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ABSTRACT 

This study aims to examine the associations between the Coronavirus disease 2019 (COVID-19) 

pandemic and alternative indicators. Specifically, Apple mobility index, Google community mobility 

index, and Nighttime-light (NTL) data are used for empirical analyses using ordinary least squares 

(OLS) and panel regressions as research methods. Results produced by OLS models show that 

Apple’s subcategory of driving activity and Google’s subcategory of visiting transit places are 

negatively associated with the number of COVID-19 cases. To extend the spatiotemporal details of this 

analysis, we formulate the panel data by integrating the monthly provincial indicators of Apple mobility 

index, NTL index, and the COVID-19 infected cases. Both fixed- and random-effects panel regression 

models indicate that Apple’s driving and walking mobility subcategories are negatively associated with 

the COVID-19 infected cases. By contrast, the relationship between the NTL index and the intensity of 

the COVID-19 outbreak is inconclusive. These findings suggest that Apple's mobility index can be 

applied as an alternative and timely indicator of economic activity, particularly for observing the near 

real-time intensity of mobility and transportation volume. In addition, these findings can serve as a 

resource for developing spatial models for urban planning and geographical impacts. 

Keywords: Apple mobility trend reports, Google community mobility reports, night-time light, COVID-

19, Thailand, panel data regression 
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INTRODUCTION 

Since the first reported case in Mainland China in 

December 2019, the Coronavirus disease 2019 

(COVID-19) has spread globally. In March 2020, 

the World Health Organization (WHO) identified 

the disease as a pandemic (World Health 

Organization [WHO], 2020). By June 2022, the 

global total number of confirmed cases had 

reached 533 million (World Health Organization 

[WHO], 2022), and over 6.3 million deaths had 

been reported (WHO, 2022). The pandemic has 

led to a deterioration in economies and financial 

markets, incurring systematic risks for foreign 

exchange rates, interest rates, gross domestic 

product (GDP), unemployment, and global trade 

(Kartal, 2021). Specifically, the COVID-19 

pandemic is generally recognized as one of the 

most influential global phenomena that the world 

economy has experienced in modern history. In 

addition, during 2020–2021, the number of 

infections increased despite the international 

distribution of vaccines, mainly caused by 

variants resulting from multiple mutations of 

COVID-19 and the low vaccination rate in several 

countries.  

To cope with the COVID-19 outbreak, most 

countries implemented various public health 

prevention measures, including state quarantine, 

home isolation, and travel restrictions. These 

policies aimed to mitigate the outbreak of the 

pandemic. Globally, conventional measures 

included social distancing along with mobility 

restrictions or lockdown policies. In particular, the 

mobility restrictions included encouraging people 

to work from home.  

In response to the first major wave of the 

outbreak, Thailand imposed the first mobility 

restriction measure in April 2020, prohibiting 

many activities and business operations in 

various locations such as shopping centers, 

clubs, bars, and gyms. A night-time curfew was 

also imposed, and work-from-home practices 

were officially required by the government.  

The second major wave occurred during the 

period of July–September 2021. With the 

outbreak of the Delta variant, the imposed 

lockdown was more intense during this second 

major wave (World Health Organization [WHO], 

2021). Specifically, as shown in Figure 1, the 

total number of confirmed cases in Thailand 

during this period (July–September 2021) was 

1,259,407, whereas the first wave had resulted in 

only 3,017. 

 

Figure 1  

Monthly COVID-19 infections in Thailand 

Note. Data are from “Centre of Epidemiological Information,” by Bureau of Epidemiology, Ministry of 

Public Health, 2021. Copyright 2021 by Ministry of Public Health.  
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Despite their aim of reducing the number of 

infections, mobility restrictions incur a substantial 

economic cost because they significantly 

dampen most economic activity. Therefore, a 

government must carefully weigh the costs and 

benefits of any mobility restriction or lockdown 

policy. Oh et al. (2021)  estimated that during 

January – August 2020, the global GDP fell by 

over 10% caused by mobility restrictions. During 

periods of strict mobility restrictions due to the 

pandemic, a concern was that the economic 

damage of the mobility restriction policies might 

outrun the benefit of lower infection rates. 

