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Abstract

Background Prior research has suggested a positive correlation between human mobility
and COVID-19 transmission at national or provincial levels, assuming constant correlations
during outbreaks. However, the correlation strength at finer scales and potential changes in
relationships during outbreaks have been scarcely investigated.
Methods We gathered case and mobility data (within-city movement, inter-city inflow, and
inter-city outflow) at the city level from Omicron outbreaks in mainland China between
February and November 2022. For each outbreak, we calculated the time-varying effective
reproduction number (Rt). Subsequently, we estimated the cross-correlation and rolling
correlation between Rt and the mobility index, comparing them and identifying potential
factors affecting these correlations.
Results We identify 57 outbreaks during Omicron wave 1 (February to June) and 171
outbreaks during Omicron wave 2 (July to December). Cross-correlation estimates vary
between waves, with values ranging from 0.64 to 0.71 in wave 1 and 0.45 to 0.46 in wave 2.
Oscillation models best fit the rolling correlation for almost all outbreaks, and there are
significant differences between extreme values of rolling correlation and cross-correlation.
Additionally, we estimate a positive relationship between the GRI and rolling correlation
during the pre-peak stage, turning negative during the post-peak stage.
Conclusions Our findings suggest a positive relationship between Omicron transmission
and mobility at the city level. However, significant fluctuations in their relationship, as
demonstrated by rolling correlation, indicate that assuming a constant correlation between
transmission and mobility may lead to inaccurate predictions or decisions when using
mobility as a proxy for transmission intensity.

Monitoring real-time transmissibility of infectious pathogens is critical for
guiding control policies. Transmissibility is typically monitored by esti-
mating the time-varying effective reproduction number (Rt)

1,2, ameasure of
the average number of secondary cases caused by each infected individual.
Given that COVID-19 transmission occurs through close contact, popu-
lation mobility is expected to strongly correlated with real-time
transmissibility3–5. To capture this correlation, various types of mobility
data have been utilized to generate different mobility index6. These include

data from cell phones and other electronic devices with location-tracking
capabilities7,8, GPS data from smartphones and mobile apps9, as well as bus
traffic and air traffic data10–12.

Most studies examining the relationship between SARS-CoV-2
transmission and mobility have been conducted at the country or regio-
nal level6 due to the limited availability of frequently used datasets, such as
Google mobility13 and Apple mobility14. However, it has been observed that
the correlation betweenCOVID-19 transmission (measured by the number
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Plain language summary

It is a general belief that a higher rate of
population mobility leads to an increase in
transmission of COVID-19, but the underlying
relationship can be more complex. To
understand this relationship better, we
analyzed data from various cities in mainland
China that experiencedOmicron outbreaks in
2022. Our findings showed a generally
positive correlation between population
mobility and transmission. However, this
relationship can change over time and vary
between different outbreaks. The level of
government response has an impact on this
relationship. Our findings can guide the
potential of utilizingmobility as a predictor for
nowcasting and forecasting epidemics and
emphasize that such usage requires careful
consideration of different factors.
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of COVID-19 cases) and community mobility was specific to individual
cities15.

Moreover, the correlation patterns between Rt and mobility have
shown inconsistency across different studies7. One previous study analyzed
the relationships between Rt and residential mobility in 125 countries,
revealing a mix of positive (39), negative (58), and inconclusive (28) cor-
relations among countries16. Several studies suggested that the relationship
between Rt and mobility may be non-linear16 or vary across different stages
of the epidemic17,18. Additionally, the correlation between Rt and the
reduction in population mobility might vary depending on the specific
variants of the SARS-CoV-2 virus that are circulating19. On the other hand,
the relationship between mobility and SARS-CoV-2 transmissibility was
likely impacted by control measures, as some control measures were aimed
at reducing mobility and hence transmissions in the population.

