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The SARS-CoV-2 virus is primarily transmitted through in-person interactions, and so its growth in 
urban space is a complex function of human mobility behaviors that cannot be adequately explained 
by standard epidemiological models. Recent studies leveraged fine-grained urban mobility data to 
accurately model the viral spread, but such data pose privacy concerns and are often difficult to collect, 
especially in low- and middle-income countries (LMICs). Here, we show that the metapopulation 
epidemiological model incorporated with a simple gravity mobility model can be sufficient to capture 
most of the complex epidemic dynamics in urban space, largely reducing the need for empirical 
mobility data. Extensive experiments on 30 cities in the United States, India and Brazil show that our 
model consistently reproduces complex, distinctive COVID-19 growth curves with high accuracy. It also 
provides a theoretical explanation of the emergence of urban “superspreading”, where a few high-risk 
neighborhoods account for most subsequent infections. Furthermore, with the aid of the proposed 
framework, we can inform mobility-aware travel restrictions to achieve a better balance between 
social cost and disease prevention, which facilitates sustainable epidemic control and supports the 
gradual transition to a post-pandemic world.

As a respiratory infectious disease, COVID-19 predominantly spreads through person-to-person contact and 
interaction. Consequently, its transmission mechanism in urban space is inherently complex. This complexity 
involves both macro- and micro-scopic properties. These range from exponential to sub-linear increases in 
confirmed cases1–3to the “superspreading phenomena”4, 5. Conventional homogeneous mixing models, such as 
the Susceptible-Exposed-Infectious-Recovered (SEIR) model6, can only explain exponential growth curves in 
the absence of mobility data, which contradicts empirical observation. Going beyond homogeneous models, 
researchers introduced the metapopulation framework, which breaks the homogeneous mixing assumption by 
dividing the target region into several metapopulation patches7, 8. It demonstrates superior performance in large-
scale epidemic modeling, where population flows between patches are typically modeled by a random diffusion 
process9, 10. Nevertheless, when delving into the intra-city dynamics, such a straightforward mobility rule fails 
due to high heterogeneity in fine-grained human mobility. To solve this problem, researchers have begun to 
leverage individual-level cell phone trajectories11, 12, survey-based contact matrices13, 14, or smart card check-in 
records15–17to depict intra-city human mobility. Albeit significant improvements in epidemic modeling, these 
methods pose high demands on mobility behavioral data18, which raises significant privacy concerns19.

To overcome the above limitations, we provide new evidence that combining a  metapopulation 
epidemiological model with a parsimonious gravity mobility model, rather than empirical mobility data, can 
be sufficient to capture most of the complex epidemic dynamics. This finding allows us to provide a simple yet 
novel explanation for the complex epidemic dynamics with minimum data demand. Specifically, we adopt a 
metapopulation framework that models the urban space as a set of spatially distributed neighborhoods and 
run a separate SIR variant model to capture the local transmissions in each neighborhood. To capture the 
person-to-person interactions, we principally integrate the metapopulation epidemiological framework with 
a parsimonious gravity mobility model, which predicts mobility flows with the attractions of social interaction 
opportunity20and the cost of travel distance21. The simplicity and deep fusion of the proposed model allow us 

1Beijing National Research Center for Information Science and Technology (BNRist), Department of Electronic 
Engineering, Tsinghua University, Beijing, P. R. China. 2Knowledge Lab & Department of Sociology, University 
of Chicago, Chicago, IL, USA. 3School of Electronics Information and Communications, Huazhong University of 
Science and Technology, Wuhan, P. R. China. 4Santa Fe Institute, Santa Fe, NM, USA. 5Zhenyu Han and Fengli Xu 
contributed equally. email: liyong07@tsinghua.edu.cn; jevans@uchicago.edu

OPEN

Scientific Reports |         (2025) 15:6365 1| https://doi.org/10.1038/s41598-025-87363-3

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-87363-3&domain=pdf&date_stamp=2025-2-21


to develop a unified model calibration process that simultaneously fits mobility parameters and epidemiological 
parameters with the COVID-19 incidence records. It largely reduces the data demand in previous works that 
either fit complicated standalone mobility models with behavioral data22or adopt a completely data-driven 
approach23, which is especially important to ease data privacy concerns and applications in LMICs.

