
ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

https://doi.org/10.1057/s41599-026-06662-w

Received: 11 February 2025

Accepted: 29 January 2026

Cite this article as: Sun, X., Song, W.,
Wei, Y. Adapting mobility: insights
from COVID-19 impact on east asian
regions. Humanit Soc Sci Commun
(2026). https://doi.org/10.1057/
s41599-026-06662-w

Xin Sun, Wei Song & Ye Wei

We are providing an unedited version of this manuscript to give early access to its
findings. Before final publication, the manuscript will undergo further editing. Please
note there may be errors present which affect the content, and all legal disclaimers
apply.

If this paper is publishing under a Transparent Peer Review model then Peer
Review reports will publish with the final article.

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not
have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

Humanities and Social Sciences Communications 

Article in Press

Adapting mobility: insights from COVID-19 impact
on east asian regions



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Adapting Mobility: Insights from COVID-19 Impact on East Asian Regions 

Abstract: The COVID-19 pandemic has profoundly transformed daily life and mobility behaviors, thereby 

creating an urgent need to understand these shifts. This study examines the spatial and temporal patterns of 

human mobility during the pandemic, with a focus on how these patterns vary across five East Asian countries 

and regions: Mongolia, Japan, Republic of Korea, Hong Kong, and Taiwan (China). By analysing Community 

Mobility Report and employing advanced analytical methods such as Gradient Boosting Machines and 

changepoints detection, the research identifies distinct adaptive behaviors in response to the pandemic. The 

findings reveal variations in the speed and nature of mobility adaptation across categories, such as retail, 

residential, and transit. While Mongolia exhibited relatively stable mobility patterns, Taiwan (China), Hong 

Kong, Republic of Korea, and Japan demonstrated notable adaptive responses. Furthermore, the study 

highlights the socioeconomic implications of mobility changes, providing insights into economic resilience 

and behavioral adaptation during health crises. These findings offer valuable evidence to inform public health 

strategies and economic recovery plans. 

Keywords: Human mobility; Behavioral adaptation; COVID-19 Pandemic; East Asia; Economic forecasting 
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The COVID-19 pandemic has triggered a global crisis of unparalleled scale, transforming societal norms and 

behaviours worldwide (Zabaniotou, 2020; Chen et al., 2024). Among the pandemic’s most significant consequences 

has been its profound impact on human mobility patterns (Verschuur et al., 2021; Hu et al., 2022). Understanding 

these changes in human mobility is essential for evaluating the potential long-term effects on society, as insights into 

these mobility shifts are vital for public health planning, economic recovery, and strengthening resilience against 

future challenges. 

To curb the spread of COVID-19, governments and individuals have faced the challenge of implementing and 

adapting to various containment strategies, including international travel restrictions, social and physical distancing, 

surveillance, and other preventive measures. These interventions, coupled with shifts in individual behavior, 

significantly altered physical mobility across urban and regional scales, impacting sectors such as transportation, 

tourism, labor markets, and commerce (Tirachini & Cats, 2020; Champlin et al., 2023; Hayakawa et al., 2023). 

Consequently, mobility data have become a vital resource for monitoring societal resilience and informing public 

health responses (Rowe et al., 2023; Sun et al., 2024). 

In East Asia, the COVID-19 pandemic has triggered significant shifts in human mobility behavior. The region 

presents a compelling case study due to a confluence of unique characteristics that collectively shaped its distinct 

pandemic response and consequent mobility patterns. Culturally, prevalent collectivist norms fostered a high degree 

of societal acceptance and compliance with stringent public health measures such as mask mandates and mobility 

restrictions (Yang, 2024). Politically and institutionally, strong state capacity and centralized governance structures in 

key nations enabled the swift, top-down implementation of proactive containment policies. Technologically, advanced 

digital infrastructure and widespread mobile technology adoption facilitated the rapid deployment and public uptake 

of sophisticated digital contact tracing applications and real-time mobility monitoring systems, which were pivotal in 
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balancing infection control with managed mobility. This unique interplay of cultural readiness, state capacity, and 

technological sophistication underpinned East Asia’s generally proactive and resilient approach to the pandemic 

(Yeung, 2022; Haldane et al., 2021), fundamentally shaping the observed shifts in mobility behavior.  

Despite extensive research on pandemic-induced mobility changes using mobile or public health data (Kan et al., 

2021; Yu & Liu, 2023), critical gaps persist. First, most studies focus on national-level averages or single-city cases, 

overlooking subnational variations across diverse sociopolitical settings. Second, few integrate quantitative mobility 

metrics with behavioral adaptation theory to explain how and when populations adjust their movements. Third, 

mobility shifts and economic impacts are often analyzed in isolation, obscuring their interconnectedness. This gap is 

especially salient in East Asia, where varied governance models, compliance norms, and digital infrastructures likely 

drive heterogeneous adaptive outcomes, yet systematic cross-regional comparisons remain scarce. 

To address these gaps, this study adopts a theory-driven approach, explicitly drawing on the cognitive, emotional, 

and behavioral adjustment dimensions of Behavioral Adaptation Theory to systematically explain the empirical 

differences in mobility behaviors across five East Asian societies: Mongolia, Japan, Republic of Korea, Hong Kong, 

and Taiwan (China). Firstly, regarding spatial patterns, it is essential to understand the variations in mobility behavior 

across six categories (retail and recreation, grocery and pharmacy, parks, transit stations, workplaces, and residential 

locations) and to identify how these behaviors differ among regions based on policy measures, cultural norms, and the 

severity of the pandemic. Secondly, concerning temporal patterns, it is important to analyze shifts over time, including 

critical “changepoints” that signify significant behavioral adaptations, such as the impacts of government restrictions 

or public health milestones. In this research, we construct the theoretical framework under the behavioral adaptation 

theory, and it seeks to address several key inquiries: (1) What are the tendencies and characteristics of human mobility 

behavior during the pandemic in Mongolia, Japan, Republic of Korea, Hong Kong, and Taiwan (China)? What 
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similarities and differences exist among these countries and regions? (2) How can we quantitatively assess the overall 

responsiveness of human mobility data to the COVID-19 pandemic across these five countries and regions? (3) When 

did the human mobility behavior significantly change at various locations within the five countries and regions due to 

the epidemic? (4) Which category of mobility behavior affect the economic forecast results when the human behavior 

changes? 

The remainder of this paper is organized as follows: Section 2 discusses the theoretical framework and literature 

review, focusing on the Behavioral Adaptation Theory and prior research on mobility behavior. Section 3 outlines the 

study area, datasets, and methodology. Section 4 presents the results, identifying trends, changepoints, and economic 

impacts of mobility behavior. Section 5 discusses the findings, contributions, limitations, and directions for future 

research. The final section provides general conclusions, emphasizing the importance of understanding mobility 

patterns during global health crises. 