In summary, previous studies have highlighted dynamic, context-
dependent relationships between SARS-CoV-2 transmission and popula-
tion mobility, yet most epidemiological analyses either assumed static
relationships or examined temporal variations only at provincial scales20 or
focusedexclusively onone selected city21.Comprehensive studies examining
the relationship between transmission and mobility at the city level in a
country remain limited.

Here, we analyze the relationship between mobility and COVID-19
transmissibility at the city level using data from the Omicron outbreaks in
mainland China in 2022. We estimate the time-varying effective repro-
duction number (Rt) for each outbreak and quantifymobility patterns using
the Baidu mobility index. We then examine cross-correlation and rolling
correlation between Rt and the mobility index. We also compare these
correlation patterns and explore potential factors influencing the relation-
ship between Rt and the mobility index. In this study, our analysis reveals
that the association between human mobility and COVID-19 transmissi-
bility is dynamic and context-dependent at the city level. We find that
increased mobility is generally linked to higher transmission, yet the
strength and direction of this relationship vary over time and with different
outbreak phases. Moreover, our results indicate that government inter-
ventions modulate these associations, underscoring that static assumptions
about themobility–transmission relationship do not adequately capture the
temporal fluctuations observed in outbreak dynamics. These findings
highlight the importance of adopting dynamic, context-sensitive approa-
ches for epidemic forecasting and public health decision-making.

Methods
Case data
Casedata from1 January2022 to27November2022wereobtained fromthe
daily notification of COVID-19 on the National Health Commission of the
People’s Republic of China website22. Cases were reported based on the date
of detection. It was anticipated that the report delay wasminimal due to the
stringent city-widemeasures implemented in China during the outbreaks23.
In China, cases were classified as either local (domestic) cases or imported
cases. Local cases, including both symptomatic and asymptomatic cases,
were used in our study. Cities were coded according to Baidu cityCode24.
Case data for cities in Yunnan and Xinjiang provinces were missing and
therefore not included in our analysis. In total, data from 336 cities were
included in our study.

Mobility index data
The daily mobility index data used in this study were sourced from Baidu
mobility Big Data25,26, which is based on the widely used mapping service
Baidu Maps in China, similar to Google Maps. Baidu mobility data is col-
lected based on Baidu’s location-based service technology, offering insights
into city-specific and temporalmigrationpatterns.Using the location-aware
devices, Baidu mobility data captures the spatial-temporal trajectories of
daily population movements within communities.

While it may not capture all migrations, it remains valuable for ana-
lyzing population flow patterns across different cities and times. To access
the Baidumobility data, hypertextmarkup language (HTML) requests were

sent to the Baidu mobility platform (http://qianxi.baidu.com/). To protect
user privacy, the platform records daily travel flows for cities and aggregates
this information into an index for cross-city comparisons.

For our study, Baidu mobility data were collected for 366 prefecture-
level cities, including three mobility indices: within-city movement, inter-
city inflow, and inter-city outflow. The inter-city inflow and outflow index
reflects the magnitude of population migration between cities. The within-
citymovement is calculated as an index based on the ratio of daily intra-city
trips to the resident population27. The mobility index can be compared
across cities. To avoidweekly fluctuations induced by thework-leisure shift,
the dailymobility index was smoothed using amoving average over a 7-day
window.

Government response index (GRI)
The daily government response index (GRI) was obtained from the publicly
available Oxford COVID-19 Government Response Tracker (OxCGRT)28.
The OxCGRT is a comprehensive dataset that captures the diverse gov-
ernment policies implemented in response to the global COVID-19 pan-
demic, spanning across more than 180 countries.Within the OxCGRT, the
GRI) stands out as a reliable and thorough index, effectively portraying the
wide range of policy modifications enacted by governments. The GRI
comprised 13 indicators29, including containment and closure indicators,
economic response indicators, and health systems indicators (Supplemen-
tary Method and Supplementary Table 1). The GRI was constructed at the
provincial level.