Experiments on real-world data collected from 30 of the most infectious counties and cities in the United 
States, India and Brazil show that the proposed model can accurately estimate the complex and distinctive 
growth curves tracing COVID-19 confirmed cases ( R2 > 0.980). Estimated mobility changes are consistent 
with real-world observations derived from Apple Mobility Trends Reports24 (Pearson’s R = 0.872), suggesting 
the effectiveness of our model in capturing empirical mobility trends. Our model can also characterize 
urban “superspreading events” by tracking the spatially heterogeneous coronavirus spread through urban 
neighborhoods, where a small portion (20%) of neighborhoods account for a large portion (68.3%) of subsequent 
infections. Moreover, experiments show that urban “superspreading events” are a joint result of uneven urban 
population distribution and heightened population flows associated with populous neighborhoods. Therefore, 
by focusing on those regions predicted to have the highest infection risk, we can facilitate mobility-aware travel 
restrictions that result in a more desirable balance of social cost and disease prevention25. Furthermore, we 
perform a cost-effective evaluation of intervention policies under different scenarios, e.g., different levels of 
mobility activity, and different infection rates from new variants. We demonstrate that complex epidemic growth 
patterns can be adequately captured based on the predicted urban mobility, which allows us to provide practical 
and sustainable epidemic control policy recommendations to LMICs even without behavior data, paving the way 
for a safe transition to a post-pandemic world.

Results
Urban mobility driven metapopulation epidemiological model
To incorporate urban mobility with epidemic transmission, we adopt a metapopulation scheme that divides 
urban space into several neighborhoods (1 km × 1 km grid cells, see Methods and Supplementary Fig. 1 in SI 
Appendix), providing a basis for modeling spatial heterogeneity within cities. Each neighborhood contains a 
sub-population, and maintains a separate SIR variant with its own susceptible (S), asymptomatic (A), infectious 
(I), and recovered (R) states (see Supplementary Fig. 1 in SI Appendix). We adopt the implicit assumption in 
SIR models for homogeneous intra-neighborhood mobility, where each individual has an equal probability of 
contacting other individuals in the same neighborhood. Moreover, our theoretical analysis shows a parsimonious 
gravity model is sufficient to capture the inter-neighborhood urban mobility that explains complex COVID-19 
growth curves (see Methods for details). Therefore, we propose to principally integrate the gravity mobility 
model into the metapopulation epidemiological model. The simplicity of the model design allows us to jointly fit 
mobility parameters and epidemiological parameters with the COVID-19 growth curves, which largely reduces 
the dependence on fine-grained empirical mobility data. Specifically, the designed gravity model principally 
integrates the fundamental rules of social interaction and travel cost to predict urban mobility flows. The rule of 
social interaction emphasizes the attraction of social interaction opportunities of Stouffer’s law20, which can be 
approximated by the destination neighborhood’s population. Besides, the rule of travel cost captures the locality 
of urban movements26- Tobler’s first law of geography21, where people tend to visit nearby places. The parameters 
of the mobility and epidemiological models are calibrated in a coupled way, which captures the complex interplay 
between urban mobility and epidemic transmission. Leveraging this framework, we successfully introduce 
the heterogeneous population mixing by the mobility model, further extending the understanding of disease 
transmission patterns in regions without empirical mobility data.