2 Literature Review and Theoretical Framework 

2.1 Literature Review 

Human mobility behavior, grounded in interdisciplinary theoretical frameworks such as spatial behavior theory, 

time geography, social network analysis, and complex systems theory, offers a critical perspective for examining 

contemporary societal challenges (Wang et al., 2020; Jin et al., 2024). This behavioral phenomenon exerts profound 

influences across multiple societal domains, including public health outcomes, urban spatial organization, 

transportation systems, community dynamics, and commercial activities (Huang et al., 2018; Long et al., 2015). Within 

the extensive corpus of human mobility research, investigations focusing on daily commuting patterns and routine 

travel behaviors have emerged as particularly salient areas of scholarly inquiry. 

Prior to the pandemic, scholarly attention on human mobility centered on routine commuting and travel behaviors, 
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highlighting its profound implications for social operation and economic development (Gu et al., 2023). Their work 

further unpacks the key drivers and spatiotemporal dynamics of intercity mobility, enriching the understanding of 

travel patterns beyond daily movements. However, the pandemic introduced unprecedented changes, such as 

widespread remote work and online education, which disrupted daily routines and increased screen time. Public 

transportation usage declined significantly, reflecting broader shifts in travel behavior (Rafiq et al., 2022; Fumagalli 

et al., 2021). Notably, recent research has further unpacked the stage-dependent spatiotemporal dynamics of pandemic-

induced mobility changes. Gu et al. (2025) specifically examined how the COVID-19 pandemic and road 

infrastructure jointly exerted stage-dependent spatiotemporal influences on inter-city road travel in China, highlighting 

the heterogeneous impacts of the pandemic across different phases and geographic contexts. Therefore, it is evident 

that human mobility behavior changes markedly in response to the COVID-19 pandemic (Zhao et al., 2023). These 

transformations underscore the pandemic’s profound influence on mobility, with drastic reductions in physical 

movement becoming a social norm.  

In the context of COVID-19, mobility data has revealed critical trends and adaptation strategies, illustrating how 

individuals and communities respond to crises. Leveraging diverse data sources, researchers have employed a range 

of methodological approaches to dissect these changes. Key among these are sophisticated temporal analysis 

techniques. For instance, numerous studies have employed simulation and predictive models to forecast the potential 

dissemination of the novel coronavirus (Zheng et al., 2021; Hu et al., 2021). Time series decomposition has helped 

isolate underlying trends from seasonal patterns and noise, revealing the pandemic’s long-term impact on movement 

(Doornik et al., 2021; Zbezhkhovska & Chumachenko, 2025). Machine learning models have been applied to forecast 

mobility trends or identify distinct behavioral archetypes emerging during the crisis. By combining these datasets with 

analytical tools like those mentioned above, researchers have been able to uncover significant shifts in behavior and 
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their implications for public health and economic resilience (Pavlović et al., 2022; Cao & Liu, 2024). Additionally, 

studies by Bonaccorsi et al. (2020) on pandemic impacts and Okamoto (2022) exemplify the connection between 

mobility patterns and economic outcomes, further validating this critical relationship. Numerous studies have analyzed 

pandemic-induced mobility changes, typically using mobile device data or public health datasets (Kan et al., 2021; Yu 

& Liu, 2023). However, most of these studies focus on national-level averages or city-specific cases and tend to treat 

mobility and economic effects separately. Furthermore, spatial analysis has played a vital role. Studies have utilized 

techniques such as spatial autocorrelation measures to identify clusters of high or low mobility reduction and their 

spatial persistence (Hajlasz & Pei, 2024; Chapin & Roy, 2021). Geographically Weighted Regression (GWR) and 

other spatial regression models have been employed to explore how the relationship between mobility changes and 

potential drivers varies across space (Chen et al., 2021). Based on previous research, what remains underexplored is 

how changes in mobility behavior across different sociopolitical and cultural contexts translate into adaptive outcomes. 

Moreover, few studies systematically integrate behavioral adaptation theory with quantitative mobility metrics to 

understand both the temporal dynamics of behavioral change and its economic consequences. This gap is especially 

pertinent in East Asia, a region marked by diverse governmental responses, public compliance norms, and digital 

infrastructure.  

This gap in the literature highlights the need for a unifying theoretical lens, one capable of contextualizing 

empirical observations of mobility shifts within a coherent framework of human decision-making and behavioral 

adjustment. While reviewed studies document the what and where of mobility change, they rarely ground these 

observations in a theory explaining the how and why of individual and collective adaptation processes. Such a 

foundation is essential for linking observed spatiotemporal mobility patterns with the underlying cognitive and social 

mechanisms underpinning them, and ultimately for unpacking their socioeconomic ramifications. This need thus 
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frames the introduction of Behavioral Adaptation Theory as a scaffold linking empirical measurement with conceptual 

elaboration. 

2.2 Theoretical Framework 

Behavioral Adaptation Theory explores how individuals adjust their behavior in response to environmental 

perturbations to enhance survival and well-being (Hamilton et al., 2018; Yu et al., 2023). Grounded in the research 

(Osman, 2010; Rachman, 2025), this theory posits that humans continuously interact with their environment through 

cognitive processing and behavioral feedback loops, forming adaptive cycles that optimize outcomes under constraints. 

Mobility behavior, as a critical manifestation of human adaptation, is inherently non-static; it evolves through 

interactions with physical landscapes, social norms, and cultural infrastructures (Golledge, 1997; Xu et al., 2025). The 

COVID-19 pandemic presented a massive, shared environmental perturbation, yet the adaptive response in mobility 

was filtered through region-specific contexts. Behavioral Adaptation Theory provides the lens to understand this 

filtering process. It suggests that the observed empirical differences across regions are not random but rooted in 

varying expressions of these core adaptation dimensions, shaped by local factors. Individuals develop various 

strategies and mechanisms to cope with environmental changes, including changing habits, or altering social behaviors. 

As depicted in Fig.1, our study applies this framework to human mobility-spatial environment dynamics during the 

COVID-19 pandemic. This application directly addresses the gap identified in the literature review. While prior 

research has meticulously documented pandemic-induced mobility changes using diverse data and methods, 

Behavioral Adaptation Theory provides the explanatory mechanism to synthesize these findings. It frames the 

observed reductions in public transport use, the emergence of new travel archetypes, and the spatiotemporal 

heterogeneity not merely as statistical patterns, but as the aggregate outcome of countless individuals undergoing 

cognitive and behavioral adaptation cycles in response to risk and policy cues. The theory illuminates how individuals 
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utilize cognitive maps and risk-based decision-making to reconfigure mobility in novel social contexts (Sih et al., 

2011). However, rising awareness of pandemic severity triggered spatial cognition shifts, altering environmental 

perceptions and navigation priorities (Vanhove et al., 2021). For instance, real-time infection data amplified perceived 

vulnerability in crowded spaces, prompting preemptive avoidance even before policy mandates (Pullano et al., 2020). 

During the pandemic, people adjusted their geographical decisions, such as deciding whether to go out, where to go, 

and when to engage in these activities. Consequently, spatial interactions became subject to COVID-19 constraints. 