To construct theGRI at the city level, wefirst screened the textual notes
about implementation and cessation of various public health measures at
the city level, to ensure that those citieswere included in the consideration of
GRI. Then, on the days when the daily case count for a city accounted for
80%ormoreof the total cases in the correspondingprovince, theGRIs at the
province level were considered as the GRI for that city. We conducted a
sensitivity analysis with different thresholds, including 70, 90, and 100%.

Definition of outbreaks
Anoutbreakwas defined as 20 ormore cases occurring in a single day30. The
start date of an outbreak was defined as the date on which the first case
(symptomatic or asymptomatic) occurred, goingbackward fromthedate on
which there weremore than 20 cases in a single day. The end of an outbreak
was defined as the day with no new cases for 7 consecutive days after the
peak of the outbreak. Outbreaks with a duration longer than 14 days were
included in the study.

Estimation of time-varying effective reproduction number (Rt)
Since there was pre-symptomatic transmission for SARS-CoV-231, recon-
structing the epidemic curve by the date of infection could provide a more
accurate estimation of Rt. As the case data was recorded based on the report
date, we first reconstructed the epidemic curve by infection date based on
the epidemic curve by the report date using a deconvolution approach32,
with the distribution of the delay from infection to report (Supplementary
Method). Then, we estimated the Rt based on the Poisson framework in
Cori et al.1.

Relationship between transmission and mobility
We computed the cross-correlation between Rt and mobility indices for
each identified outbreak using the Pearson correlation and selecting the
optimal lag day based on the highest correlation. We combined correlation
coefficients from each city and weighted the standard error of estimates to
generate a weighted average (Supplementary Method).

Furthermore, we adopted rolling correlation between Rt and three
mobility indices to measure and visualize short-term but potentially time-
varying correlations20,33. A detailed comparison of cross-correlation and
rolling correlation is presented in Supplementary Table 2. We performed
biweekly rolling correlation analysis, where the correlation on day t was
estimated based on the two time series data from day t−13 to t, covering a
period of 14 days.Weonly included city outbreakswith a duration of at least
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42 days to ensure a sufficient amount of data for estimation. We also con-
ducted triweekly rolling correlation analyses to further explore the sensi-
tivity of our results (Supplementary Method).

To determine if using rolling correlation was necessary, i.e., the mag-
nitude is changing during outbreaks and not constant, we employed the
non-linear least squares method to fit the rolling correlation for each out-
break. We fitted five models (constant, linear, quadratic, sine, and cosine)
and chose the optimal one based on the smallest Akaike information cri-
terion value. The inclusion of the constant model was based on its frequent
adoption inprior analyses34,35, reflecting situationswhere themodel assumes
a consistent relationship between Rt and mobility. We also compared the
cross-correlation coefficientwith theminimumandmaximumvalues of the
rolling correlation coefficient.

Factors affecting cross-correlation and rolling correlation
We aimed to investigate what factors may impact the cross-correlation and
rolling correlation. Regarding cross-correlation, we conducted Pearson
correlation tests on several potential factors, including outbreak duration,
peak value of Rt, and GRI (Supplementary Method).

Regarding rolling correlation, we investigated whether rolling corre-
lations were different by stages of outbreaks and level of GRI (Supple-
mentaryMethod). Outbreaks were divided into two stages, namely the pre-
peak and post-peak stages, based on the peak value of Rt. We employed a
mixed-effect regression to assess the impact of different stages and GRI on
the rolling correlation betweenRt and themobility index. Analysis stratified
by outbreak stage was also conducted. The mixed-effect regression model
included a random intercept term to account for variations among different
outbreak cities. The rolling correlation for each outbreak was used as the
outcome variable. The city-level GRI and different stages served as the
predictor variables, respectively. We applied a Fisher transformation to the
rolling correlation before fitting the models. In addition, we employed
k-means clustering to identify patterns in rolling correlations across out-
breaks and subsequently evaluated the associations between the resulting
clusters and key urban characteristics (Supplementary Method and Sup-
plementary Figs. 11–13).

