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Resilience and recovery of public transport use during
COVID-19
Jiaoe Wang 1,2,6✉, Jie Huang 1,2,6, Haoran Yang3,4✉ and David Levinson 5

To better understand how public transport use varied during the first year of COVID-19, we define and measure travel behavior
resilience. With trip records between November 2019 and September 2020 in Kunming, China, we identify people who relied on
traveling by subway both before and after the first pandemic wave. We investigate whether and how travelers recover to their pre-
pandemic mobility level. We find that public transport use recovered slowly, as urban mobility is a result of urban functionality,
transport supply, social context, and inter-personal differences. In general, urban mobility represents a strengthened revisiting
tendency during COVID-19, as individual’s trips occur within a more limited space. We confirm that travel behavior resilience differs
by groups. Commuters recover travel frequency and length, while older people decrease frequency but retain activity space. The
study suggests that policymakers take group heterogeneity and travel behavior resilience into account for transport management
and city restoration.
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INTRODUCTION
Since COVID-19 was recorded in December 2019 in Wuhan, China,
the pandemic has been repeatedly reported in cities worldwide. In
response to the pandemic, policy interventions including lockdowns,
transport system shutdowns, travel restrictions, social distancing,
and self-isolation have been imposed by national, regional, and local
governments reducing mobility and disrupting social activity1.
With this background, the study of human movement or

population mobility has attracted scholars’ attention, as it is highly
useful to track infection, identify super-spreading conditions,
simulate imported cases, predict pandemic waves, and test
intervention effectiveness2–8. Previous studies have correlated
human movement and pandemic dynamics at multiple spatial
scales9–16. Although several studies observed a specific city and
made predictions during COVID-198,17,18, they have not measured
how human movement varies and recovers. In transport, most
studies reported aggregated analyses19,20, or surveyed behavior21,
attitudes22, or preferences23, but long-term group mobility has not
been tracked systematically. Some studies have confirmed a
significant modal shift from public transport to other transport
modes, and decreasing public transport shares vs. private vehicles
have been a challenge for carbon emission reduction and
sustainable transportation development18,24,25. Still, how public
transport use recovers with the city-life restoration is unclear. To
fill this research gap, we analyze how group mobility in the
Kunming subway system recovers to the pre-pandemic level.
Hence, we focus on transit trips between November 2019 and
September 2020 in Kunming, a provincial capital in China (Fig. 1a).
After lifting lockdown interventions, the restoration of city life

can be described from both supply and demand perspectives. On
the supply side, public facilities such as shopping malls, public
libraries, and public transport systems reopened, eventually
providing the same service level as before COVID-19 to ensure
basic urban function. Furthermore, the capability of public

transport systems to adapt and reopen during and after a natural
disaster or system shutdown indicates system resilience from the
supply side26,27, and system function loss during this process has
been measured with a resilience triangle28. The recovery of public
transport supply indicates that subway systems reopened and
train frequency gradually recovered to pre-pandemic levels (see
the supply function curve in Fig. 1b).
From the demand side, full recovery means after the city

lockdown people have returned to previous behavior or have
adapted interventions (such as mask-wearing) in their daily life to
the extent they behave as they did prior to the pandemic. This
demand for recovery is related to “behavioral resilience” in
psychology, which means positive adaptation after negative
socioeconomic changes, traumatic life events, community grief
and loss, and environmental pressure29. During the recovery
period, travel behavior is affected by service facilities, social
context, transport supply, and individual psychological state.
Travel behavior occurs over time and space, motivated by

individual extrinsic requirements and intrinsic needs30, and varies
based on socioeconomic background, preferences, and transport
supply. In brief, inter-personal differences make travel behavior
spatially and temporally diverse. Traditional travel surveys usually
include these factors, but it is difficult to retrospectively collect
accurate data after the fact, which limits a diagnosis of travel
behavior change due to events. This paper defines the concept of
travel behavior resilience and applies it to COVID-19, depending
on both individual preferences in the before times and individual
experience during the pandemic, showing how travel behavior co-
evolves with the restoration of city-life and reopening of the
public transport system.
With the onset of COVID-19 in a city, human mobility rapidly