The intensity of these interactions was influenced by policies and public health measures. Over time, the pandemic's 

impact on human mobility patterns became increasingly evident, with distinct trends emerging across different 

countries and regions. These variations were shaped by both individual choices and governmental interventions 

(Kraemer et al., 2020). Building on this theoretical scaffold, the empirical approaches reviewed earlier, including time 

series decomposition to isolate trends, changepoint detection to identify behavioral shifts, and spatial regression to 

model geographic variation, are thus reconceptualized within this framework as tools for quantifying different phases 

and manifestations of the adaptation process. They move from descriptive analytics to the measurement of a theoretical 

construct. 
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Fig.1 Analytical framework of human mobility behavior under the COVID-19 pandemic 

Guided by this framework, our study moves from description to theory-informed explanation. This allows us to 

interpret the empirical results not just as divergent trends, but as manifestations of distinct adaptive pathways. In this 

research, we construct the theoretical framework under the behavioral adaptation theory. To bridge the theoretical 

framework and the empirical tools, we conceptualize the Responsive Index (RI) as a quantitative expression of 

behavioral adaptation. Specifically, RI measures the degree to which individuals reduce or increase mobility in 

response to perceived risk and policy constraints. These factors are key indicators of adaptive decision-making, which 

is shaped by both individual assessments and external mandates. Similarly, changepoint detection identifies temporal 

thresholds in behavior, representing critical moments when individuals re-evaluate risk or when external interventions 

prompt shifts in behavior. These empirical measures align with Behavioral Adaptation Theory by operationalizing 

behavioral change as a response to evolving environmental cues and social norms during the pandemic. This allows 
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us to systematically test the theory’s propositions against observed mobility data, thereby addressing the literature’s 

shortcoming in theoretically integrated quantitative analysis. Critically, this framework acknowledges the complex 

interplay and potential difficulty in fully disentangling the individual effects of perceived risk and policy constraints 

on mobility, especially as adaptations evolve over time.  

3 Materials and Methods 

3.1 Study area and data  

3.1.1 Study area.  

As illustrated in Fig.2, this study focuses on five East Asian regions: Mongolia, Japan, Republic of Korea, 

Hong Kong (China), and Taiwan (China). This selection provides a strategic cross-section of the region, capturing a 

diverse spectrum of pandemic containment strategies, economic development levels, and cultural contexts. A key 

practical consideration enabling a standardized comparative analysis was the consistent public availability of 

Google’s Community Mobility Reports for these jurisdictions throughout the study period, which serves as the core 

dataset for this research. China and the Democratic People’s Republic of Korea are not included in the comparative 

framework as comparable mobility data were not published. By examining this strategically chosen and analytically 

viable set of societies, the research aims to derive insights that can inform future public health responses in similar 

sociocultural and technological settings globally. 
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Fig.2 The study area of five countries and regions in East Asia, including Mongolia, Japan, Republic of Korea, Hong 

Kong (China) and Taiwan (China) 

3.1.2 Data 

This study establishes a consistent observation period from February 15, 2020, to October 14, 2022 (139 weeks), 

applied uniformly across all datasets. Data encompasses Google’s Community Mobility Report, COVID-19 case 

counts, and economic indicators collected concurrently across five countries and regions throughout this period, 

ensuring full temporal alignment for integrated analysis. 

(1)Human mobility data.  

Google’s Community Mobility Report (CMR) compiles daily mobility data for five East Asian countries and 

regions-Mongolia, Japan, Republic of Korea, Hong Kong, and Taiwan (China)-using anonymized location history 

data from individuals using Google apps on smartphones or handheld devices (Aktay et al., 2020). The dataset tracks 

variations in mobility across six categories: retail and recreation, grocery and pharmacy, parks, transit stations, 

workplaces, and residential locations, as compared to a baseline (Table 1). For the residential category, the data reflect 
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changes in the length of stay, while  

the other five categories capture changes in the number of visits. The Google Mobility Report baseline, defined as the 

median value from January 3 to February 6, 2020, is set by Google and used globally to enable comparative tracking. 

Mobility scores represent percentage changes from this baseline, with scores below zero indicating decreases and 

scores above zero indicating increases. While this data may underestimate the true magnitude of pandemic-induced 

mobility shifts in certain regions, the Google baseline nevertheless serves as a valuable reference point for calculating 

relative percentage changes. To minimize distortion and improve interpretability, all daily mobility data were 

aggregated into weekly averages, smoothing out day-of-week effects and irregularities. 

Table 1. The explanation of six different place categories on human mobility behavior. 

Location categories Subclassification 

Retail and recreation 

Restaurants, cafes, shopping centers, theme parks, museums, 

libraries, and movie theaters. 

Grocery and pharmacy 

Grocery markets, food warehouses, farmers markets, food shops, 

drug stores, and pharmacies. 

Parks 

Local parks, national parks, public beaches, marinas, dog parks, 

plazas, and public gardens. 

Transit stations Public transport hubs such as subway, bus, and train stations. 

Workplaces Places where people engage in professional activities or work. 

Residential 

Housing and living accommodations, such as houses, apartments, 

condos and others. 

(2) Cases of COVID-19 pandemic and economic indicators.  

Data on daily new confirmed cases of COVID-19 were obtained from the Johns Hopkins Coronavirus Resource 

Center. To align with the mobility data, daily case counts were aggregated into weekly averages. The study period 
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spans from February 15, 2020, to October 14, 2022, covering a total of 139 weeks. In addition, economic indicators, 

including GDP, GDP growth rates, and unemployment rates for Mongolia, Japan, Republic of Korea, Hong Kong, and 

Taiwan (China), were collected from the World Bank and the International Monetary Fund at their native annual 

frequency. This difference in temporal analytical units is a critical methodological consideration: (1) Granularity & 

Dynamic Response: Weekly mobility and case data capture short-term behavioral and epidemiological shifts, while 

annual economic indicators reflect aggregate long-term trends. Consequently, our model inherently analyzes 

cumulative economic impacts observable at yearly level resulting from weekly pandemic dynamics; (2) Temporal 

Misalignment & Attribution: The annual resolution of economic data limits precise attribution of impacts to specific 

weekly events. Statistical techniques mitigate but cannot fully resolve this fundamental scale discrepancy; (3) Data 

Availability Constraint: Annual reporting is the standard for key macroeconomic indicators across international 

databases. Higher-frequency proxies were infeasible given the study’s comprehensive indicators and cross-country 

scope. Thus, economic indicators retain annual resolution in our primary models. These data provide essential context 

for evaluating socioeconomic implications of mobility changes during the pandemic, enabling robust assessment of 

medium-to-long term relationships between pandemic dynamics, policy stringency, and economic outcomes.  

3.2 Methods 

3.2.1 Gradient Boosting Machine (GBM) 

The Gradient Boosting Machine (GBM) method, introduced by Friedman (2001), is an ensemble learning 

technique that iteratively combines weak learners to enhance predictive accuracy and robustness. In this time-series 

supervised learning framework, we treated each country/region as an independent case study. For each geographical 

unit, we constructed a longitudinal dataset where every observation represents a weekly time unit across the full study 

period (139 weeks total). The model was specifically applied to evaluate how mobility behavior impacts economic 
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forecasting. In the context of this paper, economic forecasting is explicitly defined as the use of aggregated mobility 

behavior to predict near-term changes in economic indicators. The dataset was rigorously split into training (1~111 

weeks, 80%) and testing subsets (112~139 weeks, 20%), preserving temporal sequence integrity by using earliest data 

for training and most recent for validation. 