Statistics analyses
Processing Python 3.8.6 (Python Software Foundation) and related libraries
were utilized to capture the requireddata.All analyseswereperformedusing
R software version 3.6.3 (R Foundation for Statistical Computing, Austria).
Uncertainty in effective reproduction number (Rt) was quantified as
mean ± standard deviation. For correlation analyses, 95% confidence
intervals were generated through 200 iterations of nonparametric bootstrap
resampling. The significance level for all tests was set at p < 0.05.

Informed consent was not required for this study since the data used
was obtained from publicly available data sources.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Identifications of outbreaks
In 2022, mainland China experienced two major waves caused by the
Omicron variant. Wave 1 (February to June) was caused by the Omicron
BA.2 variant and resulted in a total of 766, 000 cases. We identified 57
outbreaks in 57 cities across 23 provinces during this period.Wave 2 (July to
December) was caused by the more transmissible Omicron BA.5 variant.
However, it is worth noting that the surveillance was gradually discontinued
indifferent regions betweenNovember27 andDecember 7, 202236, due to the
cessationof the zero-COVIDpolicy inmainlandChina37.AsofNovember27,
there were a total of 554,000 cases, and we identified 171 outbreaks in 171
cities across 29 provinces during wave 2 (Supplementary Fig. 1).

For each outbreak in each city, wefirst estimated time-varying effective
reproduction number (Rt). Then, we computed cross-correlation and

rolling-correlation, and tested models with different assumptions on var-
iation of correlation during outbreaks. We used the outbreak in Shanghai
duringwave 1 as an example (Fig. 1). Details of eachoutbreakwere available
in Supplementary Data 1,2.

Cross-correlation
We found that a lag of zero had the highest correlation between Rt and
mobility indices for all outbreaks in waves 1 and 2 (Supplementary Fig. 2).
Overall, we observed positive cross-correlations between Rt and three
mobility indices (Fig. 2),withweighted averages ranging from0.64 to 0.71 in
wave 1 and 0.45–0.46 in wave 2. However, 12–23% of wave 1 outbreaks and
22–26% of wave 2 outbreaks showed uncorrelated Rt and mobility indices,
while 5–9% of wave 1 outbreaks and 19–24% of wave 2 outbreaks showed
negative correlations. Among the 40 cities with outbreaks in both waves 1
and 2, we found no statistically significant correlation between the cross-
correlation in two waves from the same cities (correlation: 0.08, p = 0.61).

Rolling correlation
The rolling correlation among 27 outbreaks in waves 1 and 64 outbreaks in
wave 2 demonstrated frequent and substantial fluctuations during the
outbreaks lasted at least 42 days, particularly those with prolonged out-
breaks. The rolling correlation of using three different types of mobility
indices for an outbreak showed a similar changing pattern (Fig. 3, Supple-
mentaryData 1, 2). In particular, we observed anoscillating pattern between
Rt and mobility indices.

Regression analysis showed that the constant model performed sig-
nificantly worse than non-constant models in all outbreaks (Fig. 3d–f).
Specifically, among 91 outbreaks (27 in waves 1 and 64 in wave 2), the sine/
cosine models yielded the best fit in 68–75 (75–82%) outbreaks for within-
city movement, inter-city inflow, and inter-city outflow, respectively. In the
remaining outbreaks, the best fit was achieved using either a linear or
quadratic model. sensitivity analysis using triweekly rolling correlation
instead of biweekly rolling correlation showed smoother patterns (Supple-
mentary Data 3, 4), but the constant model still performed significantly
worse than all other models (Supplementary Fig. 3).

We also tested using the GAMmodel to fit the rolling correlation, and
the results strongly support non-linearity (Supplementary Fig. 4). We also
tested the relationship between the rolling correlations of waves 1 and 2 for
the same city but found no statistically significant correlation between the
rolling correlations in the twowaves among 15 cities with outbreaks in both
waves 1 and 2.