reduces as both the transport system supply is contracted (to
discourage travel and because staff themselves are affected) and
the willingness to travel declines, and it gradually recovers after
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the pandemic dissipates. The recovery of transport system supply
can be explained with models from engineering resilience, while
from the demand side, resilience can be understood with social-
ecological resilience31. For public transport use, travel behavior
resilience can be understood as the process by which transport
supply and demand co-evolve and achieve temporary equili-
brium32. In this process, some temporary equilibrium points can
be achieved as shown in Fig. 1b This process begins when the
level of public transport use starts to reduce and ends when it
stops increasing and stays in a stable status. The stable status can
be captured when public transport use recovers to pre-pandemic
levels (i.e., the pre-existing equilibrium) or co-evolves with the
supply to a new equilibrium. In the latter case, people’s travel
structure may change, as avoidable travel can be replaced by
online shopping, working from home, etc. Also, some trips by
public transport can be replaced by other travel modes. Here, we
offer a longitudinal analysis tracking mobility group differences for
the former case. We measure whether and how public transport
use recovers to its pre-pandemic mobility level. As Fig. 1b shows,
travel behavior resilience can be measured with a triangle
denoting to what degree mobility (amount of travel) drops,
compared to the pre-pandemic level. We draw the resilience
triangle with mobility reduction and recovery periods, and the
quantity of mobility change. In general, a smaller triangle indicates
greater resilience, the capability to adapt to a particular negative
disruption.
During a pandemic, people first decide whether to revisit some,

or all, of the same places as before, thus restoring their activity
space and travel duration, or to visit unfamiliar places instead. We
posit that if travel duration restores faster than activity space, it
indicates people are returning to their most frequent activities
(such as commuting) but not the infrequent social and discre-
tionary shopping activities at dispersed locations. In Fig. 1b, the
mobility curve can be drawn with diverse indicators including
trips, travel days, total trip distance, activity space, and places
visited during the study period.
As aforementioned, during the recovery stage, we expect travel

behavior to be more cautious and confined to familiar places.
Commuter travel is urgent and mostly fixed, and many govern-
ments aim to maintain commuting trips of essential workers as
much as possible to sustain urban services and city functionality.
In contrast, vulnerable groups (such as older people) tend to
decrease their travel in order to minimize pandemic exposure.
Therefore, we posit the following hypotheses to investigate travel
behavior resilience during the COVID-19 period.

Hypothesis 1.
The indicator denoting whether to engage in a trip recovers faster than other
mobility indicators such as trip distance, traveled days, activity space, and visited
locations (stations).

Hypothesis 2.
Mobility indicators measuring the spatial dimension such as activity space recover
slower than others measuring travel duration such as trip distance.

Hypothesis 3.
The trip proportion of revisiting familiar places increases, while that of exploring
unfamiliar places decreases.

Hypothesis 4.
Commuters present greater travel behavior resilience, while the elderly show lesser
resilience.

As suggested in recent studies33–37, geolocation data and
mobility data can correlate human activities with both the first
wave of pandemic transmissibility and second-wave infection.
Transit trip records can be used to investigate travel behavior
resilience. The reasons are below. During COVID-19, intercity
mobility encountered more restrictions than intra-urban, as long-
distance human movement can amplify localized pandemic
outbreaks9,11,38. After the COVID-19 outbreak, the order in which
travel restrictions were lifted tended to be intra-urban, regional,
and then global. Also, the infection risk by walking, cycling, or
private driving (and even more importantly, the perceived risk) is
significantly lower than public transport due to its collective
nature of mobility in a confined space and the infection
mechanism of COVID-1939. Consequently, a significant modal
shift from public transport to other transport modes has been
seen18,24,25.
This paper focuses on the study of Kunming (Fig. 1a), a gateway

city and international trade hub in Southwest China with a 2020
population of about 7 million. In 2020, the Kunming subway
delivered 22.22% of intra-urban trips40. It is a representative city
with a developing transit system and substantial transit demand.
Kunming has been involved in the pandemic when COVID-19 cases
were confirmed continuously between 22 January and 19 February
2020 (Fig. 1c), and it employed lockdown interventions between 28
January and 29 February 2020 (Supplementary Note 1).
As people who rely on public transport are frequent travelers

that are the crucial group with regular spatiotemporal patterns41,
this paper focuses on a longitudinal analysis of them. To this end,
we collected trips paid by smartcards or virtual payment platforms
(e.g., mobile phone applications) from the Kunming subway
system between November 2019 and September 2020 (Supple-
mentary Note 2).