There is a training dataset{(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , where 𝑥𝑖 represents the features and 𝑦𝑖 represents the target variables. 

Mobility data were employed as input variables, with economic indicators serving as target variables. The goal of 

GBM is to build a final model 𝐹𝑀(𝑥) by combing a series of weak learners  ℎ𝑚(𝑥) (Friedman, 2001): 

𝐹𝑀(𝑥) = ∑ 𝛾𝑚
𝑀
𝑚=1  ℎ𝑚(𝑥)                                                    (1) 

Where 𝛾𝑚 is the weight for each learner, typically determined by minimizing the loss function. In each 

iteration, GBM updates the model through the following steps: 

(a) Initialize the model 𝐹0(𝑥): 

𝐹0(𝑥) = 𝑎𝑟𝑔 𝑚𝑖𝑛𝛾 ∑ 𝐿(𝑦𝑖 , 𝛾)𝑁
𝑖=1                                                  (2) 

(b) For each internation, 𝑚 = 1, 2, … , 𝑀, compute the residuals 𝑟𝑖𝑚: 

𝑟𝑖𝑚 = −
𝜕𝐿(𝑦𝑖,𝐹(𝑥𝑖))

𝜕𝐹(𝑥𝑖)
|𝐹(𝑥)=𝐹𝑚−1(𝑥)

                                           (3) 

       Train a weak learner ℎ𝑚(𝑥) to fit the residuals 𝑟𝑖𝑚, and update the model: 

𝐹𝑀(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥)                                                  (4) 

A key innovation in GBM model is the incorporation of lagged mobility features, which reflect the real-world 

delay between behavior and economic response. Specifically, we generated lagged versions of each mobility 

category for multiple time windows. These lagged features were constructed by shifting the time series of the 

mobility index backward.  

3.2.2 Responsive Index (RI) 
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Responsive index (RI) was employed to quantify the degree of responsiveness in human mobility behaviors to 

the COVID-19 pandemic (Huang et al., 2021). A decrease in mobility within categories such as retail and recreation, 

grocery and pharmacy, parks, transit stations, and workplaces is considered a positive response, while an increase is 

regarded as a negative response. For the residential category, the index is interpreted inversely, whereby an increase 

in residential mobility indicates a positive response and reflects compliance with stay-at-home measures. With the 

reference of research (Huang et al., 2021), the formulas are as follows: 

𝑅𝐴 =
∑ 𝑆𝐴∝

𝑖
𝑖

∑ 𝑆𝐴∝
𝑖

𝑖 +𝑆𝐴𝛽

                                                                     (5) 

𝑅𝐵 =
∑ 𝑆𝐵∝

𝑖
𝑖

∑ 𝑆𝐵∝
𝑖

𝑖 +𝑆𝐵𝛽

                                                                     (6) 

𝑅𝐼 = 𝑅𝐴 − 𝑅𝐵                                                                      (7) 

The smoothed curve of changes in human mobility behavior will intertwine with the baseline, which has a value 

of 0%. The calculation of the 𝑅𝐼 is divided into two parts: the first part, 𝑅𝐴, represents the ratio of the area below the 

baseline (𝑆𝐴𝛼
) to the total area from -100% to 0% and 𝑅𝐴 quantifies the strength of the positive response. As for the 

second part, 𝑅𝐵, represents the ratio of the area above the baseline (𝑆𝐵𝛼
) to the total area from 0% to +100% and 𝑅𝐵 

quantifies the strength of the negative response. The area between the baseline and the smoothed time series is denoted 

as 𝛼 while the space outside of 𝛼 is denoted as 𝛽.  

The responsiveness index (𝑅𝐼) ranges from -100% to +100%, where an 𝑅𝐼 of 1 indicates perfect responsiveness 

hypothetically. A positive RI signifies a cumulative positive response within a defined period, whereas a negative RI 

indicates the opposite. 

3.2.3 The quantification of Changepoints 

Changepoints indicate moments when mobility patterns deviated substantially from previous trends, often 

corresponding to critical events such as the implementation of lockdowns or the relaxation of restrictions. This study 
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employs the Changepoint framework (Killick & Eckley, 2014; Hasselwander et al., 2021), which uses statistical 

methods to segment time series data into distinct phases. Changepoints were detected with 95% confidence intervals 

(Hinkley, 1970), highlighting key transitions in mobility behaviors (Hasselwander et al., 2021). This analysis provides 

insights into the timing and magnitude of population level adaptations to the pandemic across Mongolia, Japan, 

Republic of Korea, Hong Kong, and Taiwan (China). 

Suppose we have a time series dataset 𝑌 = (𝑦1, 𝑦2, … 𝑦𝑇) , and we suspect that there are multiple structural 

changepoints in the data, which divide the time series into several segments. Our goal is to identify the number of 

changepoints and their locations. Assume that there are 𝑚  changepoints in the time series, located at 𝜏1, 𝜏2,…𝜏𝑚 , 

dividing the time series into 𝑚 + 1 segments. The observations in each segment can be considered to come from 

different statistical models. A standard assumption is that observations within each segment follow the same 

probability distribution, though with segment-specific parameters. For instance, it is common to assume that within 

each segment, the observations 𝑦𝑡 follow a normal distribution with distinct means and variances. 

If 𝜏𝑖 denotes the 𝑖-th changepoint, with 𝜏0 = 1 and 𝜏𝑚+1 = 𝑇 (the start and end points of the time series), the 

model for each segment is as follows: 

𝑦𝑡 ~ 𝑁(𝜇𝑖 , 𝜎𝑖
2), for 𝑡 ∈ (𝜏𝑖−1, 𝜏𝑖], 𝑖 = 1, 2, … , 𝑚 + 1                          (8) 

where 𝜇𝑖 and 𝜎𝑖
2 represent the mean and variance of the time series in the 𝑖-th segment. 

As shown in Fig.3, this diagram presents a comprehensive workflow framework investigating the relationships 

between human mobility patterns, the COVID-19 pandemic, and economic performance. The process begins by 

integrating Input Data from three critical sources. This foundational data feeds into a suite of advanced Methods 

including the Responsive Index to quantify behavioral reactions, Changepoints Detection to identify significant 

temporal shifts in trends and GBM Modeling to build predictive models capturing complex interactions. The analysis 
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unfolds sequentially across four questions, as stated in Introduction. This progression signifies an evolution in the 

research focus: starting with immediate empirical analysis and practical interpretations of behavior and regional 

disparities, moving through concrete economic predictions, and ultimately culminating in the development of broader 

theoretical understanding. 

 

Fig.3 Workflow diagram for quantifying regional adaptation to COVID-19 

4 Results  

4.1 The tendency in human mobility behavior and confirmed cases 

As shown in Fig.4, the five East Asian countries and regions, namely Mongolia, Japan, Republic of Korea, Hong Kong, 

and Taiwan (China), displayed distinct human mobility patterns and COVID-19 case trajectories during the pandemic. 