However, the number of studies investigating the 

relationship between the pandemic and mobility 

restrictions is highly limited, especially with 

respect to Thailand. Thus, studying such a 

relationship is crucial for gaining further insights 

into the effect of individual mobility on infection 

rates. With the public accessibility of various near 

real-time mobility data, the analyses can be 

carried out with higher accuracy in 

spatiotemporal dimensions (Holmdahl & Buckee, 

2020). Based on these facts and the urgent need 

for supportive information, this study mainly 

focuses on examining the association between 

COVID-19 infections and mobility indicators. In 

particular, the near real-time data produced by 

Apple and Google provide the main mobility 

indicators. Furthermore, the satellite-based 

socioeconomic indicator Nighttime Light (NTL) 

index was incorporated to explore the feasibility 

of integrating multidimensional data. Ultimately, 

the main findings obtained from this investigation 

can deepen the insights on behavioral response 

and mobility, which is useful for future city and 

regional planning. 

This paper is organized as follows. The second 

section summarizes the related publications, 

while the third and the fourth parts introduce the 

data and the research methodologies, 

respectively. The fifth section elaborates on the 

results of empirical analyses. The last section 

summarizes the main findings and suggests 

future implications. 

LITERATURE REVIEW 

Several studies have examined the effect of 

mobility restrictions on the number of COVID-19 

infections (Fauver et al., 2020; Li et al., 2020; 

Tian et al., 2020; Xu & Li, 2020; Yang et al., 

2020). The literature review was divided into two 

sections with country-specific characteristics: (1) 

Asia; and (2) Europe and the United States (US). 

During the initial phase of the pandemic, many 

Asian countries decided to respond aggressively 

to control the COVID-19 outbreak; official actions 

included international travel restrictions, state-

quarantine programs, and mobility tracking 

measures (Osewe, 2021). In addition, wearing of 

facemasks was more widely adopted among 

Asians, as compared to Americans and 

Europeans. Furthermore, people of most Asian 

residents were more willing to cooperate with all 

imposed policies.  

Asian countries 

Fang et al. (2020)studied the effects of Wuhan 

city’s lockdown policy by using panel fixed-effect 

regression. Data obtained from Baidu Migration 

and the daily statistics of COVID-19 confirmed 

cases during the first quarter of 2020 showed 

that the lockdown policy effectively flattened the 

daily infections, which was significant given that 

Wuhan city was the epicenter of the pandemic.  

Kraemer et al. (2020) studied the effects of 

mobility restriction policy on the COVID-19 

epidemic in China by using multiple 

methodologies, including a stochastic susceptible 

infectious-recovered model. They modeled the 

spatiotemporal evolution of COVID-19 in 33 

provinces in China and suggested that mobility 

restriction effectively reduced the disease 

transmission. 

In the Philippines,Camba and Camba (2020) 

used robust least squares regression on Apple 

mobility trend and Google mobility index. Their 

findings revealed that the COVID-19 pandemic 

had the greatest impact by increasing the 

number of work-from-home employees, followed 

by less use of public transportation, less time of 

walking, and declining workplace visits.  

Europe and the United States 

Sulyok and Walker (2021) studied the 

relationship between mobility and COVID-19 

mortality across Scandinavian countries by using 
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Google community mobility and Stringency index. 

The COVID-19 mortality rate in Sweden was 

higher than that of its neighboring countries due 

to fewer restriction measures, suggesting that 

higher stringency of measures is associated with 

a lower death rate.  

In the case of the US, Sen et al. (2020)studied 

the effect of lockdown policies on COVID-19 

hospitalizations in four states: Colorado, 

Minnesota, Ohio, and Virginia. The results 

suggest that cumulative hospitalization is 

associated with the intensity of stay-at-home 

measures. Using daily mobility data derived from 

aggregated and anonymized mobile phone data, 

Badr et al. (2020)identified the association 

between mobility patterns and the transmission 

of COVID-19 in 25 states. Social distancing and 

mobility restrictions were found to be effective 

policies for reducing the rate of COVID-19 

transmission. Pei et al. (2020) examined the 

impact of intervention timing on COVID-19 cases. 