Fig. 1 Study area, analytical framework, and data selection. a Location of Kunming and its subway system. b Travel behavior resilience of
public transport use. c The trip rate in Kunming subway system between January and September 2020. (The supply function curve indicates
how the public transport system reopened and adapted during the COVID-19 pandemic. The resilience triangle can be calculated with the
degree of mobility change, and the periods of reduction and recovery. The trip rate is calculated by the ratio of all transit trips in each week
over the weekly average number of trips in November 2019, namely before the COVID-19 pandemic. As we tracked individual trip records,
frequent travelers are those who accessed the subway system frequently in November 2019, and their travel frequency recovered in
September 2020. The remaining travelers in November 2019 are tracked as infrequent travelers. Note that data in June and August 2020 are
unavailable.).
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Trips from 1 to 28 November 2019 are used to identify frequent
travelers before COVID-19, representing the pre-pandemic mobi-
lity level. According to weekly calculations, half of the trips in the
Kunming subway system are generated by passengers who access
the subway 3 days per week or more. We define frequent travelers
as those who traveled at least 3 days each week during the four
consecutive weeks before the pandemic. Comparing the same
individual’s trip records in September 2020, those who still
traveled at least 3 days each week are defined as subjects. This
allows us to investigate whether and how their mobility recovers.
Overall, this study focuses on 16,403 subjects who generated over
3.5 million trip records in ten months. It is substantial sample size
for a longitudinal study of travel behavior and urban analytics42.
The number of trips by all subjects fell during the COVID-19

outbreak, when random wandering, as well as repeated travel,
significantly declined (Fig. 1c). In the post-outbreak period, the
number of trips in September 2020 for infrequent travelers was
about 40% of the pre-pandemic mobility level, while frequent
travelers had nearly recovered. Recall the concept of travel
behavior resilience, we focus on the analysis of frequent travelers
to better understand how public transport use recovers. As shown
in Fig. 2, 21.87% of frequent travelers identified before the
pandemic still frequently accessed transit service in September
2020 using the same identity (smartcards or mobile phones). We
classify subjects into four groups, commuters (36%), elderly (5.4%,
above 60 years old), students (4.2%), and others (54.4%). The
sampling process can be seen in Supplementary Note 3.

RESULTS
Sequential variations of public transport use
During COVID-19, public transport use experienced three phases,
drastic reduction, rapid growth, and stabilization. First, a drastic
reduction presented according to a significant decline in mobility
indicators (Figs. 3 and 4a), after the first case was confirmed on 22
January 2020 in Kunming. The drastic reduction period took about
3 weeks. It is worth noting that mobility indicators in Fig. 3b–f are
calculated based on the number of frequent travelers who
traveled each week (Fig. 3a). Second, after the city restarted,
regular activity mobility indicators began to increase. At the end of
Week 10 (21 March 2020), the rates of mobility indicators all
recovered to over half of the pre-pandemic level, except for
students’ as schools were all closed due to the pandemic. Third,
the rapid growth ended as the recovery rate of mobility indicators
gradually restored to the pre-pandemic level. To summarize, these
sequential variations reinforce a recent study43, which confirms
the sampling validation with discontinuous data.

Resilience by mobility indicators
Compared to the pre-pandemic mobility level, the proportion of
subjects who traveled after the first wave of the pandemic varies
first, while other indicators are concomitant and follow in the
travel willingness variation. Evidence can be seen below. During
the early sharp reduction, the proportion of subjects who traveled
went down faster than other indicators, and the proportion
decreased to 3.34% (Fig. 3), implying the preliminary impact of the
COVID-19 outbreak on willingness, permission, or ability to travel.
Once travel began to rapidly restore, the p value of subjects
traveled is higher than other mobility indicators in the t test
analysis (in Supplementary Tables 1–5). During the stabilization,
the recovery rate of subjects who traveled returned to the pre-
pandemic level in Week 23 (from 1 September 2020), followed by
traveled days in Week 25, trips, and total distance in Week 26. In
brief, these mobility indicators present stronger follow-on nature
and three-phase variation, which verifies Hypothesis 1.
Activity space and stations visited did not return to the pre-

pandemic mobility level by 28 September 2020, the end of the
study period, their recovery rates are 94.72% and 97.43%. For each
mobility group, we formulate 23 week-to-week models in the t
test analysis. In a longitudinal comparison, activity space models
were less statistically significant than other indicators, with only 10
out of 23 models for commuters, 5 for the elderly, 4 for students,
and 10 for others. In a parallel comparison, the p value of activity
space is less than other indicators. These phenomena corroborate
Hypothesis 2.

