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Complex network analysis of
mobility dynamics in Seoul during
the COVID-19 pandemic 2020-2022

Zeyu Hu?, ManjunYu?, Youngook Jang?, Sourya Shrestha?, Jaehun Jung*** & Youngji Jo***

Recent advances in geolocated data enable quantitative analysis of human mobility, critical for urban
planning and epidemic control. This study examines mobility dynamics in Seoul during the COVID-19
pandemic, where minimal lockdown measures allowed relatively natural movement patterns,
offering insights for managing viral spread with reduced socioeconomic disruption. We analyzed the
Seoul “Living Mobility” dataset (January 2020-December 2022), which contains monthly origin-to-
destination flows among 424 sub-districts (“dong”) in 25 districts (“gu”). We constructed a directed
and weighted mobility network based on monthly trips between every pair of dongs. We assessed

(i) local node intensity via weighted density within and across districts, (ii) global connectivity
through distribution of node strengths, (iii) node clusters via community detection with the Infomap
community-detection algorithm, and (iv) the top and bottom 10 hub nodes using weighted PageRank
centrality. From 2020 to 2022, within-gu weighted density increased by 21.7%, and across-gu density
by 13.0%. Node strength distribution showed 138 high-mobility dongs (33%) driving 56% of total
flows. Community detection identified 11 clusters transcending district boundaries, with within-
community mobility 2-5 times higher than cross-community flows. High-mobility hubs, such as
Yeoksam-dong (Gangnam-gu) and Yeoui-dong (Yeongdeungpo-gu), exhibited up to 70 times more
movement than peripheral areas. Seoul’s mobility network remained fully connected yet highly
heterogeneous during the COVID-19 pandemic years, with central hubs and clusters dominating
movement. The rising saturation of within-dong flows reflects intensified local interactions,
highlighting the growing importance of clustering and localized hotspots in driving future transmission
risks. Targeting interventions at the 138 high-mobility dongs—and at bridges between their
communities—can optimize disease control while minimizing disruption. Low-mobility dongs highlight
potential service access disparities, guiding tailored interventions for equitable urban planning and
public health strategies.

Recent advances in geolocated data collection have opened unprecedented possibilities for quantitatively
examining both individual and collective human mobility patterns'-3. These patterns bear directly on numerous
applications, including urban planning and epidemic modeling?~’”. The COVID-19 pandemic has underscored
the critical relationship between human movement and disease transmission, particularly in densely populated
urban environments®. Public health officials typically use conventional disease surveillance to identify
transmission hotspots, but case reporting data are often aggregated by administrative unit and reflect testing
locations rather than actual transmission sites’. In this regard, analyzing mobility networks can address the gap
by elucidating contact patterns and interaction intensity among urban populations!’.

Prior research has examined how COVID-19 reshaped mobility in various cities, including structural
network changes!!, population flow analysis'>!?, and the adaptation of individual travel behaviors'®. These
studies showed that COVID-19 weakened urban-core centrality and overall network density, prompting a shift
toward more localized community structures. Most analyses focused on 2020, with only a few extending to
2019-2023. Mobility networks generally experienced a V-shaped trajectory—an abrupt collapse (e.g., Germany’s
40% plunge in March 2020!!) followed by a partial, uneven rebound that often stopped short of pre-pandemic
vitality (Shenzhen’s urban-vitality index remained 14% below 2019 in mid-2023"). Even where high-flow hubs
recovered quickly, pandemic-era fragmentation persisted—U.S. neighborhood isolation stayed elevated through
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2022—indicating that such shocks do not simply scale mobility down uniformly'®; they rewire urban systems
in ways that privilege local, infrastructure-dependent movement and leave a sustained impact on cross-city
connectivity.

Unlike many global cities that enforced strict lockdowns, South Korea pursued testing, contact tracing,
and targeted interventions rather than imposing sweeping mobility restrictions!”. This approach enables the
observation of urban movement patterns that remain relatively undistorted by policy mandates. In Seoul
and Gyeonggi Province specifically, Kim and Jun (2022) investigated how the pandemic affected the broader
directionality of mobility networks - centripetal (pulling to the center) vs. centrifugal (pushing outward) mobility
forces - in the metropolitan area from February to August 2020'®. While mobility data has been extensively
collected, no study has systematically identified specific network properties at local administrative divisions
(dongs)—such as community clusters and hub locations—in an extended period that offers insights to help
design localized and equitable pandemic responses.

This research aims to identify key hubs and community clusters within Seoul’s (home to over 9.5 million
residents) COVID-19-era mobility network to inform targeted public health measures and urban planning
strategies. Because Seoul’s pandemic response relied on more moderate and targeted interventions (such as a
“3T” strategy — Test, Trace, and Treat) than imposing complete lockdowns, our results provide an informative
benchmark for policymakers and public health officials seeking strategies that curb viral spread while minimizing
disruptions to economic and social life.