The results indicate that social distancing and 

other COVID-19 control measures are associated 

with significant reduction in infections in 

metropolitan areas. In addition, by implementing 

such measures a week earlier, an approximate 

54% reduction in the death rate may have been 

achieved.  

Using the Google community mobility index,Oh et 

al. (2021)studied the association between 

mobility restrictions and reduction in the number 

of COVID-19 cases in 34 OECD economies, 

together with Singapore and Taiwan. Their study 

indicates that restrictions on social mobility 

reduced the COVID-19 transmission in many 

countries, especially during the early stages of 

the pandemic.  

DATA  

This study uses time-series data collected from 

publicly accessible sources. Table 1 summarizes 

the main features and links used to access the 

original data.   

 

Table 1  

Characteristics and Sources of Data  

 Data Source  Frequency Spatial 

resolution 

URL 

1 Number of 

confirmed 

COVID-19 

cases  

Center of 

Epidemiological 

Information, 

Bureau of 

Epidemiology, 

Ministry of Public 

Health 

Daily Province https://covid19.ddc.moph.

go.th 

2 Google 

community 

mobility index 

Google 

community 

mobility report 

Daily Nationwide https://www.google.com/c

ovid19/mobility/ 

3 Apple mobility 

index 

Apple mobility 

trend report 

Daily Province https://covid19.apple.com/

mobility 

4 Nighttime-Light 

index (NTL) 

Google Earth 

Engine 

Monthly  Province https://nattapong.users.ea

rthengine.app/view/thailan

d-monthly-indicators-

satellite-data 
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To formulate the data set covering the periods of 

major waves of the pandemic, we obtained the 

time series of daily confirmed cases from the 

official database of Thailand’s Ministry of Public 

Health (MoPH) for the period February 1, 2020 to 

October 31, 2021. In all regression analyses, the 

data are transformed into a logarithmic scale to 

represent the non-linear relationship with other 

variables. 

Publicly accessible as alternative data for 

monitoring the global COVID-19 pandemic, the 

Google community and Apple mobility indices 

were developed by analyzing and aggregating 

users’ search behaviors on Google and Apple 

maps, respectively. The Google community 

mobility index is categorized into six visited 

locations: retail and recreational places, 

workplaces, transit stations, residential areas, 

groceries and pharmacies, and parks. 

Specifically, the time series for these locations 

indicate the nationwide aggregated index of each 

category. Figure 2 illustrates the example of the 

Google community mobility index in Thailand, 

with all values represented in the original units 

computed by Google. 

By comparison, the Apple mobility index is 

computed at the provincial level and is 

represented in two classifications based on 

transportation modes: walking and driving. To 

characterize its non-linear relationships with 

other variables, we converted the Apple mobility 

index to a logarithmic scale. Figure 3 depicts an 

example of the Apple mobility index in the case 

of six provinces in Thailand, with all values 

shown in the original units calculated by Apple.  

The NTL index was also included in this study to 

present the provincial density of economic 

activities, given that NTL has been conventionally 

acknowledged as the alternative indicator 

representing the socioeconomic condition, 

including the case of Thailand (Luenam & 

Puttanapong, 2020; Puttanapong et al., 2022; 

Sangkasem & Puttanapong, 2022). As 

exemplified in Figure 4, this index is the 

provincial average of NTL density captured by 

SNPP/VIIRS satellite1. This satellite was 

launched by NASA in 2011. All data produced by 

this satellite are publicly accessible via the 

service of Google Earth Engine.

Figure 2  

Google Community Mobility Index – Thailand (With 15-day Moving Average) 

 

Note. The reference value is the pre-COVID period (January 2020), in which Google community 

mobility index = 0.0. Data are from “Google Community Mobility Index,” by Google LLC, 2020 

(https://www.google.com/covid19/mobility/). In the public domain. 

 

1  The full technical title of this satellite is Suomi National Polar-orbiting Partnership (SNPP) using Visible Infrared Imaging 
Radiometer Suite (VIIRS). 
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Figure 3  

Apple Mobility Index – Thailand (Examples of Six Provinces With 15-day Moving Average) 

 

Note. The reference value is the pre-COVID period (January 2020), in which Apple mobility index = 

100. Data are from “Apple Mobility Index,” by Apple Inc., 2020 (https://covid19.apple.com/mobility). In 

the public domain.  