Comparison of cross-correlation and rolling correlation
No correlation was found between the magnitude of the cross-correlation
and the extremevalues of the rolling correlation (Fig. 4).Therewerenegative
values of minimum of rolling correlation among 86–90% of outbreaks
(Fig. 4a, c, e). Moreover, the sign of cross-correlation and the minimum of
rolling correlationwere opposite among 68–77%of outbreaks. On the other
hand, themaximumof rolling correlation was almost 1 in all outbreaks, but
the cross-correlation is negative in 13–18% of outbreaks (Fig. 4b, d, f).

Factors affecting cross-correlation and rolling correlation
We found negative correlations between the duration of outbreaks and
cross-correlations between Rt and three mobility indices during both waves
1 and 2, ranging from−0.37 to−0.21 (Table 1). In wave 2, the peak value of
Rt was positively correlated with the cross-correlation between Rt and
within-city movement and inter-city inflow, but not the inter-city outflow.
Urban population density demonstrated significant associations with the
cross-correlations (Supplementary Table 3). Notably, cross-correlation
patterns showed no distinct regional variation (Supplementary Fig. 10).

Based on the 27 completed outbreaks in wave 1, mixed-effect regres-
sion analysis revealed that the rolling correlation for inter-city inflow and
inter-city outflow was significantly positively correlated with the post-peak
stage, relative to the pre-peak stage (Table 1). For inter-city inflowand inter-
city outflow, the rolling correlation increased from 0.50 (95%CI: 0.26, 0.68)
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to 0.71 (95%CI: 0.57, 0.81) (p < 0.01), and from 0.50 (95%CI: 0.29, 0.66) to
0.66 (95% CI: 0.52, 0.77) (p < 0.01) respectively, when the stage changed
frompre-peak to post-peak.However, therewasno significant change in the
within-city movement (Fig. 5a).

We explored the relationship between rolling correlation and GRI for
12 outbreaks in wave 1 due to availability of GRI data. We estimated a
positive correlation between rolling correlation and GRI during the pre-
peak stage, but a negative correlation during the post-peak stage (Fig. 5b, c).
Specifically, during the pre-peak stage, when the GRI increased from 55 to
75, the rolling correlationwas estimated to be increased from0.04 to 0.99 for
within-city movement (p < 0.01), and from 0.31 to 0.97 for inter-city out-
flow (p < 0.01), respectively, but no significant change for inter-city inflow
(Fig. 5B). In contrast, during the post-peak stage, when the GRI increased
from 55 to 75, the rolling correlation was estimated to be decreased from
0.86 to 0.33 for within-citymovement (p < 0.01), from0.89 to 0.45 for inter-
city inflow (p < 0.01), and from 0.78 to 0.57 for inter-city outflow
(p = 0.01) (Fig. 5c).

To assess the robustness of our findings, we conducted sensitivity
analyses using: (1) alternative GRI extraction thresholds and (2) a modified
outbreak phase classification based on peak case counts rather than peak Rt
value (Supplementary Method). Both approaches produced results con-
sistent with our primary analysis (Supplementary Figs. 6 and 9).

Comparison of cross-correlation and rolling correlation across
three mobility indices
Inter-city inflow and inter-city outflow had high average correlations
(0.88–0.96) in both waves, while within-city movement had lower

correlations with inter-city inflow/outflow (0.31–0.35) (Supplementary
Fig. 7). However, the cross-correlations between Rt and mobility of within-
city movement, inter-city inflow, and inter-city outflow were highly cor-
related with each other (ranging from 0.63 to 0.88). Additionally, mixed-
effect regression analysis showed no significant differences in rolling cor-
relations for these three mobility indices (Supplementary Fig. 8).