Each location experienced significant relative shifts in mobility behavior. Table 2 outlines the diverse containment 

policies adopted in these areas.  

Table 2. Various restricting measures of human mobility during the pandemic in five East Asian countries and 

regions. 

Countries and regions Restricting Measures 

Mongolia Closure of international borders;  

Suspension of international flights;  
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Quarantine measures for incoming travelers;  

Localized lockdowns in affected areas;  

Travel restrictions within the country. 

Japan Entry bans for travelers from certain countries; Quarantine 

requirements for incoming travelers; 

Suspension of visa issuance for certain countries; 

Advisory against non-essential domestic and international travel; 

Limitations on public transportation services. 

Republic of Korea Mandatory quarantine for incoming travelers; 

Entry bans for travelers from high-risk countries; 

Restrictions on visa issuance; 

Social distancing measures, including limitations on gatherings; 

Suspension of certain types of visas. 

Hong Kong Entry restrictions and quarantine measures for incoming travelers; 

Suspension of visa-free access for certain nationalities; 

Closure of certain border checkpoints; 

Mandatory testing and quarantine for individuals with potential 

exposure; 

Restrictions on public gatherings and social activities. 

Taiwan (China) Strict border controls and quarantine measures for incoming 

travelers; 

Entry bans for certain nationalities; 

Mandatory mask-wearing in public places; 

Social distancing measures in public spaces; 

Restrictions on large gatherings and events. 

The first type, exemplified by Mongolia, represents a pattern of Minimal Adaptive Adjustment. This was 

characterized by consistent growth in mobility across all six categories during the study period. Despite pandemic 

conditions, mobility levels in Mongolia generally remained above baseline, with grocery and pharmacy visits showing 

particular resilience. This stability can be explained by a specific adaptive pathway in which stringent national border 

closures created a strong cognitive appraisal of a protected domestic environment, leading to relatively low perceived 
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internal risk. Consequently, mobility patterns showed remarkable consistency, with no substantial declines observed. 

However, workplace mobility exhibited a temporary reduction during two infection waves (August 2021-February 

2022), indicating pandemic-induced behavioral adjustments. The overall mobility resilience reflects an adaptation 

strategy centered on maintaining near-normalcy under conditions of externally containment. The second type, 

represented by Republic of Korea and Hong Kong, demonstrates a pattern of Dynamic and Responsive Adaptation. 

This was characterized by noticeable, policy-sensitive fluctuations in mobility. For instance, Republic of Korea saw 

increased park visits (a compensatory strategy) alongside decreased transit and workplace mobility. Hong Kong 

exhibited sharp declines in most non-essential categories during outbreak peaks. This pattern aligns with an adaptation 

process driven by strong cognitive appraisal of rapidly changing local transmission risks. The observable fluctuations 

are the direct outcome of repeated cycles of behavioral adjustment, which involve tightening and relaxing movements 

in close response to epidemiological and policy cues. The third type, represented by Japan and Taiwan (China), 

illustrates a pattern of Sustained Precautionary Adaptation. This was characterized by consistent decreases in mobility 

across most categories, with levels generally below baseline throughout the observation period. In Japan, transit station 

and workplace mobility experienced pronounced declines, and these patterns persisted without recovering to pre-

pandemic levels by the end of the observation period. Residential activity consistently exceeded the baseline, reflecting 

prolonged adherence to stay-at-home measures. Similarly, Taiwan (China) saw marked declines in retail/recreation, 

park visitation, and transit station usage, with particularly sharp drops in June 2021 and June 2022. This pattern 

suggests a dominant adaptation pathway where a consistently high cognitive appraisal of risk, potentially reinforced 

by prevailing social norms and prolonged advisory measures. 

Despite regional differences, a common trend emerged across all five regions: increased residential mobility 

during peaks in confirmed cases. This universal response underscores a core principle of Behavioral Adaptation 
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Theory: when faced with a salient and severe threat, the most immediate and convergent behavioral adjustment is 

retreat to the perceived safety of home (Bamney et al., 2023). Similarly, the general increase in grocery and pharmacy 

visits reflects an adjustment prioritizing essential needs, a basic adaptive strategy under constraint (Zheng et al., 2025). 

Notably, February 2022 saw a significant case peak across all regions, coinciding with sharp, synchronized behavioral 

shifts. This event acted as a powerful external shock, temporarily aligning the cognitive appraisal of risk across diverse 

contexts, leading to a convergent, though temporary, peak in behavioral adjustment. During the major case surge in 

early 2022, all regions showed synchronized behavioral shifts: residential mobility increased significantly while transit 

usage declined sharply. Notably, by October 2022, divergent policies drove distinct mobility trajectories. Mongolia 

maintained strict controls, preserving stable mobility patterns, whereas Hong Kong’s relaxation led to retail mobility 

recovery despite localized restrictions. Policy adjustments over time further shaped mobility evolution: Japan’s 

prolonged travel advisories sustained reduced workplace activity; Japan’s prolonged reductions, Republic of Korea’s 

delayed park recovery, and Taiwan (China)’s dual declines all exemplify how region-specific interactions between 

policy, social norms, and individual adaptation processes generated the distinct, empirically observed mobility 

trajectories. This integrated perspective, which combines spatial and temporal dimensions, illustrates how region-

specific policies, including both sustained restrictions and gradual reopening, generated divergent mobility outcomes 

even within the same phase of the pandemic, thereby offering a more refined understanding of behavioral adaptation. 
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Fig.4 Pattern of Google location and cases in five countries and regions from February 15th, 2020, to October 14th, 

2022. (a) Mongolia; (b) Japan; (c) Republic of Korea; (d) Hong Kong; (e) Taiwan (China) 

In the later stages of the pandemic, mobility patterns began to recover compared to the early stages, particularly 

in Mongolia. However, in Republic of Korea, Japan, Hong Kong, and Taiwan (China), mobility levels across most 

categories did not return to pre-pandemic norms. This phenomenon reflects behavioral adaptation, where individuals 

adjusted to new patterns of movement and interaction, even as restrictions were gradually lifted.  

4.2 Response to the COVID-19 pandemic 

Based on the observed trends in human mobility and confirmed cases, this section quantifies the responsiveness 

of mobility behavior to the COVID-19 pandemic using the RI. The RI measures the cumulative degree to which 

mobility in each category diverged from baseline levels, helping assess how populations adjusted to the unfolding 
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crisis. It is important to note, however, that the RI captures overall responsiveness, not purely voluntary behavioral 

choices. In many cases, mobility changes were shaped by a combination of individual risk perception and state-

imposed policies, such as lockdowns, public gathering restrictions, facility closures, and travel bans. 