Methods

Data

We constructed the mobility network using the Seoul “Living Mobility” dataset'®-2* a publicly available, de-
identified, and statistically processed resource based on mobile phone data provided by the Seoul Metropolitan
Government. This dataset was developed to offer objective insights for improving travel times and enables
detailed analysis of movement patterns beyond conventional traffic data. It integrates public big data owned by
Seoul, traffic polygon units from the Transport Research Institute, and LTE/5G mobile signal data from KT. It
estimates total population movement by extrapolating the mobility of KT users, adjusting for KT’s market share
and other correction factors, thereby reflecting overall inter-regional mobility rather than that of KT users alone.
The dataset captures movement across multiple nodes—public transit, private vehicles, bicycles, and walking—
while excluding trips with very short dwell times (e.g., school drop-offs, neighborhood strolls) or minimal travel
distances. It only includes movements where either the origin or destination is within Seoul. The data is available
from January 2020 including rich attributes such as the time of movement (daily/hourly), origin-destination
pairs at the “dong” (administrative division) level, number of travelers, demographic details (age and gender),
travel time, and distance.

Mobility network

To construct the mobility network encompassing the entirety of Seoul during the pandemic period (2020-2022),
we processed the daily and hourly mobility flow among 424 administrative divisions, known as “dong”, based
on Seoul’s official administrative structure into monthly population level mobility patterns across 25 districts, a
larger administrative unit called “gu” (district). On average, a “dong” in Seoul has a population size ranging from
approximately 10,000 to 50,000 people and covers an area of 2 — 5 square kilometers, while a “gu” typically
encompasses 200,000 to 700,000 residents and spans 10 — 47 square kilometers, reflecting the diverse and
dense urban structure of the city.

We then constructed Seoul Mobility Network (SMN) as a directed, weighted network, denotedas G = (V, E),
where nodes (V') represent individual “dong” and edges (E) represent the intensity of mobility among them.
The adjacency matrix W = {w i ;},,  ,, defines the graph, where n = 424 corresponds to the total number of
nodes (“dong”). Each element w ;,; represents the number of people moving from node v; to node vj, including
cases for self-loops, where i = j, reflects within- “dong” mobility. Since our dataset captures comprehensive
mobility data across the entirety of Seoul, every “dong” interacts with all others. As a result, the network is
fully connected, with all nodes linked by weighted edges representing mobility flows. This construction of the
SMN provides a comprehensive and detailed representation of mobility dynamics within Seoul during the
pandemic period. The network, comprising 424 nodes and 179,776 (424*424, whole connected) weighted
directed edges, captures both within- and across- “dong” movement patterns, offering an in-depth view of the
interconnectedness of Seoul’s administrative divisions. Using the SMN, we examined (i) local node intensity via
weighted densities within and between districts, (ii) global connectivity intensity through the distribution of
node strengths, (iii) community structure by detecting densely interconnected node clusters, and (iv) network
hubs, identifying the ten most and least central dongs by standard centrality measures.

Weighted density
Weighted density averages the weights of all existing edges over every possible node pair, describing how heavily
connected the entire network is overall. However, since the Seoul Mobility Network (SMN) is fully connected
(density=1), we account for edge weights to capture meaningful variation in connectivity. To apply the notion
of density to a weighted graph in this context, we took the sum of weights of the edges divided by a total number
of edgesgiven by the following equation given as: A weighted & directed
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population-scale flows, large flows are partly explained by the short distances between adjacent subdistricts. To
address this, we computed a distance-adjusted weighted density, replacing each weight by wj; = w i; * dij,
where d;; isthe geographicdistance between nodesiandj. Thisadjustment allows us to highlight these structurally

, where Eq. is the number of all possible edges. Because raw weights w ;; represent
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significant long-range connections while still preserving the population-based meaning of the original edge
weights. To gain deeper insights into mobility patterns, we calculated both within-“gu” and across-“gu” densities.
Additionally, to explore temporal changes in mobility, we constructed three separate subnetworks, corresponding
to years 2020, 2021, and 2022. This comprehensive analysis examines mobility within and across different “gu”
(district) while tracking its evolution over time.

Specifically, within- “gu” density quantifies the degree of mobility between “dong” within the same “gu’,
whereas across- “gu” density captures the extent of mobility between “dong” belonging to different “gu”. Unlike
the overall network, where the denominator is (2, the denominators for within- “gu” and across- “gu” densities
correspond to the actual numbers of possible edges. For within- “gu” density, the denominator is the number
of total edges within the same “gu”. For across- “gu” density, the denominator is the number of total edges
between “dong” in different “gu”. These results are summarized in Table 1, providing a detailed view of the
spatial and temporal dynamics of mobility in Seoul for all 25 districts (“gu”). Across the study period, both raw
mobility volumes (Figure S1) and their weighted-density mobility patterns rise gradually in every district while
maintaining parallel trajectories, indicating stability in the underlying mobility structure despite overall growth
in movement. Thus, we summarized annual average weighted densities for each dong in Table 1.