Revisitation law during COVID-19
Previous studies find that most urban movement is revisiting,
including trips such as commuting, going to school, or shopping
at the nearby supermarket, rather than exploration44,45. To
measure the revisiting tendency of public transport use during
COVID-19, we analyze the number of times each station was
visited. For each subject, we rank stations by trips boarding/
alighting at each station and also calculate the proportion
generated at each station. Their monthly distribution can be seen
in Fig. 4b, c, namely the pre-pandemic distribution (November
2019), the distribution during the COVID-19 (March 2020), and
September 2020. Overall, the Top 4 stations for each frequent
traveler receive ~95% of all trips, of which 71.5% of all trips are
generated at the Top 2 stations, indicating a very high revisiting
tendency by urban transit users. Moreover, the revisiting tendency
strengthened during recovery, as trips were more concentrated at
the Top 2 stations than pre-pandemic (i.e., 78.3%). Moreover, while
trips/week in September 2020 were restored to 103.65% of pre-
pandemic levels (Fig. 3), a more concentrated pattern can be seen,

Fig. 2 Distributions of frequent travelers in Kunming subway system. a November 2019, b September 2020, c Subjects during COVID-19.
Frequent travelers are those who traveled at least 3 days each week for 4 consecutive weeks. Subjects are frequent travelers in both November
2019 and September 2020. They are classified into four mobility groups and their payment methods are recorded.
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with the activity space at only 94.72% of the before times. It
indicates that the destination diversity of transit trips declined.
These findings are consistent with Hypothesis 3. We conclude a
revisitation law during the COVID-19 pandemic, namely the
revisiting tendency has been strengthened.

Resilience comparison between mobility groups
Travel behavior resilience differs by mobility groups (Fig. 3 and 4a).
Commuters’ six mobility indicators show an increasing tendency
earlier with higher p values in Week 4 (from 9 February 2020).

Furthermore, commuters’ mobility continuously increased for
~6 weeks, indicating longer rapid growth. We further identify each
commuter’s station nearest their workplace with trips in November
2019 according to individual spatiotemporal regularity of commuting
trips. In addition, the standard deviations of total distance and activity
space increase during the stabilization phase (Table 1), indicating
people’s activity engaged in a larger space once the COVID-19
pandemic was under control. Moreover, commuters tend to engage
in more trips within a smaller activity space, while the elderly and
others tend to engage in fewer trips within a larger activity space.

Fig. 3 Mobility indicators by groups in 2020. a subjects who traveled during the pandemic, b trips, c traveled days, d total trip distance,
e activity space, and f visited stations. All indicators are reported by weeks and compared to the pre-pandemic mobility level (i.e., weekly
average in November 2019). Note that bar plotting represents the pre-pandemic mobility level.

a. b. c.
i.Commuters ii.Elderly iii.Students iv.Others

i. Nov 2019

ii. Mar 2020

iii. Sep 2020

i. Nov 2019

ii. Mar 2020

iii. Sep 2020

Fig. 4 t test analysis and trip distribution by station rank. a Week-to-week t test of mobility indicators for commuters, elderly, students, and
other frequent travelers. For example, w1-0 indicates a t test analysis comparing week 1 (from 19 to 25 January) with week 0 (from 12 to 18
January 2020). Individual trips in continuous 19 weeks between January and May are used. Trips from 1 to 28 July and those from 1 to 28
September are used, and they are weeks 24–27 and weeks 32–35. N, D, Q, T, A, and S denote variations of subjects who traveled, traveled days,
trips, total distance, activity space, and stations visited per week. ***p < 0.001, **p < 0.01, *0.01 ≤ p< 0.05. b Trips by station rank. c Trip
proportions by station rank. b and c are drawn with monthly analysis. For a month, we sort out trips by subjects. At the individual level, we
rank stations by trips and calculate/the trip proportion generated at each station. We obtain the Top 4 stations for each subject. b and c show
that individual trips usually concentrate on their own top 1 and 2 stations.
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Recovery duration and pre-pandemic mobility level
According to Table 1, the number of trips and travel days in a
week by commuters tend to be more stable with a smaller
standard deviation. The traveled days by commuters returned to
about five days in the stabilization phase, whereas it was 3 days/
week in the reduction and 2 days/week in the rapid growth.
Although the traveled days by older people and others also
increased, they are ~4 days/week in the stabilization.
Furthermore, we analyze the proportion of commuting trips