Discussion
Previous studies usually explored the relationship between mobility and
transmission at the province or national level (Supplementary Method).
Here, we analyzed this relationship at a finer scale, namely city level, using
data fromOmicronoutbreaks inmainlandChina in 2022, and three types of
mobility indices (within-city movement, inter-city inflow, and inter-city
outflow). Overall, we found their relationship could be different among
cities and outbreaks, suggesting that directly using mobility to proxy
transmission intensity may be inaccurate. In particular, we found that the
cross-correlation and rolling correlationbetween thewaves for the same city
could be different. Furthermore, the rolling correlations were also non-
constant in all outbreaks, suggesting the relationship between transmission
and mobility was time-varying during outbreaks. Despite these variations,
we estimated that the rolling correlation was higher after the peak in out-
breaks, and the intensity of control measured (measured by GRI) could
modify the rolling correlation.

We found that the cross-correlation betweenRt andmobility indices in
outbreaks indifferentwaves in the same cities couldbedifferent, particularly
the cross-correlationduringwave 2was significantly lower than that ofwave
1. This was consistent with previous studies reporting lower correlation

Fig. 1 | Data and analysis results of the Shanghai outbreak in wave 1. a–c Case
number (blue), estimated reproduction number (Rt, red; 95% confidence intervals
derived from parametric approximation as light red shading), mobility index
(green), Government Response Index (GRI, orange), cross-correlation (gray; 95%
confidence intervals derived from the bootstrap as light gray shading), and rolling
correlation (purple): a within-city movement, b inter-city inflow, and c inter-city

outflow. d–e Model fitting results of rolling correlations between mobility and
transmission by mobility index: d within-city movement, e inter-city inflow, and
f inter-city outflow, evaluated using the Akaike Information Criterion (AIC). Gray
scatter points show rolling correlations; colored lines represent fitted models: con-
stant (red), linear (orange), quadratic (blue), sine (purple), and cosine (black).
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during laterwaves3,34 than earlierwaves. Itmaybe explainedby the increased
transmissibility of the dominant virus, in which Omicron BA.5 in wave 2
was more transmissible than Omicron BA.238. Another potential explana-
tion was the pandemic fatigue39 that self-protection behavior may have
changed in the later wave, which cannot be fully captured by mobility
indices. Therefore, the previous estimated relationship between mobility
and transmission may not be generalizable to future outbreaks even in the
same regions.

By using rolling correlation, we found that the relationship between
mobility and transmission varied during outbreaks at the city level. Overall,

mobility was positively correlated with transmissions, but in some out-
breaks, theminimumrolling correlation could be negative. Thisfindingwas
consistent with a previous study that showed models allowing for different
associations between Rt and mobility in subperiods outperformed models
without subperiods40. Furthermore, prior studies conducted at both pro-
vincial and city levels have demonstrated significant fluctuations in the
rolling correlation between Rt and mobility indices throughout the entire
epidemic period20,33.

Increased mobility is expected to increase transmission due to more
contacts in the community, but the magnitude of this effect can vary,

Fig. 2 | Cross-correlation betweenRt andmobility.
a Cross-correlation between Rt and mobility of
outbreaks in wave 1 (n = 57). b Cross-correlation
between Rt and mobility of outbreaks in wave 2
(n = 171). Each data point represents the cross-
correlation between Rt and mobility for an indivi-
dual outbreak, with outbreaks lasting less than 42
days shown in yellow and those lasting 42 days or
more shown in blue. The distribution of the cross-
correlation is shown, with the central white dot
indicating the weighted average and the black bar
representing the 95% confidence intervals derived
from the bootstrap.
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resulting in a time-varying association between Rt and mobility. This
variability may be due to 1) factors that may affect transmission but not
mobility, 2) factors that may disproportionally affect mobility and trans-
mission, and 3) transmissions could have impact on mobility. First, the use
of community mobility data may not capture the transmission intensity in
smaller settings like households or neighborhoods. However, given that
COVID-19 is more likely to spread indoors and in crowded spaces, the
disease can still propagate evenwithminimal communitymobility. Second,
implementing various non-pharmaceutical interventions related to mobi-
lity restrictions and targeting specific destinations for reduced mobility can
vary in their effectiveness in controlling disease transmission. For example,
school closures may be more effective than broader measures like business
closures or stay-at-home orders41. Focusing on reducing mobility to places
such as bars and gyms could be more efficient than implementing general
mobility restrictions42. Third, individual behaviors may change during
outbreaks, including the degree of self-protection and contact patterns43 that
may have an impact on transmission intensity, but could not be captured by
mobility indices. Also, higher transmissions may increase the individual
self-protective behaviors, such as self-isolation or reducing going outside.
Fourth, the intensity of self-protective behavior, and intensity and

adherence to implemented containment measures may also change due to
pandemic fatigue39, which can disproportionally affect both mobility and
Rt

44,45. On the other hand, prolonged and repeated outbreaksmay also cause
pandemic fatigue.