 

Fig.5 Differential Mobility Category Responses to COVID-19 Measured by RI  

The RI analysis provides a quantitative measure of behavioral adjustment magnitude, revealing systematic 

variations across regions that are interpretable through the dimensions of Behavioral Adaptation Theory. As 

displayed in Fig.5, across all five regions, the RI shows generally positive responses in categories like transit 

stations, workplaces, and retail/recreation, indicating reduced mobility consistent with containment goals. This 

pattern reflects a dominant adaptation strategy of avoidance in response to the perceived high-risk nature of these 

locations. Conversely, residential mobility showed negative RI values during case surges, signifying the substitution 

strategy of adapting by shifting activities to the perceived safety of the home. Notably, grocery and pharmacy 

mobility consistently displayed negative RI (increased activity) across most regions. This divergence underscores a 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

key theoretical insight: adaptation is not a monolithic reduction in all mobility but a strategic re-prioritization. 

Essential activities persist or intensify, demonstrating how adaptive behavior balances risk appraisal against 

necessity-driven motivations. 

Analyzing the five countries and regions individually, Taiwan (China), Hong Kong, Republic of Korea, and 

Japan predominantly exhibited positive responses, reflecting widespread adherence to pandemic restrictions. In 

contrast, mobility behaviors in Mongolia largely exhibited negative feedback, except in the residential category. This 

displays an adaptation pathway where strong cognitive appraisal of risk led to widespread and behavioral 

adjustments favoring avoidance and compliance. The positive RI is the quantitative signature of this pervasive 

adaptive shift. Mongolia’s relatively lower confirmed case numbers throughout the study period contributed to this 

phenomenon, as mobility levels in all categories, except residential, consistently remained above the baseline. This 

pattern suggests a different cognitive appraisal context, likely shaped by its unique epidemiological trajectory  and 

strict international border controls which may have fostered a perception of relative internal safety. 

The RI analysis highlights the critical role of cultural, policy, and pandemic severity factors in shaping mobility 

responses. For instance, Taiwan (China), Hong Kong, and Republic of Korea implemented stringent restrictions and 

public health measures, leading to strong positive responses in categories such as transit stations and workplaces. 

Conversely, Mongolia’s less restrictive measures allowed for greater mobility, resulting in a predominantly negative 

RI across most categories. The findings also align with the Behavioral Adaptation Theory, which posits that 

individuals adjust their behaviors in response to environmental changes. During the pandemic, as the social 

environment transformed, individuals became increasingly aware of the risks associated with the virus. This 

awareness, combined with the growing number of confirmed cases and deaths, prompted significant shifts in 

mobility behaviors. Mobility patterns revealed a significant shift toward home-based activities, indicating 
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widespread public cooperation with pandemic mitigation efforts. However, grocery and pharmacy visitation patterns 

diverged from this trend, showing increased mobility driven by essential needs. As pandemic risks escalated, 

individuals prioritized procuring medical supplies and daily necessities, resulting in heightened activity at these 

locations. This behavioral dichotomy highlights the nuanced nature of mobility decisions during crises, where urgent 

requirements may supersede risk avoidance. Thus, the RI does not merely measure response but quantifies the 

differential outcome of distinct regional adaptation processes, providing empirical evidence for the theory’s central 

premise that behavior adapts in ways that are contingent on environmental and perceptual contexts. 

4.3 Detection of changepoint in different categories and countries and regions 

To identify when these statistical shifts occurred, we applied the changepoint method to determine the most 

significant changes across various location categories in the five countries and regions. As shown in Fig.6, 

changepoints across all six location categories reflect statistically significant changes in mobility behavior. The 

changepoint analysis provides critical empirical evidence for the temporal dynamics of behavioral adaptation, 

revealing how the timing, frequency, and magnitude of significant behavioral shifts varied systematically across 

regions and mobility categories. These variations are not arbitrary but reflect differences in the underlying adaptation 

processes. 

The changepoint analysis reveals distinct patterns in retail and recreation mobility across East Asian regions 

during the pandemic. Japan and Republic of Korea exhibited relatively stable trajectories with moderate behavioral 

shifts, while Hong Kong and Taiwan (China) demonstrated more pronounced volatility in this category. Mongolia’s 

changepoints reflected gradual transitions, indicating comparatively limited responsiveness to mobility restrictions. 

Mongolia exhibited a notable upward trend in this category after the changepoints, reflecting fewer restrictions 

compared to Japan and Republic of Korea, where grocery and pharmacy mobility showed more fluctuations in 
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response to containment measures. Also, Mobility patterns in parks varied significantly across regions, Japan and 

Republic of Korea exhibited minimal adaptation in park mobility, while Hong Kong and Taiwan (China) demonstrated 

notable shifts in response to restrictions and allowances for outdoor activities. Mongolia’s mobility patterns in parks 

showed fewer drastic changes. Transit station mobility displayed substantial adjustments in response to the pandemic, 

particularly in Hong Kong and Republic of Korea, where sharp declines were observed during peaks in COVID-19 

cases. Mongolia, on the other hand, experienced a steep increase in transit mobility after its changepoints, reflecting 

a faster return to normal commuting patterns compared to the other regions. Workplaces showed varying degrees of 

mobility adjustments across the five regions. Japan and Republic of Korea displayed consistent but small dips in 

workplace mobility, aligning with remote work policies. Furthermore, residential mobility changepoints highlighted 

significant increases in time spent at home, particularly during lockdown periods. Taiwan (China) and Hong Kong 

experienced strong changepoints in this category, indicating adherence to stay-at-home measures. Conversely, 

Mongolia displayed less dramatic shifts, reflecting a lower overall impact of the pandemic on residential behavior. 

The occurrence of changepoints signifies not only substantial behavioral transformations but also the evolving 

public perceptions of the pandemic, transitioning from initial panic to adaptive responses (Weitz et al., 2020). Transit 

stations and workplaces saw substantial, often synchronous negative changepoints across multiple regions, 

underscoring a widespread adaptive strategy of avoidance for high-risk, non-essential shared spaces. Residential 

mobility showed strong positive changepoints during lockdowns, marking clear shifts toward the substitution strategy 

of using the home as a primary activity hub. Park mobility displayed divergent changepoint patterns, highlighting how 

the same category could be appraised differently leading to region-specific adaptive strategies. In summary, the 

changepoint analysis operationalizes the “when” and “how suddenly” of behavioral adaptation. The distinct regional 

types empirically validate that there is no single adaptive response. Instead, the timing and nature of behavioral 
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transitions are contingent on how regional contexts shape the collective cognitive appraisal of risk and the subsequent 

selection and persistence of behavioral adjustment strategies (Dehning et al., 2020). This moves the findings beyond 

descriptive chronology to a theory-grounded explanation of differential adaptation tempo and stability. 
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Fig.6 Detection of the changepoint across six different locations  (red lines indicate statistically significant 
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changepoints) 

4.4 The impact of human mobility behavior on economic forecasting 

Building upon the distinct behavioral adaptation pathways identified across the five regions, the analysis of 

economic forecasting models reveals that these adaptive patterns have tangible and differential impacts on economic 

predictability. The features selected as most important for forecasting in each region are not generic but reflect the 

specific nature and stability of their dominant adaptation strategy.  