over the total number of trips by an individual each week and
conduct a week-to-week analysis (Table 2). The proportion of
commuting trips significantly increased for 11 consecutive weeks
until the end of April 2020, a longer rapid growth than indicators
in Fig. 4a. However, the proportion of commuting trips was
80.60% before the pandemic, while it remained at 71.08% in the
stabilization period. This phenomenon indicates that intervention
policies such as work from home and flexible schedules can
remain effective. For frequent travelers, commuting is still the
largest component of public transport use even during the COVID-
19 period. As people who rely on public transport are usually low
to medium-income residents or essential workers, their commut-
ing recovery is of necessity and urgency.
As COVID-19 puts older people at a higher risk of infection34,46,

their travel behavior tends to be more cautious, presenting a
lower level of resilience. In comparison with commuters or other
frequent travelers, the rapid growth of elderly mobility triggered
two weeks later and remained lower. Meanwhile, the recovery
rates of indicators for the elderly were ~80% slower (Fig. 3).
Moreover, the Kunming subway offers elderly concessions for two
groups (ages between 60 and 69 and those older than 69). We
find that the older group, who relied on traveling by transit more
before the pandemic, presents a lower level of travel behavior
resilience.
Recall the resilience triangle of public transport use (Fig. 1b), a

comparison of mobility reduction and the recovery period can
offer insights into the lower resilience of the elderly. According to
curves of subjects who traveled, commuters experienced shorter
reduction and recovery periods than the elderly. As for the
quantity of mobility change, the proportion of commuters who

traveled after the first wave of COVID-19 decreased to 4.40% of
the original value, while that of the elderly dropped to 2.60%.
Hence, we conclude that commuters have a smaller resilience
triangle than the elderly. Similarly, days, trips, total distance, and
stations visited by commuters also present smaller resilience
triangles. These phenomena corroborate Hypothesis 4. In addition,
the mobility level of students’ public transport use eventually
tracked well, following the school closure in spring, subsequent
reopening, and fall opening, which can be a control group when
trip records are not continuous.
According to the resilience triangle of travel behavior (Fig. 1b),

we select subjects whose trips, total distance, or activity space
have decreased to zero since the COVID-19 outbreak, and then
track when the mobility indicators of these subjects recover to the
pre-pandemic level respectively. With this selection, the shorter
the recovery duration, the greater the resilience. The correlations
between recovery duration and pre-pandemic mobility level are
shown in Fig. 5. Overall, the recovery duration decreases with the
trips/week before the pandemic, and so do total distance and
activity space. These phenomena denote a higher level of pre-
pandemic mobility needs longer restoration duration, as people
focus on maintaining essential trips. To some extent, the study

Table 1. Mobility indicators during three sequential phases by groups.

Indicators Reduction Growth Stabilization

Min Max Mean SD Min Max Mean SD Min Max Mean SD

Commuters D 0 7 3.01 1.87 0 7 2.03 2.47 0 7 4.90 1.82

Q 0 61 5.57 3.76 0 76 3.33 4.77 0 82 9.06 4.39

T 0 389.66 50.14 40.00 0 396.48 31.47 54.32 0 460.1 83.37 67.23

A 0 392.94 13.19 20.77 0 380.71 3.60 14.94 0 426.07 11.68 27.44

S 0 32 2.71 1.73 0 29 1.25 1.65 0 30 3.00 1.66

Elderly D 0 7 1.37 1.97 0 7 1.59 2.11 0 7 4.10 2.19

Q 0 26 2.58 4.06 0 24 2.83 4.10 0 39 7.56 4.99

T 0 284.29 20.52 37.73 0 373.53 23.66 42.73 0 406.28 61.95 58.72

A 0 331.23 6.38 21.69 0 354.14 5.02 17.15 0 419.68 14.55 29.93

S 0 13 1.55 2.12 0 11 1.63 1.87 0 18 3.37 1.99

Others D 0 7 1.26 1.89 0 7 2.54 2.38 0 7 4.36 1.94

Q 0 55 2.17 3.68 0 65 4.00 4.98 0 82 7.82 4.99

T 0 381.61 19.97 38.52 0 399.39 34.73 51.59 0 493.67 69.61 61.37

A 0 399.82 6.09 22.92 0 560.37 6.24 21.47 0 551.24 15.71 34.56

S 0 33 1.25 1.90 0 23 1.74 1.89 0 33 3.14 1.95

D, Q, T, A, and S denote traveled days, trips, total distance (km), activity space (km2), and stations visited per week.