We estimated that the higher GRI was associated with higher rolling
correlation before the epidemic peak but lower rolling correlation after the
peak, which may explain the time-varying relationship between mobility
and transmissions.As containmentmeasuresmay reduce bothmobility and
transmission, causing positive and higher rolling correlation in the early
stages of outbreaks. However, in later stages of outbreaks, there could be
implementationsof furthermeasures, suchas facial coverings, dependingon
the transmission intensity, that could weaken the relationship between Rt
and mobility46. For example, higher transmission intensity may further
trigger implementation ofmeasures that increasedGRI, resulting decreased
rolling correlation. Additionally, when transmission began to decline,
control measures were not immediately relaxed, causing a delay in the
decline of GRI. Furthermore, a decrease in risk perception and compliance
towards control measures among public could lead to an increase in
mobility47, resulting in a weaker relationship between Rt and mobility
despite high GRI.

Fig. 3 | Rolling correlation between Rt and mobility. a–c Rolling correlation
between Rt and three mobility indices of outbreaks in wave 1 (n = 27) and wave 2
(n = 64): a within-city movement, b inter-city inflow, and c inter-city outflow. City
numbers (No.) are displayed, with corresponding city names provided in Supple-
mentary Table 4. d–f Comparison of models fitting rolling correlation between Rt

and three mobility indices: d within-city movement, e inter-city inflow, and f inter-
city outflow. The gray scatter plots represent individual outbreaks. The red scatter
plots represent the best model based on the Deviance Information Criterion (AIC).
N denotes the number of outbreaks where each model demonstrated best fit
(lowest AIC).
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Table 1 | Factors affecting cross-correlations and rolling correlation between Rt and mobity index

Correlation Wave Factor Within-city movement Inter-city inflow Inter-city outflow

Cross-correlation Wave 1 Peak value of Rt −0.07 (−0.32, 0.20) −0.09 (−0.34, 0.18) −0.05 (−0.31, 0.21)

Outbreak Duration −0.35 (−0.56, −0.10) −0.37 (−0.58, −0.12) −0.35 (−0.56, −0.10)

Maximum value of GRI 0.19 (−0.07, 0.43) 0.20 (−0.06, 0.44) 0.27 (0.01, 0.49)

Wave 2 Peak value of Rt 0.31 (0.15, 0.45) 0.24 (0.07, 0.39) 0.12 (−0.04, 0.28)

Outbreak Duration −0.22 (−0.37, −0.05) −0.25 (−0.40, −0.09) −0.21 (−0.36, −0.04)

Maximum value of GRI −0.03 (−0.20, 0.13) −0.04 (−0.21, 0.12) −0.05 (−0.22, 0.12)

Rolling correlation(Fisher
transformation)

Wave 1: Pre-peak stage GRI 0.13 (0.07, 0.20) 0.06 (0.00, 0.11) 0.09 (0.03, 0.15)

Wave 1: Post-peak stage GRI −0.05 (−0.07, −0.03) −0.05 (−0.06, −0.03) −0.02 (−0.03, 0.00)

Wave 1 Pre-peak ref ref ref

Post-peak 0.05 (−0.12, 0.23) 0.33 (0.17, 0.50) 0.25 (0.09, 0.42)

GRI, Government Response Index.
For cross-correlation, Pearson correlation coefficients and 95% confidence intervals (CI) were displayed.
For rolling correlation, fixed effect results, including coefficients and 95% CI, were shown.