Node strength distribution

For any node, node strength sums the weights of all its incident edges, indicating how intense that node’s direct
connections are (e.g., total trips into and out of a district). In a directed and weighted network with self-loops,
the strength of a node quantifies its total connectivity by summing the weights of all its incoming and outgoing
edges, including self-loops. For a given node w;, its strength is defined as: s; = Z iz (Wi + wji) +wis
, where w ;; represents the weight of the edge directed from node v; to node vj;, w j; represents the weight of
the edge directed from node v; to node v;, and w 4; is the weight of the self-loop at node v;?*?>. The strength
data was calculated by R package "igraph?. Understanding the distribution of node strength is crucial for
revealing the heterogeneity of mobility pattern and identifying nodes roles as hubs. Examining whether the
distribution follow a power-law can uncover scale-free properties, highlighting the presence of key hubs that
dominate movement flows and shape the network’s connectivity?’.

To rigorously examine the presence of scale-free properties in the tail of the node strength distribution
within the SMN, we applied the method outlined by®®. This method, accessible via the R package " powe Rlaw
29 identifies the threshold ( Zmin) beyond which a power-law distribution applies and estimates the scale
parameter () of the distribution. By employing a bootstrapping procedure, it also quantifies uncertainties for
these parameters and assesses the goodness-of-fit through the Kolmogorov-Smirnov statistic and a bootstrap-
derived p-value.

Community detection

Community detection identifies clusters of nodes that are more densely connected to each other than to the rest
of the network, revealing underlying modules or functional groups. In the context of urban mobility, it identifies
groups of nodes, such as administrative regions or population clusters, that exhibit stronger internal mobility
connections compared to those with regions outside the group. We identified communities with the Infomap
algorithm using the R package " igraph"?. Infomap applies the map-equation framework introduced by Rosvall
& Bergstrom (2008)* and later extended?!, and is well suited to weighted, directed networks with self-loops such
as the Seoul Mobility Network. It models information flow as a random walk and partitions the graph so that the
expected code length required to describe the walker’s path is minimised, following the Minimum Description

Length (MDL) principle. Specifically, Infomap minimizes the total code length L (M) required to describe

the path of a random walker, defined as: L (M) =g~ H(Q)+ > pb H (Pl) * where M represents a

given partition of the network into communities; g~ is the total probability of exiting communities; H (Q)

is the entropy of inter-community movements; p%, is the total probability of movements within community ;

and H (P’) is the entropy of intra-community movements. By minimizing L (M), Infomap simultaneously

determines both the optimal number of communities and their membership, without any need to pre-specify
these parameters.

The communities were ranked based on the number of “dongs” they included. In order to better understand
the spatial distribution of mobility communities and their geographic patterns, we created a map to visualize
the spatial distribution of communities detected in the SMN, with each community assigned a distinct color.
The map is based on the administrative boundaries of Seoul and uses data from the GitHub repository
called “southkorea-maps” (South Korea Maps, 2018). This visualization helps to identify spatial clusters of
mobility patterns and provides an intuitive way to understand the geographic distribution of community-level
interactions. The map was generated using the R package " ggplot2"*?, with administrative boundaries processed
through the R package "geojsonio™?. Community memberships were integrated into the map by merging
detection results with spatial data, and the boundaries of districts (“gu”) were highlighted to indicate broader
administrative regions. To further examine the interactions between and within communities, we calculated the
weighted density for all community pairs. This analysis offers valuable insights into how mobility is distributed
across different communities.