Table 2. t test analysis of commuting trips.

Weeks t Weeks t Weeks t

w1-0 −28.30*** w9-8 10.88*** w19–18 1.72*

w2-1 −37.11*** w10-9 6.90*** w25-24 0.45

w3-2 −71.15*** w12-10 7.09*** w26-25 0.02

w4-3 −15.43*** w13-12 3.45*** w27-26 −1.57

w5-4 3.40*** w14-13 3.27*** w33-32 0.05

w6-5 2.38** w16-14 19.05*** w34-33 −1.01

w7-6 16.17*** w17-16 −12.61*** w35-34 0.08***

w8-7 39.94*** w18-17 0.88

In 2020, W0 is the week from 12 to 18 January, W24 is from 1 to 7 July, and
W32 is from 1 to 7 September. ***p < 0.001. **p < 0.01. *0.01 ≤ p < 0.05.
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aligns with previous findings of increasing car-based trips and
decreasing transit trips during the COVID-19 pandemic25,31,47.
In terms of mobility group difference, the recovery duration of

trips and total distance by the elderly is longer, while their activity
space restores faster. This indicates that older people tend to
decrease travel frequency, but not the confines of their activity
space in the post-COVID-19 period. Older people prefer visiting
public parks and medical facilities more than other groups48, and
their trips are of less urgency and fixity, their travel recovery tends
to be slower, presenting the lower resilience.

In contrast, commuters’ travel frequency and total distance
recover faster than their activity space. These phenomena indicate
that commuters retain their commuting trips, but reduce their
social activity and travel purpose diversity.

DISCUSSION
This research proposes a general measurement of travel behavior
resilience according to group mobility curves, which is used to
study how public transport use recovers as people restore their

Fig. 5 Correlations between travel recovery duration and pre-pandemic mobility level. a–c After the first COVID-19 wave, subjects whose
trips in a week decreased to zero are selected (n= 15,395). Their average number of trips/week before COVID-19 are calculated. The
recovery duration is defined as from the week when trips decreased to zero to the week when trips recover to the pre-pandemic level. The
regression analysis is conducted with trips/week before COVID-19 (x) and the recovery duration (y). We obtain ycom= 0.49x+ 8.13,
R2= 0.71; yeld= 0.42x+ 10.55, R2= 0.82; yoth= 0.22x+ 10.74, R2= 0.48. d, f Subjects whose total distance decreased to zero during COVID-19
are selected (n= 15,402). The regression is performed with total distance/week before COVID-19 (x) and recovery duration (y). The results are
given below ycom= 0.01x+ 11.61, R2= 0.44;yeld= 0.02x+ 13.06, R2= 0.17; yoth= 0.01x+ 12.41, R2= 0.39. g–i subjects whose activity space
decreased to zero during the first pandemic wave are selected (n= 15,402). The regression is performed with activity space/week before
COVID-19 (x) and recovery duration (y). We obtain ycom= 0.05x+ 12.80, R2= 0.71; yeld= 0.04x+ 9.29, R2= 0.12; yoth= 0.03x+ 12.88, R2= 0.43.
Note that confidence intervals at the 95% level are shown.
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daily urban activities during a pandemic. We examine the travel
behavior resilience of frequent public transport users in Kunming,
China over a 10-month period. First, even in a city that only
experienced one COVID-19 infection wave, the recovery of public
transport use took about half a year. Although this paper limits the
investigation to a specific city in China, the experience is still
valuable and it finds the necessity of long-term interventions
before the recovery of human mobility49. Second, the recovery of
public transport use by different mobility groups took different
amounts of time. In groups (such as older people) at high risk of
infection the pandemic disruption, the destination diversity
significantly declined. This implies the revisiting nature of urban
mobility has been intensified, while exploration behavior has
weakened. Consequently, individual activity space tends to be
smaller, decreasing to 95% of pre-pandemic levels.
With the findings above, our research has policy implications for