In general, the relative importance of mobility categories varied across the five East Asian countries and 

regions. Mobility in retail and recreation, transit stations, and workplaces exhibited the strongest influence on 

economic outcomes, reflecting their critical roles in driving consumer spending, transportation, and labor 

productivity. Conversely, residential mobility had a less pronounced impact on economic performance, as increased 

time spent at home often signals reduced economic activity. 

As illustrated in Fig.7, the model measures the contribution of each feature to its predictions, with higher values 

indicating greater importance. lag=N denotes a time-lagged mobility feature representing data from N days prior to 

the target economic indicator. And these lags capture the delayed economic impact of mobility changes. MSE values 

were all close to 0, indicating good model performance. In Mongolia, the high gain of the lag=14 feature (0.938056078) 

suggests that mobility data from the past 14 days is critical for economic forecasting. Other features, such as parks, 

residential, and retail and recreation, also show notable contributions, indicating their roles in predicting economic 

activity. For Japan, changes in mobility behavior 10 days prior significantly impact current economic conditions. 

Features such as grocery and pharmacy, retail and recreation, and parks also contribute. In Republic of Korea and 

Hong Kong, the lag=7 feature is particularly significant, indicating that mobility data from the past 7 days is crucial 

for forecasting current economic activity. In Republic of Korea, mobility in transit stations and retail and recreation 
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is important, reflecting the impact of commuting, travel, and consumer behavior on economic activity. In Hong Kong, 

mobility in workplaces and parks is significant, indicating the importance of work, production, leisure, and tourism 

activities on the economy. Taiwan (China) exhibited the shortest lag time (4 days). The high gain of lag=4 indicates 

that recent data is crucial, possibly reflecting short-term cyclical changes in economic activity between weekdays and 

weekends. Retail and recreation, as well as parks, also impact economic activity in Taiwan (China).  

 

Fig.7 Feature importance for GBM Model across countries and regions 

Firstly, lagged features in human mobility data, such as trends in mobility over the past few days, demonstrate 

significant importance in predictive models across different countries and regions. This reflects that economic 

activities exhibit certain cyclicality and inertia, where past mobility patterns have a decisive impact on economic 

conditions. Hong Kong and Republic of Korea show that mobility behavior from the past week (lag=7) plays a crucial 

role in economic forecasts, likely linked to the stability of surrounding environments, social activities, and consumer 

behavior. Secondly, consumer behavior plays a critical role in economic forecasting. During economic recessions or 

recoveries, the level of consumer participation in retail and recreation activities directly influences the speed and 
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strength of economic recovery. Thirdly, changes in mobility related to work and production activities also have a 

significant impact on economic forecasting. Mobility from workplaces reflect labor activity and productivity levels, 

directly influencing a country or region’s economic growth. Additionally, changes in mobility at transportation hubs 

and public service facilities provide important clues for economic forecasting. In essence, the analysis demonstrates 

that the link between mobility and economic outcomes is not uniform but is filtered through the lens of behavioral 

adaptation. The cognitive appraisal of risk and the resulting behavioral adjustment strategies reshape the very structure 

of the economy. Consequently, the most informative features for economic forecasting in a given region are those that 

best capture the signature of its dominant adaptive pathway. 

Therefore, a theoretically informed understanding of mobility behavior that distinguishes short-term reactions 

from longer-term adaptations is crucial not only for interpreting past economic impacts but also for constructing more 

accurate and context-sensitive predictive models. By integrating Behavioral Adaptation Theory, we move beyond 

merely noting that mobility features influence the economy to explaining why specific features exert stronger effects 

in some regions than in others, as determined by the ingrained adaptive behaviors of their populations. 

5 Discussion 

5.1 Contributions 

This study examines human mobility behavior across five East Asian countries and regions during the COVID-19 

pandemic, integrating Behavioral Adaptation Theory with mobility data to establish a novel analytical framework. 

First, it presents a focused analysis of human mobility across five East Asian societies during the pandemic, offering 

comparative insights shaped by varied government policies and cultural contexts. Second, it applies advanced 

analytical techniques to identify critical periods of behavioral change and to enhance the accuracy of economic 

forecasts linked to mobility dynamics. Third, it grounds its empirical findings within Behavioral Adaptation Theory, 
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providing a robust framework for understanding pandemic-induced mobility shifts and their broader societal 

implications.  

To integrate the empirical findings with Behavioral Adaptation Theory, we explicitly situate the results within 

the framework’s key dimensions. The empirical indicators employed in this study operationalize these adaptive 

processes in complementary ways: the Responsive Index reflects the cumulative degree of behavioral adjustment 

relative to baseline norms; changepoints capture temporal thresholds where new information or policy cues trigger 

reassessment and behavioral updating; and category-specific mobility trajectories reveal how individuals reconfigure 

daily routines in response to shifting environmental and social constraints. These measures allow us to interpret cross-

regional differences not merely descriptively but as distinct manifestations of adaptive pathways shaped by the 

interplay of perceived risk, cultural expectations of compliance, policy stringency, and infrastructural dependence on 

particular mobility modes. 

5.2  Contextualizing the Findings: Commonalities and Divergences 

Interpreted through the lens of Behavioral Adaptation Theory, the cross-regional variation in mobility behavior 

reflects distinct adaptive pathways shaped by differences in cognitive risk assessment, normative expectations, 

environmental constraints, and policy regimes. Mongolia’s comparatively stable mobility patterns indicate a weaker 

activation of adaptive mechanisms, consistent with lower perceived risk and limited disruption to established routines. 

In contrast, Japan and Republic of Korea, characterized by dense urban settings and high transit dependency, showed 

sharp declines in workplace and transit mobility. This reflects behavioral adjustments driven by greater sensitivity to 

higher perceived vulnerability. Taiwan (China) and Republic of Korea further demonstrated adaptation strengthened 

by strong normative pressures and collectivist compliance cultures, which accelerated compliance with restrictions 

and helped sustain reduced levels of non-essential mobility. Hong Kong’s sharper volatility reflects an adaptation 
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pathway dominated by abrupt policy shifts and fluctuating perceptions of institutional control. These differences 

underscore that behavioral adaptation is inherently multi-scalar, emerging from the joint influence of perceived risk, 

cultural expectations of compliance, policy stringency, and the built environment, rather than from any single 

determinant. 

Findings on the pandemic’s significant influence on human mobility in East Asia are effectively framed by 

Behavioral Adaptation Theory. This theory explains how individuals modify their behaviors in response to 

environmental changes, such as the risks and restrictions introduced by COVID-19. The observed consistent increases 

in residential time and decreases in transit and workplace mobility across most regions reflect public compliance with 

health measures and cognitive adjustments to reduce exposure. Regional variations further emphasize the role of 

context. Mongolia’s stable mobility levels can be linked to its geographic isolation and early containment success, 

coupled with lower urban density and transit reliance which reduced the perceived need for drastic behavioral change. 

Japan and Taiwan (China) showed more sustained reductions, driven by strong social norms and risk aversion in Japan, 

and by a proactive, technology-enabled containment strategy paired with high public trust in Taiwan (China). Republic 

of Korea presented a hybrid approach, employing digital surveillance while maintaining moderate activity levels 

through targeted restrictions rather than blanket lockdowns. Hong Kong displayed volatile patterns, with sharp drops 

during outbreaks followed by partial rebounds. 