Figure 4  

Example of Nighttime-Light (NTL) Data and Provincial Average NTL Index 

 

Note. Adapted from VIIRS Nighttime-Light Map, by Google Earth Engine, 2022 

(https://earthengine.google.com/). Copyright 2022 by Google LLC. 
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RESEARCH METHODS   

To examine the associations between mobility 

restriction, economic activity, and COVID-19 

cases, we divided the quantitative analyses into 

two parts: (1) OLS and (2) panel regressions. 

OLS regression  

OLS is a regression method for estimating an 

unknown parameter in a regression model. In this 

study, OLS regression is applied for quantifying 

the relationships between each mobility indicator 

and the number of COVID-19 infections. This 

investigation is mathematically shown in 

Equation (1).  

 𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖 =  𝛼 +  𝛽 𝑙𝑜𝑔𝑀𝑜𝑏𝑖𝑙𝑖𝑦𝑖 + 𝑢𝑖   Eq. (1) 

where: 

logCOVIDi = logarithm of the number of new 

confirmed COVID-19 cases of province i 

logMobilityi = logarithm of Apple mobility index or 

logarithm of Google community mobility 

index of province i 

 𝛽 = slope coefficient  

 𝛼 = intercept coefficient  

 ui = error term with independent and identically 

distributed (i.i.d.) property   

Specifically, given that the Apple mobility index 

has two categories of transportation modes, 

Equation (1) can be modified by incorporating 

these subcategories, yielding Equation (2). All 

monthly data applied are national-level aggregate 

indices.  

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖 =  𝛼 +  𝛽1  𝑙𝑜𝑔𝑊𝑎𝑘𝑖𝑛𝑔𝑖  

       + 𝛽2 𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖 +  𝑢𝑖 

Eq. (2) 

where: 

logCOVIDi = logarithm of the number of new 

confirmed COVID-19 cases of province i 

logWakingi = logarithm of Apple mobility index 

based on volume of walking in province i 

logDrivingi = logarithm of Apple mobility index 

based on volume of driving in province i 

 𝛽1,  𝛽2 = slope coefficients  

 𝛼 = intercept coefficient  

 ui = error term with independent and identically 

distributed (i.i.d.) property   

Likewise, Equation (1) is extended to incorporate 

all six subcategories of mobility indicators, as 

shown in Equation (3). As in the previous model, 

all monthly datasets applied to this Equation are 

national-level aggregate indicators. 

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖 =  𝛼 +  𝛽1  𝑙𝑜𝑔𝑅𝑒𝑡𝑎𝑖𝑙𝑖  + 𝛽2 𝑙𝑜𝑔𝐺𝑟𝑜𝑐𝑒𝑟𝑦𝑖  

      + 𝛽3 𝑙𝑜𝑔𝑃𝑎𝑟𝑘𝑖  + 𝛽4 𝑙𝑜𝑔𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖   + 𝛽5 𝑙𝑜𝑔𝑊𝑜𝑟𝑘𝑖  

     + 𝛽6 𝑙𝑜𝑔𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙𝑖 + 𝑢𝑖  

Eq. (3) 

where: 

logCOVIDi = logarithm of the number of new 

confirmed COVID-19 cases  

logRetaili = logarithm of volume of visiting retail 

shops and recreation places   

logGroceryi = logarithm of volume of visiting 

grocery and pharmacy shops 

logParki = logarithm of volume of visiting parks 

logTransiti = logarithm of volume of visiting 

transportation transit places 

logWorki = logarithm of volume of visiting 

workplaces and offices 

logResidentiali = logarithm of volume of staying in 

residential areas 

𝛽1,  𝛽2, 𝛽3,  𝛽4,  𝛽5,  𝛽6 = slope coefficients  

 𝛼 = intercept coefficient  

ui = error term with independent and identically 

distributed (i.i.d.) properties  

Panel regression  

The Apple mobility index is further utilized to 

investigate relationships at the provincial level. In 

addition, given that the NTL index can represent 

the intensity of economic activities in each 

province, this section carried out the relevant 

analysis by using the monthly provincial datasets 
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of the (1) number of new COVID-19 infections; 

(2) Apple mobility index; and (3) the NTL index. 