Centrality

Centrality quantifies how important or influential each node is—based on criteria such as how many connections
it has, how often it sits on shortest paths, or how quickly it can reach others—thereby pinpointing key hubs or
mediators in the network. We analyzed the centrality of Seoul’s “dong” within SMN using th Weihted PageRank
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iloggéagion Within-“gu” weighted density Across-“gu” weighted density
Pl (in I:fuél;l)?]egl; 2020 2021 2022 ?ha“ge 2020 2021 2022 ?ha“ge
thousands) (2020— (2020—
2022) 2022)
Songpa 667 27 ?01.256;6 ?ggzgé (58 ';i?g +20.7% ?]7 (())98 (110 })‘:())5 (111.5;4 +14.9%
Gangseo 580 20 (61332;3 (7{)33? 2323?4 +24.7% (93;3? ?g‘;‘;‘)‘ (185921 +13.2%
Gangnam 539 2 (711.26230 (7162938 ?ﬁ‘gl 21.2% ~11.8%
Nowon 517 19 515238;3 (6103217;7 (616%4 +19.7% ?gz‘g (9: 992()) (lgggi“ +8.4%
Gwanak 503 21 fol‘;g 2 ?g%;l (3(;27%(;9 +18.5% (70547;; Zg 9722‘ fg 52‘)‘ +12.4%
Eunpyeong 477 16 (610 25959 (615298?2 (7132759 +21.4% ?(? 9831()) ?g(g; f(? 88(5 +9.7%
Gangdong 455 18 (612.%)18 (6182?8 (713.33:;‘))9 +17.7% (83 Zz?;t); (98 gg; ?05‘338; +13.2%
Yangcheon 451 18 ?01_57%4 ?(;‘_ 3732? ?06_86% Ul i6.6% (65.56?3 (607_ 26?); (73‘;2()) +7.4%
Seongbuk 443 20 ?07 23 3 ?(‘))2%2 fg ggs +22.8% ?:3;? (70197‘; (707 353 +12.6%
Seocho 418 18 (610;;?5 (615;358 (7121253 +19.4% (115234 (116.22(;)?0 (1171517;0 +9.1%
Guro 408 15 f(?_ (;5; 0 ?(%f);g ?(Z ‘;1930 +21.4% (98 19(;‘)‘ (9(;‘_ 193; (l(‘))_ 2234 +12.0%
Yeongdeungpo | 402 18 307 ?é; 6 ?0];38‘)'5 ?38823 +26.5% ('11;?); ! (l 12‘% ' (1133962)‘8 +18.2%
Dongjak 395 15 ?g‘;?s 3 ?6‘ %1 ?09 ‘;3’;7 +29.2% ?g 298‘)‘ ?g g; (906 ;g +13.2%
Jungnang 394 16 ?(? Zi‘;’ ! ?; 22‘)'0 (5(?392;36 +23.0% (78 9722 (76‘ 272‘)‘ (7(?;2; S111%
[ e [ [ [ [ [ [ e e
Gwangjin 355 15 ?143(;?0 ?13333 (516‘(‘)353 +26.5% fg;g; ?gzg (182‘54 +15.8%
Dongdaemun 354 14 ?02 1929 ?()5792§7 (50219?34 +23.7% (98 1933 ?g;gi (l(()) ;2?5 +15.4%
Dobong 320 14 ?8;;8 ?5271‘)‘7 ?06;2?6 +15.9% Zgi‘g Zg%‘ ZS% +8.9%
Seodaemun 319 14 ?5683()’5 ?09 é;()” ?03?53 +21.0% ?g;g (9: 39?3 (100 39’;; 81 12.0%
Gangbuk 304 13 2'14 32;4 517722 2 (613.3126 +15.9% Zg ;f)i ?(?_ éfg ?3 ‘;Z; +8.9%
Seongdong 294 17 fg_ gg ?g‘;ﬁ? 301.1559?3 +28.8% (75.67‘5 ?ol?;ﬁ fg 8811§ +16.1%
Geumcheon 245 10 ffgi;z 5179222 (61] 1165;9 +11.0% (7(? ;;61§ ?g‘;g ?3;39; +9.7%
Yongsan 238 16 ?07233;2 55)26%1 ?(;42;3 124.4% 25359‘)‘ fol?i; (9(‘));2? +19.2%
SSNCENCE . Eaartae
T | e | e
Total 9746 424 ?13?)%36 ?17 ff; 2 (5 13%%?4 “21.7% ?163%? (110 (())3?9 (1? f)?;)‘s +13.0%

Table 1. Within/ across weighted mobility densities in Seoul (2020-2022).
Values in parentheses show each district’s density relative to the citywide mean. For Songpa in 2020: (1)

Within-gu density: Total flow among Songpa’s 27 dongs (293,798,232) + possible directed dong-dong

pairs without self-loop (27 x 26 =702) =418,516. Compared with the citywide intra-gu average (437,266)

gives the reported ratio 0.96; (2) Across-gu density: Total flow between Songpa and all other districts

(2,083,852,890) + possible directed inter-district edges (2 x 27 x [424—27] =21,462) =97,095. Compared with
the citywide across-gu average (96,389), this yields 1.01. The color scale represents each district’s weighted
density relative to the Seoul-wide mean (normalized to 1). Cells in blue indicate values below the city mean
(negative deviation), light gray marks values approximately equal to the city mean (=1), and orange denotes

values above the city mean (positive deviation).
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(WPR) measure, implemented via the R package " wdnet">. WPR is an extension of the traditional PageRank
algorithm that incorporates edge weights " w " to reflect the strength of connections between nodes. Specifically,
WPR assigns a score to each node based on the weighted sum of connections, where both the quantity of
connections and the importance of connected nodes influence the score. In the context of SMN, this method
highlights key “dongs” that play a central role in movement dynamics, capturing both their direct mobility flows
and their connectivity to other influential nodes. By applying WPR, we identified the ten most and ten least
influential “dongs” in the SMN, as shown in Table 2.

