00 ©
ST AINAT
o0 -
A0 AANO
z
_ ., 253
— D =
m.w,mw,u%.d
=™, L O

Richland

37

14
32

March
April

25
19
67

15
15

56

33

26
81

155
234
408

June

108 138 165

79 93 124
142
78

July
August

766
130

96
67

77

51

September

October
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Trends for population mobility at both state- and county- levels were similar. The
numbers of peoplein SC (Twitter usersin our data) with a moving distance of more than 0.5
mile decreased from 1,400 to 550 between March 6 and April 9, 2020. Although there were
slight increases from the middle of April to that of June, the numbers were consistently around
1,000 after this timeframe. At the county-level, each of the five counties had |ess than 200 people
with moving distance larger than 0.5 mile after the middle of March. Figure 2 shows the changes
of population mobility at both state- and county- levels.

Model selection of time series analyses

Following the model selection procedure, Poisson count time series model of COVID-19
incidence at the state-level was constructed using daily new cases and population mobility.
Population mobility was positively associated with state-level COVID-19 daily new cases
(8=0.818, 95%CI: 0.761~0.876), and model using the past 7- day (1~7 days) as time window had
the smallest prediction error (Table 2). The prediction error of new cases in the next 3- day (235"
~ 237™) was 0.218.

At the county-level, a similar modelling procedure was employed. Population mobility
was consistently and positively associated with COVID-19 new cases across the top five
counties. The best time windows for Charleston, Greenville, Horry, Spartanburg, and Richland
were 9-, 14-, 28-, 20-, and 9- days, respectively. Table 2 displays the detailed results of final
model, correlation analysis, and 3-day prediction error at both state- and county- levels.
COVID-19 daily new cases forecasting

Table 2 also presents the results of forecasting and prediction accuracy. Using final
models with the selected time windows, COVID-19 daily new cases were forecasted for the next

14-day at both state- and county- levels. At the state- level, the 3-day cumulative difference and

14
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prediction accuracy were 42 and 98.7%, respectively. As compared to the 3-day predication
accuracy, the 7- and 14- day accuracy reduced to 90.9% and 81.6%. At the county- level, among
the top five counties, the 3-day prediction accuracy ranged from 69.0% to 99.3%. The prediction
accuracy deceased in Charleston, Greenville, and Spartanburg with increased time span. In
contrast, the prediction accuracy in Horry and Richland increased in 7-day prediction but
decreased in 14-day prediction. The 14- day prediction accuracy among Horry and Richland

were closer to their valuesin 3-day prediction.

15
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Table 2. The impacts of population mobility on COVID-19 outbreaksin SC

_z

=2

53

=0

State- level County- level b3

Charleston Greenville Horry Spartanburg Richland §§

M odel training 2=z
Time windows 1-7 1-9 1-14 1-28 1-20 1-9 2%
Coefficient of population  0.818 0.486 0.278 0.395 0.220 0.167 cs
mobility (95%Cl) (0.761,0.876) (0.338,0.634) (0.165,0.390) (0.275,0.515) (0.118,0.422) (0.067,0.246) 23
Model evaluation 0.218 1.752 0.217 2.778 0.363 0.435 _%s
(3-day prediction error) =
Forecasting ERS
Prediction 573
238"day 1,097 64 128 71 86 64 532

239" day 1,031 68 135 43 102 78 &5R

240" day 1,029 69 130 53 58 77 c3R

241% day 1,091 67 142 51 80 77 838

242" day 1,034 74 160 34 79 72 235

243" day 1,073 73 130 67 65 78 SEE:

244" day 1,049 79 149 41 69 77 2z<

245" day 1,096 82 138 44 97 80 a g

246" day 1,085 85 149 48 87 86 532

247" day 1,096 88 140 39 80 88 ggg

248" day 1,105 01 146 47 77 88 Sge

249" day 1,104 94 150 38 71 89 s232

250" day 1,113 08 149 35 62 91 238

251% day 1,114 101 147 48 78 92 85

Observation 82
238" day 1,100 78 133 47 89 92 55

239" day 1,003 54 155 42 86 122 g3

240" day 1,018 71 127 39 101 76 2g

Cumulative difference 42 30 28 40 66 81 =
3-day accuracy (%) 98.7 85.1 99.3 69.0 76.0 722 g3
241% day 1,411 96 186 49 124 123 ES