urban studies, transport management, and social science during
COVID-1918. According to the travel behavior resilience analysis,
we suggest that the travel restriction or intervention during the
COVID-19 pandemic should consider the diverse needs of mobility
groups. Considering the slow recovery of urban mobility and
decreasing diversity of trip purposes, policy should consider
whether and how to stimulate intra-urban mobility in order to
facilitate city restoration. These policies should differ by age
group, as retirees have very different travel patterns and virus
susceptibility than younger groups. Furthermore, the case study of
Kunming offers a pandemic experience, when most cities
experienced multiple COVID-19 waves, with a discrepancy
between policy intervention and severity of infection and
mortality. Currently, the public and government acceptability of
stringent restrictions on mobility and public transport operator
has been depleted to varying levels. Under this context, the
Kunming experience is still representative of cities in China and
other countries that stick to the stringent zero-COVID restrictions,
and it may be useful to understand to what extent and how long
the stringent restrictions affect public transport use.
This research suggests future directions. Although travel behavior

resilience can be defined as an equilibrium between travel demand
and supply, the analysis only focuses on cases when the public
transport use of frequent travelers recovered to the pre-pandemic
level. We could further develop a quantitative method of defining
the re-equilibrium during COVID-19 between travel demand and
supply if the travel demand has not recovered to the pre-pandemic
level. Here, we only confirmed the slow recovery of public transport
use, but how it affects traffic congestion and carbon emission is
unclear. Its influence on carbon emission needs more assessment,
which is significant for sustainable urban transportation in the post-
pandemic period. One limitation occurs, as we only obtained data
over a 10-month period. A dataset over 12 months could be better
to avoid the influence of seasonable variability.

METHODS
We collect mobility indicators at the individual level. Individual activity
space is defined by the minimum convex polygon confined by all alighting
and boarding stations visited50, and the number of distinct alighting and
boarding stations visited is counted as stations visited. A weekly t test
analysis is conducted for subjects by indicators.
We calculate mobility indicators by weeks. At the individual scale, in a

week, we calculate the number of traveled days, the number of trips, the
total trip distance, the activity space, and the number of stations visited.
Individual activity space is defined by the minimum convex polygon
confined by all alighting and boarding stations visited50, and the number of
distinct alighting and boarding stations visited is counted as stations visited.
This calculation is conducted with data between 1 and 28 November 2019,
and weekly average indicators are obtained to present pre-pandemic
mobility levels. For the data between January and May, July, and September
2020, the weekly calculation is conducted. To further analyze the collective
pattern by mobility groups, we used the following methods.

For a subject i who accessed the subway system in the week studied, we
set wi= 1, otherwise wi= 0, a notation list is in Supplementary Table 5. For
a mobility group, the proportion of subjects who traveled is defined as
subjects who accessed the subway in the week studied over the total
number of subjects n, it is given by

N ¼
Xn

i¼1

wi=n; (1)

where n= 16403.
Rate of change of traveled days D is defined as the average traveled

days by subjects traveled in the week studied over the average traveled
days by all subjects in the week before the pandemic, it is given by

D ¼
R n
i¼1 di=

R n
i¼1 wiR n

i¼1 d
0
i =n

(2)

where d0i is the number of traveled days by subject i in the week before
the pandemic, the number of traveled days by a subject in the week
studied is di. Note that we use data between 1 and 28 November 2019 to
calculate weekly average indicators.
Similarly, the rate of change for trips in a week is given below

Q ¼
R n
i¼1 qi=

R n
i¼1 wiR n

i¼1 q
0
i =n

(3)

where q0i is the number of trips in a week by a subject before the
pandemic, the number of trips by a subject in the week studied is qi. Note
that we also use data between 1 and 28 November 2019 to calculate
weekly average indicators.
The rate of change for trip distance is given as

T ¼
R n
i¼1 ti=

R n
i¼1 wiR n

i¼1 t
0
i =n

(4)

where t0i is the total distance by a subject in a week before the pandemic,
the total distance by a subject in the week studied is ti.
The rate of change for activity space is given as

A ¼
R n
i¼1 ai=

R n
i¼1 wiR n

i¼1 a
0
i =n

(5)

where a0i is activity space by a subject in a week before the pandemic, the
activity space by a subject in the week studied is ai.
The rate of change for stations visited is given by

S ¼
R n
i¼1 si=

R n
i¼1 wiR n

i¼1 s
0
i =n

(6)

where s0i is the number of stations visited by a subject in a week before the
pandemic, the number of stations visited by a subject in the week studied
is si.
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