Fig. 4 | Comparison of cross-correlations and the minimum/maximum values of
biweekly rolling correlations. a, c, e Comparison of cross-correlations and the
minimum values of biweekly rolling correlations by mobility index: a within-city
movement, c inter-city inflow, and e inter-city outflow. b, d, f Comparison of cross-

correlations and the maximum values of biweekly rolling correlations by mobility
index: b within-city movement, d inter-city inflow, and f inter-city outflow. Data
points represent means with 95% percentile bootstrap confidence intervals. Out-
break waves are color-coded (Wave 1: n = 27, yellow; Wave 2: n = 64, blue).
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The fluctuations observed in the rolling correlation between trans-
mission andmobility have highlighted several factors that couldmake their
relationship dynamic. Hence, predicting transmission based on mobility,
assuming a constant relationship between these variables, could be

inaccurate. In particular, for almost all outbreaks, the maximum of rolling
correlation could reach one, suggesting that using cross-correlation may
underuse the mobility data. More complicated models may be needed to
utilize the mobility data to proxy transmission intensity.

Fig. 5 | Factors affecting rolling correlation estimated by mixed-effect regression
analysis. a Rolling correlation between Rt and mobility over two stages of outbreak
(points: means; error bars: 95% bootstrap confidence intervals). b and c Rolling

correlation between Rt and mobility in relation to the Government Response Index
(GRI) during (b) pre-peak stage and (c) post-peak stage (shaded regions: 95%
bootstrap confidence intervals).
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When comparing rolling correlation calculated by different mobility
indices, therewereno significant differences in rolling correlationduring the
pre-peak stage and during the post-peak stage when using within-city
movement as the mobility index. However, there were significant differ-
ences when inter-city inflow or outflow was used. These observations sug-
gest that within-city movement may be a more sensitive indicator of
outbreaks and capture outbreak information earlier than the other two
mobility indices.

This study has several limitations. First, our analysis relied on the
accuracy of the mobility data in measuring human movement within and
between cities, and this may not capture all important flow changes of the
public during the epidemic period48. Second, there were missing data, such
as city-level case data for Yunnan and Xinjiang provinces. Third, extracting
city-level GRI from the province-level data resulted in information loss for
some outbreaks, as not all cities had city-level GRI available. Fourth, as the
mobility data utilized in this study lacks directional information, we are
unable to investigate the impact of city-to-city connectivity. Fifth, we could
not validate the relationship between rolling correlation andGRI using data
from outbreaks in wave 2, due to the presence of censored data. Lastly, all
mobility indices were derived from a single platform, which may introduce
platform-specific biases49. Further validation is necessary to ensure the
strength and reliability of our findings.

In conclusion, using data from a finer scale (city level), our study
revealed the dynamic relationship between mobility and transmission,
varying across different waves, outbreaks, stages within an outbreak, and
level of government response. These suggested that when employing
mobility index as a proxy of real-time transmissibility, assuming a constant
relationship between them throughout the entire stage may result in inac-
curate evaluation of transmission intensity. Therefore, nowcasting and
forecasting epidemic using mobility may require further consideration of
other factors and development of methodology.

Data availability
The rawdata analyzed in the study is sourced frompublicly available data, as
follows: (1) COVID-19 case data comes fromNational Health Commission
of the People’s Republic of China (http://www.nhc.gov.cn/xcs/yqtb/list_
gzbd.shtml); (2) mobility data comes from Baidu mobility big data (http://
qianxi.baidu.com/); and (3) government response data comes from the
OxCGRT, https://github.com/OxCGRT/covid-policy-tracker. The pro-
cessed datasets used to generate all figures and statistical analyses in this
study are available on Zenodo at https://zenodo.org/records/15117352.

Code availability
The code developed in the study to perform themain analysis is available in
the GitHub directory at https://github.com/Liping-Peng/COVID19_China
and a snapshot of the code is provided on Zenodo50.
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