Each indicator is transformed into the year-on-

year change of logarithm value because many 

provinces in Thailand have a constant seasonal 

pattern of economic outputs, primarily driven by 

the harvest cycle in agriculture and/or seasonal 

tourism activity. Equations (4) and (5) indicate the 

mathematical forms of fixed-effect regression.  

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡 − 𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡−12 =

 𝛽1(𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖,𝑡 − 𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖,𝑡−12) 

+ 𝛽2(𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡 − 𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡−12)  + 𝛼0 + 𝛼𝑖  

+ 𝜆𝑡 + 𝑢𝑖,𝑡 

Eq. (4) 

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡 − 𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡−12 =

 𝛽1(𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔𝑖,𝑡 − 𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔𝑖,𝑡−12) 

+ 𝛽2(𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡 − 𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡−12)  + 𝛼0 + 𝛼𝑖 

+ 𝜆𝑡 + 𝑢𝑖,𝑡 

Eq. (5) 

where: 

logCOVIDi,t = logarithm of the number of new 

confirmed COVID-19 cases of province i in 

month t  

logWalkingi,t = logarithm of Apple mobility index 

of walking in province i in month t  

logDrivingi,t = logarithm of Apple mobility index of 

driving in province i in month t 

logNTLi,t = logarithm of Nighttime Light (NTL) 

index of province i in month t  

𝛽1,  𝛽2 = slope coefficients  

𝛼0 = common intercept coefficient 

𝛼𝑖 , 𝜆𝑡 = fixed-effect coefficients  

ui,t = error term with independent and identically 

distributed (i.i.d.) properties   

Alternatively, analysis of panel data can be 

undertaken by using the random-effect 

technique, with the mathematical specifications 

shown in Equations (6) and (7).  

 

 

 

 

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡 − 𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡−12 = 

       𝛽1(𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖,𝑡 − 𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖,𝑡−12) 

       +  𝛽2(𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡 − 𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡−12)  + 𝛼𝑖  

      + 𝑢𝑖,𝑡 ; 𝛼𝑖  ~ 𝑁(0, 𝜎𝛼
2)  , 𝑢𝑖,𝑡  ~ 𝑁(0, 𝜎𝑢

2) 

Eq. (6) 

𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡 − 𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖,𝑡−12 = 

       𝛽1(𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔𝑖,𝑡 − 𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔𝑖,𝑡−12) 

      +  𝛽2(𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡 − 𝑙𝑜𝑔𝑁𝑇𝐿𝑖,𝑡−12)  + 𝛼𝑖 

     + 𝑢𝑖,𝑡 ; 𝛼𝑖  ~ 𝑁(0, 𝜎𝛼
2)  , 𝑢𝑖,𝑡  ~ 𝑁(0, 𝜎𝑢

2) 

Eq. (7) 

where: 

logCOVIDi,t = logarithm of the number of new 

confirmed COVID-19 cases of province i in 

month t  

logWalkingi,t = logarithm of Apple mobility index 

of walking in province i in month t  

logDrivingi,t = logarithm of Apple mobility index of 

driving in province i in month t 

logNTLi,t = logarithm of Nighttime Light (NTL) 

index of province i in month t  

𝛽1,  𝛽2 = slope coefficients  

𝛼𝑖 = random-effect coefficient 

ui,t = error term with independent and identically 

distributed (i.i.d.) property   

All computations in this study are carried out by 

using STATA. The results are shown and 

discussed in the next section. 

RESULTS 

Following the specifications of datasets and 

regression techniques discussed in previous 

sections, the results of OLS regression are 

discussed in Section 5.1, and the outcomes 

generated by panel regressions are then 

presented in Section 5.2 
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Results obtained from OLS 

regression  

Table 2 displays the OLS estimations of 

Equations (2) and (3). The results reveal two key 

findings. First, a statistically significant non-linear 

association is observed between COVID-19 

infections (𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖) and the driving 

subcategory  of Apple’s mobility index 

(𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝑖), with the coefficient of −9.501. 