Model visualization

All the maps were generated using R software (version 4.5.0)%¢ with the packages ggplot233 and "sf"* for
spatial visualization. Seoul administrative boundary shapefiles were obtained from the open-source GitHub
repository “southkorea-maps” (South Korea Maps, 2018)*2. All visualizations were generated by the authors.
The monthly network patterns remain stable throughout 2020-2022, confirmed by the modularity, assortativity,
and pairwise Adjusted Rand Index (ARI)*® metrics. Thus, we reported three-year aggregated node strengths,
community clustering, and centrality results in the following section. Yearly aggregated network metrics are
shown in Figure S2 and Table S1.

Result

The overall mobility trends across 424 subdistricts (“dong”) in Seoul’s 25 districts (“gu”), treating each district
independently to allow comparability, indicate a steady rise in weighted flows—defined as the number of movers
multiplied by their travel distance—between 2020 and 2022 (Figure S1). At the citywide level, within-gu weighted
density increased by +21.7%, while across-gu weighted density rose by + 13.0%, underscoring the faster recovery
of localized mobility once restrictions eased. However, district-level patterns diverged, mirroring each area’s
role as either a commercial-institutional hub or a more residential, peripheral zone. Gangnam, Seocho, and
Mapo sustained both within- and across-district densities well above the city average (ratios > 1), indicating their
central roles in both local and inter-district mobility. These districts are known for being major commercial and
business hubs in Seoul, which explains their elevated mobility levels both internally and externally. In contrast,
districts such as Jongno and Jung maintain consistently low within-gu densities (ratios <0.6) yet have high
across-gu densities (ratios > 1.1), suggesting that while local movement within these districts is limited, they serve
as key transit or urban cores for people from other districts—likely due to their administrative and historical
significance. On the other hand, Eunpyeong and Gangdong display a pattern of high within-gu densities (ratios
around 1.4) but relatively low across-gu densities (ratios <0.9), implying strong localized movement but less
integration with the broader city network—possibly reflecting self-contained residential zones on the urban
periphery. Finally, Gwanak, Seongbuk, and Yangcheon consistently showed low within- and across-gu densities

Top 10 subdistricts (“dongs”)
Rank | Subdistrict (“dong”) | District (“gu”) | Community | Strength | Mobility (%)
1 Yeoksam Gangnam 4 432.98 3.05%
2 Yeoui Yeongdeungpo | 1 351.65 2.47%
3 Jongnol_2_3_4Ga Jongno 3 343.88 2.42%
4 Seogyo Mapo 3 295.97 2.08%
5 Seocho Seocho 4 254.72 1.79%
6 Sinchon Seodaemun 3 213.80 1.50%
7 Myeong Jung 3 203.41 1.43%
8 Yeongdeungpo Yeongdeungpo | 1 191.91 1.35%
9 Hangangno Yongsan 10 172.53 1.21%
10 Samseong Gangnam 4 181.41 1.28%
Rank Bottom 10 subdistricts (“dongs”)
Subdistrict (“dong”) | District (“gu”) | Community | Strength | Mobility (%)

424 | Dunchon Gangdong 9 5.68 0.04%
423 | Changsin Jongno 5 8.30 0.06%
422 Ichon Yongsan 10 11.20 0.08%
421 | Singil Yeongdeungpo | 1 11.78 0.08%
420 Sinwol Yangcheon 6 11.88 0.08%
419 | Cheongnim Gwanak 1 14.96 0.11%
418 | Garibong Guro 1 14.93 0.10%
417 | Banpobon Seocho 4 17.26 0.12%
416 | Muwak Jongno 3 17.14 0.12%
415 | Hongje Seodaemun 3 18.18 0.13%

Table 2. Top and bottom 10 subdistricts (“dongs”) ranked by weighted page rank. Strength is reported in
million. Mobility (%) represents the proportion of total mobility associated with the corresponding dong.
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(a) Node strength (in million) tail plot on log-log scale
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(ratios <0.8) throughout the study period, underscoring their spatial marginality in Seoul’s mobility network;
both districts are largely residential and lack major commercial or institutional hubs.

Figure 1la illustrates the empirical survival function for node strength, presented on a log-log scale. In this
context, the term “survival” refers to the complement of the cumulative distribution function (1 - CDF). It
represents the proportion of nodes with strength values greater than a given threshold. A scale-free property is
indicated when the tail of the plot exhibits a nearly linear relationship. The results show that scale-free behavior
emerges at high mobility values (greater than 73 million), whereas nodes with lower mobility volumes follow
a different distribution pattern. These high-mobility nodes (key “dongs”) play an outsized role in the network’s
connectivity, suggesting their critical importance in mobility dynamics.