242" day 894 49 138 36 48 62 55

243" day 1,035 67 92 67 61 72 g

244" day 918 59 164 43 45 76 z2

23
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Cumulative difference
7-day accuracy (%)
245" day
246" day
247" day
248" day
249" day
250" day
251% day
Cumulative difference
14-day accuracy (%)

670
90.9
769
1,233
1,870
946
703
1,347
1,257
2,858
81.6

110
76.7
57
63
101
77
49
63
93
272
72.1

147
85.2
63
159
299
121
107
200
177
541
74.5

45
85.9
51

94
47
36
101
86
217
72.6

175
68.3
22
152
165
69
55
59
60
452
60.3

144
76.8
87
73
124
65
43
83
148
329
73.6

Note: Cl: Confidence interval.
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Discussion

This study leveraged disease surveillance data and Twitter-based population mobility to
test the relationship between mobility and COVID-19 daily new cases and forecast the future
transmission during the next 14 days at both state- and county- levelsin SC. Resultsrevealed
that population mobility was significantly and positively associated with new daily COVID-19
cases. Using the selected models to forecast COVID-19 transmission, we found that although the
prediction accuracy at state- level and most of the selected counties decreased as time span
increased, the prediction accuracy remained acceptable. To the best of our knowledge, thisisthe
first study that combined correlation analysis and forecasting together to investigate the impacts
of population mobility on COVID-19 transmission at both state- and county- levels.

Population mobility could reflect the impacts of NPIs, reopening policies, and public
holidays and estimate the social movement during the current COVID-19 pandemic. It is closaly
related to the COVID-19 outbreaks, which isin accordance with that of prior research [6,8,14-
16]. This study adds value to previous studies by examining the impacts of population mobility
on COVID-19 incidence and evaluate its prediction efficacy at both state- and county- levelsin
SC during the two-week window. Although this indicator may only reflect the mobility among
people who used Twitter, the results still revealed the positive a correlation between mobility and
COVID-19 transmission.

Additionally, using Twitter-based mobility data to predict daily new COVID-19 cases
could provide acceptable accuracy, which could also justify the validity and prediction efficacy
of thisindicator. The high prediction accuracy at the state-level was consistent with Wang's
finding in Arizona[16]. However, such a high prediction accuracy did not exist at the county-

level. One possible explanation for this finding is that we did not capture or account for the
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influences of contextual factors (i.e., population density) and the roles of mitigating factors (e.g.,
wearing face mask, practicing social distancing) [16,20,21]. Additionally, the Twitter-based
mobility did not differentiate the social movement at different locations, such as movement
around parks, workplace, and retail places, which show different impacts on COVID-19
incidence [6]. Furthermore, in this study, we only captured population mobility at state- and
county- levels while population mobility at zip code level might provide more accurate
prediction. Finally, compared with mobility data from other platforms (e.g., Facebook, Google,
Safegraph, Apple), our Twitter-based mobility indicator only estimated how many people with
moving distance larger than a specific value. Nevertheless, the findings generated from this study
confirmed the spatial-temporal relationship between Twitter-based mobility and COVID-19
outbreaks in SC as well as the prediction efficacy of population mobility.

Use of population mobility data has potential implicationsin future research and practices
to curb COVID-19 outbreaks. From aresearch perspective, studies on mobility and COVID-19
could be studied at state-, county-, and/or zip code levels. In addition, mobility around different
locations could provide detailed information regarding COVID-19 transmission, identify the
most relevant mobility associated with daily new cases, and inform tailored interventions on
social distancing by different locations to control disease outbreaks. Furthermore, the geospatial
difference in the prediction accuracy of population mobility on daily new cases by county
suggested that contextual factors, such as demographic characteristics and implementation
fidelity of NPIs at county-level, should be accounted for in future research. Finally, since the
incubation and transmission of COVID-19 are closaly associated with time-varying factors, such
as temperature and weather, such impacts should be accounted for in forecasting studies[22].

Regarding the practice of disease control and prevention, leveraging social media platform to
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monitor daily population mobility could improve the predictions of further COVID-19
transmission, inform proactive NPIs, and guide allocation of healthcare resources to reduce
disease morbidity and mortality [23,24].
Conclusions

Population mobility was positively associated with COVID-19 transmission at both state-
and county- levelsin SC. Using Twitter-based mobility data could provide acceptable prediction
for COVID-19 daily new cases. The application of social media platforms to monitor population
mobility and predict COVID-19 spread could inform proactive measures to curb disease

outbreaks and plan coordinated responses.
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