However, the relationship between the COVID-19 

infections (𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖) and the walking 

subcategory of Apple’s mobility index 

(𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔𝑖) is not statistically significant. 

Second, the OLS estimation of Equation (3) 

shows that the only statistically significant 

association is observed between the COVID-19 

infections (𝑙𝑜𝑔𝐶𝑂𝑉𝐼𝐷𝑖) and the subcategory of 

transportation transit (logTransiti) of Google 

mobility index, while all other subcategories are 

not statistically significant.  

These results imply that an increase in COVID-19 

infections can be associated with a reduction in 

driving activity and the number of people going to 

transit stations. The decreases in mobility are 

mainly caused by the imposed lockdown policy 

and social distancing. In addition, rising concerns 

related to health and hygiene might influence 

people to work from home and use less public 

transportation. In summary, the outcomes of OLS 

regressions confirm that the number of COVID-

19 cases is negatively associated with particular 

subcategories of mobility indices produced by 

Apple and Google.

Table 2  

Results Obtained From OLS Regression  

Dependent variable: LogCOVID 

 Equation (2) Equation (3) 

logWalking 2.482  

 (3.490)  

logDriving -9.501**  

 (3.412)  

logRetail  6.321 

  (4.330) 

logGrocery  1.654 

  (3.376) 

logPark  -3.562 

  (3.988) 

logTransit  -4.618* 

  (2.487) 

logWorkplace  0.0621 

  (3.574) 

logResidential  0.505 

  (9.762) 

constant 17.06*** -0.782 

 (2.789) (59.61) 

Observations 22 21 

R2 0.569 0.885 

adj. R2 0.524 0.835 

Note. Standard errors in parentheses; * p < 0.1, ** p < 0.05, and *** p < 0.01 
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Results obtained from the panel 

regressions  

The Apple mobility index provides spatial 

resolution of the provincial level, enabling the 

formulation of panel data and associated 

regression analysis. In addition, the monthly NTL 

index is included to incorporate the intensity of 

economic activity of each province. Table 3 

shows the obtained outcomes of using both 

fixed- and random-effect specifications.  

The first and the third columns of Table 3 

represent the estimations of Equations (4) and 

(6), using the mobility index’s driving subcategory 

(Δyoy_logDriving) and NTL index (Δyoy_logNTL) 

as independent variables. Results obtained from 

the fixed- and random-effects methods are 

similar, affirming the statistically significant 

association between the number of COVID-19 

cases and both independent variables. In 

particular, both variables are negatively 

associated with the number of COVID-19 

confirmed cases, implying that the outbreak can 

reduce the volume of road transportation and 

dampen economic activity.   

The second and the fourth columns of Table 3 

show the estimated coefficients of Equations (5) 

and (7), employing the fixed- and random-effects 

methods, respectively. Apple’s walking 

subcategory index (Δyoy_logWalking) and NTL 

index (Δyoy_logNTL) are independent variables; 

the former has a statistically negative relationship 

with the number of COVID-19 cases, whereas 

the latter does not have statistically significant 

association for either equation. All results 

obtained from Equations (4)–(7) statistically 

identify the relationship of the Apple mobility 

index, especially in the driving subcategory, with 

the intensity of the COVID-19 pandemic. In 

addition, these results align with those in Table 2, 

suggesting the potential of using Apple’s driving 

mobility index as an alternative indicator for 

timely monitoring. 

Table 3 

Results Obtained From Panel Regression Models 

Dependent variable: LogCOVID 

 Equation (4) Equation (5) Equation (6) Equation (7) 

Δ𝑦𝑜𝑦_𝑙𝑜𝑔𝐷𝑟𝑖𝑣𝑖𝑛𝑔  -1.487***  -1.429***  

 (0.351)  (0.344)  

Δ𝑦𝑜𝑦_𝑙𝑜𝑔𝑊𝑎𝑙𝑘𝑖𝑛𝑔   -6.562**  -6.780*** 

  (2.080)  (1.993) 

Δ𝑦𝑜𝑦_𝑙𝑜𝑔𝑁𝑇𝐿  -8.631*** -2.720 -6.919*** 0.430 

 (1.563) (5.536) (1.219) (4.935) 

constant 4.870*** 19.08*** 4.611*** 19.54*** 

 (0.982) (5.312) (0.970) (5.088) 