The Kolmogorov-Smirnov test yielded a p-value of 0.46, indicating no evidence to reject the power-law
model above this threshold. The estimated threshold was 2mi» = 73 (standard error: 8.81), as shown in Fig. 1
(), and the scale parameter was o = 3.71 (standard error: 0.30). Notably, 138 out of 424 nodes ( 33%) have
strength values exceeding this threshold, accounting for 56% of the total strength, representing the highly active
“dongs” that dominate mobility flows. These findings demonstrate that node strength distribution in the SMN
display scale-free behavior in its tail. This pattern highlights the dominance of highly active “dongs” in driving
mobility flows, while the majority of nodes with lower mobility volumes follow a more varied and non-power-law
distribution. The presence of a power-law tail underscores the critical role of these hubs in shaping the network’s
overall structure and dynamics. The results were shown in Fig. 1(b), illustrating hub ‘dongs’ (highlighted in pink)
across districts, revealing highly heterogeneous coverage patterns of these hub areas within each district.

Figure 2a shows that applying the Infomap community-detection algorithm to 2020-2022 mobility data
identified 11 communities (C-1-C-11) during the COVID-19 pandemic. The result reveals distinct “community
clusters” within Seoul, indicating that certain districts share stronger connections or similarities with each other
than they do with other parts of the city. Each cluster consists of one to five districts (gu) but does not strictly
align with administrative boundaries. Such clustering can arise from various factors—like geographic proximity,
population movement patterns (e.g., commuting flows, public transit hubs), or socio-demographic similarities
(income levels)—and suggests that these clusters function somewhat independently in terms of internal flows or
interactions—people often work, shop, or attend school within nearby areas. Figure S2 presents the community-
detection maps for each year.

Such clustering mobility patterns are illustrated through the within and across density matrix, as shown in
Fig. 2b, among the eleven communities. First, the within cluster density of each community was 50 to 400 times
greater than across cluster density. For example, Community 9 (Gangdong-gu & Part of Songpa-gu) shows
the highest Within-Cluster mobility density driven by a robust residential community, good transportation
infrastructure, abundant local amenities, and an environment conducive to meeting most daily needs locally.
On the other hand, Community 1 (Guro, Geumcheon, Yeongdeungpo, Dongjak, Gwanak) or Communities
2 & 5 show lower Within-Cluster mobility density than other communities. Community 9 (and 8 and 11)’s
high internal mobility density is largely explained by well-connected transit routes, a strong family-focused
environment, and a growing local economy—factors that encourage residents to stay within these districts for
both work and leisure. Both Gangdong-gu and Songpa-gu are known for large-scale apartment complexes and
well-planned neighborhoods with ample retail, dining, and recreational options. This layout encourages residents
to stay within the area for everyday needs. On the other hand, relative to Seoul’s upscale southeastern districts,
areas in the southwest (Community 1) often have a more mixed-income population, affordable housing, and a
balance of factory (Guro and Geumcheon)/office employment and residential neighborhoods and commercial
hubs (Yeongdeungpo, Dongjak, and Gwanak), contributing to frequent short-distance travel between them.
In terms of Across-Cluster mobility density, Community 4 shows high across-community mobility density,
driven primarily by its central role in Seoul’s economic and cultural life. With dense commercial, residential,

(b) Node strength map
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Fig. 1. Node strength (in million) tail plot and map.
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(a) Community detection result map (b) Within/Across weighted density heatmap

Target
c6

-1 2 4 c5 c7 -8 C-9
c1 - 138 291 343 182 330 201 195 153 294 118

c8 329 096 287 252 143 - 140 1.40 108 217 060

7 201 177 223 406 238 145 - 354 436 213 224
c8 194 247 253 363 363 142 354 - 350 248 374
c9 155 167 207 azr 241 m a7 360 - 185 246

Source

C-1( 293 223 372 355 299 217 212 247 181 - 183

| Bl K 3 « s 6 -

community )
4 B0 B K 1" Log of Weighted Density (in thousands)

Fig. 2. Community detection map and within/across weighted density matrix heatmap.

and educational facilities, it attracts diverse travelers from virtually every corner of the city. On the other hand,
Community 6’s lower cross-boundary density reflects its more peripheral location, self-sufficient residential
character, and comparatively fewer large-scale business or entertainment hubs. Table S2 shows demographic,
economic, and mobility profiles of the 11 detected mobility communities in Seoul.