An important question arising from our findings is whether these mobility shifts represent short-term compliance 

or longer-term behavioral change. Although data conclude in October 2022, patterns in certain categories, especially 

workplace and transit mobility, suggest the beginning of lasting shifts. The persistence of reduced mobility in Japan 

and Taiwan (China) well into late 2022 points to potential structural changes that may extend beyond the immediate 

pandemic response. Contrary to the general decline in non-essential mobility, visits to grocery and pharmacy locations 
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paradoxically increased during the pandemic. Findings show that mobility to these essential venues not only remained 

above baseline but continued rising during peak infection waves in Mongolia and Taiwan (China). This suggests that 

as other activities contracted, essential shopping became more frequent and concentrated, potentially creating 

unintended transmission risks, a concern supported by studies linking retail density to infection clusters (Nanda et al., 

2022). Conversely, research in European contexts estimates that reduced mobility in this category accounted for most 

of the decrease in deaths (Bryant and Elofsson, 2020), highlighting its critical role. The distinction between short-term 

reaction and longer-term adaptation is central to the interpretation of pandemic mobility patterns. In Behavioral 

Adaptation Theory, short-term reactions reflect rapid, situational adjustments tied to policy stringency or sudden risk 

escalation, whereas long-term adaptations emerge when behaviors persist after acute triggers diminish. The dataset 

reveals that certain mobility categories, particularly those related to transit and workplaces in Japan and Taiwan 

(China), show patterns which persist well beyond episodic surges in cases; this points to the development of more 

stabilized, long-term adaptations. By contrast, Mongolia’s mobility oscillations are more consistent with short-term 

reactive cycles that reset to baseline after each outbreak period. Republic of Korea and Hong Kong exhibit mixed 

trajectories: sharp mobility contractions during peak waves followed by partial rebounds, suggesting transitional 

stages of adaptation rather than fully stabilized shifts. Although our data end in October 2022 and cannot capture full 

post-pandemic normalization, the persistence of these multi-year patterns supports the interpretation that some 

behavioral changes were evolving into longer-term adaptations rather than remaining transient reactions. 

Under Behavioral Adaptation Theory, mobility shifts are closely tied to the social environment (Bavel et al., 

2020). Changepoints capture how populations perceive and respond to risk, providing valuable information for timely 

policy adjustment and resource allocation (Yang et al., 2021). Our changepoint analysis across the five regions 

revealed significant differences in mean mobility before and after these points, while standard deviation showed more 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

subtle variations. This contrasts with Panik et al. (2023), whose analysis of travel behavior in Bibb County and Huron 

County found significant differences in standard deviation. 

5.3 Implications, Limitations, and Future Research 

While our analysis primarily attributes mobility changes to COVID-19-related policies and perceptions, we 

acknowledge concurrent influences such as remote work expansion, economic slowdowns, fuel price fluctuations, and 

pandemic-unrelated consumer shifts. The findings hold key implications for public health and economic policies. 

Increased residential mobility during COVID-19 peaks confirms the effectiveness of stay-at-home measures in curbing 

transmission, underscoring the value of timely, targeted interventions in health crises. Divergent mobility patterns 

across categories highlight the need to balance restrictions with essential needs by way of example: increased 

grocery/pharmacy mobility due to necessity, suggesting policies like supporting grocery delivery or extending 

pharmacy hours to minimize unnecessary movement. Economically, reduced workplace and transit mobility 

significantly impacted performance, especially in highly urbanized, public transit-dependent regions. Long-term 

mobility adaptations demand forward-thinking policies in urban planning, public transit, and labor markets to support 

sustainable recovery. 

Despite the valuable insights from this study, several limitations warrant attention in future research. A key factor 

influencing mobility patterns during the COVID-19 pandemic was the variation in government containment policies. 

Future research could integrate quantitative policy indices to better disentangle top-down policy effects from bottom-

up behavioral adaptation, thereby providing a clearer understanding of compliance, resistance, or fatigue over time. 

Moreover, comparative studies could further examine the spatiotemporal dynamics of mobility adaptation by 

analyzing behavioral responses across different pandemic waves and geographical settings. As shown by Kan et al. 

(2021) and Yu and Liu (2023), responses varied both temporally and culturally, underscoring the need to investigate 
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how urban structures and governance systems shape these differences.  

6 Conclusions 

This study investigated human mobility behavior during the COVID-19 pandemic across five East Asian 

countries and regions-Mongolia, Japan, Republic of Korea, Hong Kong, and Taiwan (China)-using Community 

Mobility Report, RI metrics, and changepoints detection methods. By analyzing mobility patterns in six categories 

(retail and recreation, grocery and pharmacy, parks, transit stations, workplaces, and residential areas), we identified 

key behavioral shifts, explored their temporal dynamics, and assessed their economic implications. 

 (1) Mobility adaptation varied significantly across regions, shaped by differences in policy stringency, cultural 

norms, and the progression of COVID-19 outbreaks. Mongolia exhibited relatively stable patterns, while Hong 

Kong, Taiwan (China), Japan, and Republic of Korea showed more pronounced reductions in public activity during 

case surges. 

(2) Changepoint analysis revealed that behavioral significant shifts, though the timing and magnitude of 

adaptation differed across categories and regions. Notably, residential mobility increased across all regions during 

outbreak phases, indicating widespread compliance with or adaptation to stay-at-home expectations. 

(3) The RI offered a useful summary of mobility responsiveness, showing that most regions responded positively 

in high-contact categories. However, essential needs such as grocery and pharmacy visits continued to drive mobility 

in defiance of broader restrictions, revealing a layered pattern of adaptation that blended necessity with compliance.  

(4) The GBM model revealed that mobility data were predictive of short-term changes in GDP and unemployment. 

Specifically, data from the retail, transit, and workplace categories showed strong predictive power. Furthermore, the 

inclusion of lagged mobility features enhanced the model’s sensitivity to delayed economic responses. 

While our dataset extends to October 2022, we emphasize that this period represents only the later stages of the 
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pandemic and the early signs of partial reopening, rather than full economic or social recovery. As such, the trends 

observed in this study should be interpreted as indicators of transitional mobility behavior and evolving economic 

conditions, not definitive endpoints. Overall, this study contributes to understanding how human mobility responds to 

systemic shocks and offers a transferable framework integrating behavioral theory, mobility data, and economic 

forecasting. The analytical tools applied here may prove valuable in preparing for future crises, ranging from health-

related to other types, where adaptation, resilience, and behavior are central to shaping outcomes. The distinction 

between short-term behavioral reactions and emerging long-term adaptations holds particular importance for 

policymaking. Evidence indicates that although some mobility patterns were transient and tied to outbreak dynamics, 

others solidified into new norms, specifically within transit and workplace behaviors, thereby signaling deeper 

adaptive shifts beyond temporary compliance. Acknowledging this divergence is vital for formulating sustainable 

post-crisis policies across mobility, transportation, and economic domains. 
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