Observations 1,330 151 1,330 151 

R2- overall 0.041 0.145 0.041 0.134 

R2- within 0.044 0.145 0.043 0.143 

R2- between 0.119 0.116 0.111 0.131 

Fixed Effects Yes Yes No No 

Note. Standard errors in parentheses; * p < 0.1, ** p < 0.05, and *** p < 0.01 
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Main contributions and 

limitations 

The main contribution of this study is the 

introduction of the use of near real-time data; 

Google community mobility and Apple mobility 

indices. Compared with conventional economic 

data that becomes available after approximately 

30–45 days for official publications, the Google 

community and Apple mobility indices can be 

obtained approximately 3–4 days after the 

activities occur. Analogous to numerous studies 

emphasizing the significance of alternative 

indicators representing human activities (Huang 

et al., 2020; Kraemer et al., 2020; Oliver et al., 

2020; Sills et al., 2020), the mobility indices can 

potentially be used as the near real-time data 

sources for monitoring the COVID-19 pandemic, 

providing timely information to policymakers 

regarding the collective responses with respect to 

daily activities. In addition, this study used 

datasets incorporating spatial resolution at the 

provincial level and temporal coverage that 

includes the periods of the two major outbreaks 

caused by the Alpha and the Delta variants in 

2020 and 2021, respectively. This spatiotemporal 

coverage ensures sufficient detail for empirical 

analyses.  

The main limitations of this study are threefold.  

First, the OLS regression model might contain 

multicollinearity influenced by the Google 

community mobility index, including 

subcategories of locations and activities that are 

correlated. Correction techniques (e.g., ridge and 

lasso regressions) must be applied (Chan et al., 

2022; Chen, 2012).  

Second, both Google and Apple mobility 

indicators are formulated from the data of users 

who have agreed to share their information with 

Google and Apple. However, these datasets 

might not fully represent the mobility of the total 

population in Thailand, yielding biased results. 

These concerns and suggested corrections have 

been documented in many publications. In 

addition, any future studies should include the 

use of multi-frequency data in the analyses. 

(Huang et al., 2018; Jiang et al., 2019; Li et al., 

2020; Martín et al., 2019).  

 

Lastly, none of the models in this study include 

other variables that could influence the COVID-

19 pandemic, such as the vaccination rate, 

effectiveness of social distancing regulation, 

Internet and transportation infrastructure, 

awareness and collaboration of individuals, or the 

accuracy of identifying infected individuals 

(Almagro & Orane-Hutchinson, 2022; Chiou & 

Tucker, 2020; Lou et al., 2020).   

The obtained results suggest the need for further 

research. Specifically, social media data are 

informative sources for studying key features of 

human mobility (Hasan & Ukkusuri, 2014; 

Isaacman et al., 2011; Sirkeci & Yucesahin, 

2020; Wang et al., 2015; Wu et al., 2014). 

Therefore, spatial simulations can be developed 

to forecast the geographical impacts of 

transportation investment, urban planning, 

government policy and climate change (Haase et 

al., 2010; Hermes & Poulsen, 2012; Ma et al., 

2014; Subbiah et al., 2013; Zhang et al., 2014).    

CONCLUSION  

This study investigates the relationship between 

the COVID-19 pandemic and mobility indicators, 

namely Google community and Apple mobility 

indices. The official statistics of daily COVID-19 

infections were obtained from Thailand’s Ministry 

of Public Health. The results obtained from OLS 

show that Apple’s driving mobility and Google’s 

transportation transit indices are negatively 

associated with the number of COVID-19 

infections. Results from both fixed- and random-

effect models of panel regressions indicate that 

Apple’s driving and walking mobility indices 

provide negative relationships with the outbreak 

of the COVID-19 pandemic. The outcomes of this 

empirical investigation suggest future 

applications of examining the spatial distributions 

of spontaneous mobility and long-term relocation. 

Specifically, these empirical findings can serve as 

the foundation for spatial simulations applicable 

for urban planning and geographical studies.    
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