As shown in Table 2, the top 10 and bottom 10 subdistricts (“dong”) ranked by Weighted PageRank (WPR)
reveal 10 to 70 times higher mobility strengths in top ranked dongs than the bottom-ranked, highlighting the
dominance of business districts over primarily residential areas. For example, Yeoksam-dong (Gangnam-gu),
Yeoui-dong (Yeongdeungpo-gu), and Jongnol_2_3_4Ga (Jongno-gu) show high movement and connectivity,
while dongs such as Dunchon-dong (Gangdong-gu), Changsin-dong (Jongno-gu), and Ichon-dong (Yongsan-
gu) register much lower mobility, reflecting disparities in economic activity and urban function. For example,
Yeoksam-dong, ranked first, as the highest strength of 432.98 million movements (3.05% of total mobility) reflects
its role as a home to major corporate headquarters, financial institutions, and tech startups along Teheran-ro.
Yeoui-dong, the second-ranked, serves as Seoul’s financial and political hub, hosting the National Assembly, major
banks, and broadcasting companies, with 351.65 million movements (2.47% of mobility. Jongnol_2_3_4Ga, in
central Seoul, ranks third with 343.88 million movements (2.42%), acting as a critical transit and economic
node by integrating government offices, corporate headquarters, and retail zones. Conversely, the lowest-ranked
dongs exhibit minimal movement. Dunchon-dong (Gangdong-gu) records only 5.68 million movements
(0.04% of total), reflecting its primarily residential nature with few commercial or transport hubs. Changsin-
dong (Jongno-gu) has 8.30 million movements (0.06%), characterized by its older, low-density structures and
traditional workshops. Ichon-dong (Yongsan-gu), with 11.20 million movements (0.08%), is a relatively isolated
neighborhood near the Han River, mainly composed of high-end residences, limiting its broader citywide
role. These suggest that public health interventions should prioritize high-mobility hubs and their belonged
community clusters, which are likely to serve as critical nodes for disease transmission and economic activity,
while tailored strategies may be needed in low-mobility areas to address potential disparities in service access.
Figure S3 displays the geographic distribution of the 10 highest- and 10 lowest-ranked subdistricts.

Discussion

This study assessed the comprehensive mobility network structure in Seoul during the COVID-19 pandemic
from 2020 to 2022 by applying complex network analysis. Seoul’s mobility network remained fully connected yet
highly heterogeneous, with central hubs and clusters dominating movement. Within-dong mobility increased
more rapidly than across-dong mobility (21.7% vs. 13.0%) over the study period. Node strength distribution
showed 138 high-mobility dongs (33%) driving 56% of total flows. Community detection identified 11 clusters
transcending district boundaries, with within-community mobility 2-5 times higher than cross-community
flows. High-mobility hubs, such as Yeoksam-dong (Gangnam-gu) and Yeoui-dong (Yeongdeungpo-gu),
exhibited up to 70 times more movement than peripheral areas. By focusing on high-mobility hubs (e.g.,
Yeoksam-dong), leveraging cluster-based strategies, and addressing low-mobility peripheral areas, policymakers
can design targeted, efficient, and equitable interventions.

The weighted density (Table 1), which normalizes for network structure and distance, shows that within-
dong flows (e.g., local streets and bus routes) are far more saturated than cross-dong flows, despite the latter’s
larger volume (Figure S1). Weighted density highlights areas of high interaction intensity, which is critical for
public health (e.g., identifying local transmission hotspots) and urban planning (e.g., targeting congestion
relief in heavily utilized local networks), in ways that raw flows alone cannot capture. The rising saturation of
within-dong flows during the COVID-19 pandemic years reflects intensified local interactions, underscoring the
growing importance of clustering and localized hotspots in shaping transmission risks under the Omicron era
(Figure S4). This finding demonstrates that effective monitoring of social distancing policies requires moving
beyond simple mobility reduction metrics to examine network structure changes such as community clustering
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and local hubs. Despite declines in overall mobility, the persistence of stable connectivity reveals the resilience
of Seoul’s urban mobility system, implying that blanket restrictions may be less effective than anticipated.
Instead, differentiated approaches are needed™: districts with strong within-dong saturation should prioritize
intra-community risks in settings like apartment complexes and markets, while those with high across-dong
flows should focus on inter-district transmission. Moreover, public health authorities could focus interventions
on the 138 high-mobility “dongs” that account for more than half of all movement. Such targeted strategies—
strengthening testing, vaccination, or communication in high-risk hubs, and ensuring equitable access in
low-mobility dongs—can more effectively balance epidemic control with minimizing social and economic
disruption®#*4!, By recognizing both resilience and heterogeneity, this structural perspective provides a critical
foundation for sustainable and equitable public health policies*?.

Our results both complement and extend previous COVID-19 mobility research. In cities under strict
lockdowns, other studies have shown major structural reconfigurations in movement networks!*3, For example,
“who goes where” patterns were dramatically altered—likely involving the disappearance of certain travel routes,
the emergence of new ones, and significant shifts in the relative importance of various destinations'. Other studies
in Paris, Shenzhen and 25 major U.S. cities showed COVID-19 shattered the dominance of traditional downtown
hubs, whose mobility networks fragmented into smaller, geographically tight communities while long-distance
links weakened under lockdown and only partly restored their pre-pandemic hierarchies'>**. By contrast, even
at a monthly resolution, Seoul’s network remained structurally stable (Figure S2), with only the overall intensity
of movement fluctuating over time. These outcomes reflect South Korea’s pandemic management, which relied
on targeted interventions - likely including extensive testing, contact tracing, and isolation of specific cases or
clusters, while allowing most daily activities to continue with precautions. Consistent with Kim and Jun (2022),
the fundamental inflow and outflow patterns of Seoul appear robust despite pandemic conditions'®; however,
our dong-level analysis adds granularity by highlighting specific areas/hubs and identifying how community
clusters are maintained and connected during the pandemic, offering valuable insights beyond the broader city-
level analysis of previous research®%°. To our knowledge, this is the first study informing public health policy
based on within and across connectivity and clustering patterns and hubs/marginal areas. While many studies
during the pandemic examined mobility patterns based on telecommunications data, it is rare for public datasets
to provide mobility data that can be constructed to create origin—destination (OD) matrices at the county or
township level across an entire state. We suggest that other cities and regions also generate and release such
public data on a regular basis. These datasets would not only offer an important baseline for preparing against
future pandemics but also serve as valuable resources for policy monitoring and urban planning purposes.

Our study has some limitations. First, as our analysis focuses exclusively on Seoul, the findings may not
readily generalize to other urban contexts with differing transportation infrastructures or socioeconomic
profiles. Applying our approach in diverse contexts—such as rural areas, nationwide patterns, or long-term
trends—may yield additional insights into the underlying pattern or causes of social disparity. Second, our study
could not directly assess the relationship between mobility and COVID-19 incidence due to inconsistent data
resolutions: incidence data were available at the 25-gu (district) level, whereas mobility data were collected at
the finer 424-dong (subdistrict) level. Incidence peaks also occurred almost simultaneously across all gus in this
tightly connected metropolis, leaving insufficient temporal variation to test how directed and weighted flows
shape transmission. However, annual incidence trends (Figure S4) indicate that transmission was higher in city
centers during the early pandemic (2020) but gradually shifted to outer districts by 2022. This shift mirrors the
rise in localized mobility density, suggesting that early spread was driven by long-distance, inter-district travel
focused on commercial hubs, whereas later transmission was sustained largely by short-distance, intra-district
movements. Third, our study cannot explain the drivers of the observed heterogeneity or regional disparities in
mobility patterns. We did not include node- or edge-level attributes like inter-dong distance or resident/worker
population in our network analysis; incorporating distance could down-weight short trips and emphasize long-
range “bridge” corridors, potentially narrowing within-district density advantages and highlighting strategic
cross-district links, while normalizing by population might shift node strength to a per-capita basis, reducing the
prominence of large residential districts and elevating smaller, highly active commercial hubs. Fourth, community
detection results can be influenced by the choice of algorithm. We used Infomap because it is particularly well-
suited for directed, weighted networks with self-loops, which closely reflect the characteristics of our mobility
data. Although partitions might slightly differ under alternative algorithms, identifying highly connected
clusters and hubs remains a useful way to characterize Seoul’s mobility network, and thus our findings still
provide valuable insights for public health and urban planning. Future research may incorporate socioeconomic
factors (node attributes) or demographic characteristics (edge attributes) into the network analyses, which help
understand the underlying causes of mobility dynamics or geographical heterogeneity*”*3. By marrying who
moves where (network analytics) with who is vulnerable (socio-economic maps), city planners can anticipate—
and not merely react to—the shifting geography of COVID-19 and future respiratory epidemics. Nevertheless,
our findings remain robust in capturing the structural stability and heterogeneity of Seoul’s mobility network,
adding value by identifying key hubs and community clusters to inform targeted public health and urban
planning strategies.

Conclusion

This study assessed the comprehensive mobility network structure in Seoul during the COVID-19 pandemic
from 2020 to 2022 by applying complex network analysis. By investigating mobility flows among Seoul’s 424
dongs during COVID-19, our findings show Seoul’s mobility network remained fully connected yet highly
heterogeneous, with central hubs and clusters dominating movement. Identifying these hubs and clusters
provides crucial insights for targeted disease control strategies in densely populated urban areas, while
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minimizing social disruption. Conversely, identifying low-mobility dongs helps reveal potential disparities in
service access, highlighting areas where tailored interventions are necessary.

Data availability

All

the processed data and code can be found at (https://github.com/UConn-Health-Disease-Modeling/Seoul

MobilityNetwork).
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