We evaluate the proposed model by estimating growth curves tracing confirmed cases of COVID-19 in 30 
of the most infectious counties and cities in the United States, Brazil and India. To characterize the changing 
mobility behavior due to non-pharmaceutical interventions such as stay-at-home orders, we segment the 
simulation period based on the implementations of nationwide intervention policies of these countries, and then 
fit separate parameters for each segmented period (Supplementary Fig. 2 in SI Appendix). Ground truth data of 
confirmed cases are collected from official statistics released by each country27–29 (see Supplementary Table.S1, 
S2, S3 in SI Appendix). The selected cities exhibit complex and distinctive growth curves (Fig. 1A, red dotted 
lines), which can be classified into four categories: linear (Hudson, King, and most Brazilian cities), concave 
(Bergen, Miami-Dade, Nassau, etc.), convex (Cook, Davidson, Los Angeles, etc.), and S-shaped (Harris, New 
Orleans, Will, and most Indian cities). Through principally capturing the heterogeneous intra-city interactions, 
our model can accurately predict distinctive growth curves with R2 scores consistently above 0.980 for all 
cities (Fig. 1A, blue lines). By contrast, the homogeneous mixing SIR variant model fails to reproduce these 
empirical growth patterns, only predicting exponential or no growth with R0 > 1 and R0 < 1, respectively 
(Fig.  1A, green lines). It follows the classical assumption that people across the entire city homogeneously 
mix with a unified contact rate. The much lower accuracy of the baseline model validates the conclusion that 
metapopulation models with heterogeneous contact patterns generally perform better than homogeneous 
mixing models7, 8. Our model can also achieve high accuracy in predicting daily incidences with R2scores up to 
0.936, representing a minimum 12.3% improvement over the baseline model across all cities (see Supplementary 
Fig. 3 in SI Appendix). Besides, we evaluate the robustness of our framework by replacing the gravity mobility 
model with the radiation mobility model30. The results are shown in Supplementary Fig. 10, where we observe 
negligible performance differences compared with the gravity mobility model in Fig. 1. We also investigate how 
neighborhood scales affect the model performance. In Supplementary Fig.  11, we observe that using larger 
neighborhood scales leads to slightly lower accuracy, where the R2drops less than 5% in 10 km x 10 km setting. 
These results combined to demonstrate the robustness of our findings. Moreover, we theoretically demonstrate 
that the proposed model is able to capture complex forms of transmission patterns, where the SIR-X model that 
predicts sub-exponential growth31 is a special case (see Methods for details). We find that different levels of urban 
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Fig. 1.  Predicting COVID-19 growth in the 30 most infectious counties and cities in the U.S., India and 
Brazil. (A) Reproducing growth curves for COVID-19 confirmed cases. Red dots are empirical observations 
of confirmed cases, blue lines are growth curves estimated by our model, and green lines are growth curves 
estimated by a homogeneous mixing SIR variant model. Diamond markers denote the time of policy 
interventions. It demonstrates that the proposed model can effectively reproduce empirically observed 
COVID-19 growth curves, resulting in significantly higher accuracy. (B) Evaluating the proposed model with 
the task of predicting future confirmed cases within 14 days for all 20 U.S. counties. (C) Correlation between 
empirical mobility reduction and model estimation before and after the behaviour change around the first 
week in April for U.S. counties. Our model can accurately estimate mobility behavior change with a Pearson 
correlation coefficient of 0.872. Shaded areas in all the figures represent the 99% confidence interval.
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mobility have a significant impact on the shape of growth curves (Supplementary Fig. 4 in SI Appendix), which 
further justifies the need to incorporate human mobility to characterize the complex growth of COVID-19 cases. 
We further evaluate the model by predicting future confirmed cases in all 20 U.S. counties in Fig. 1B, where 
the model demonstrates great performance of a low normalized root mean square error (NRMSE) of 0.294. 
Moreover, Fig. 1C shows mobility behavior change manifests a high correlation (Pearson’s R = 0.872) between 
the mobility reduction estimated by our model and real-world observations derived from Apple Mobility Trends 
Reports24, which demonstrates that the proposed model can accurately estimate empirical mobility behavior 
changes without mobility data (see Methods for details). These results suggest that our model can effectively 
alleviate the privacy concerns in data-intensive epidemiological modeling and ease the data collection burden 
in LMICs.

Reproducing and rationalizing superspreading events in urban space
Superspreading events have been widely observed in epidemics like SARS, Measles, and Smallpox4, as well as 
COVID-19, where a small portion of infected people and locations are responsible for a disproportionately high 
number of secondary infections. Researchers have identified accumulating superspreading events of COVID-19 
through phylogenetic analysis32, 33, statistical evaluation34, 35and contact tracing based on mobility behavioral 
data5. Superspreading can neither be adequately explained by the standard SEIR model nor the recently proposed 
SIR-X model31, which both rely on the fundamental assumption of homogeneous population mixing. As a result, 
researchers have tried to characterize superspreading events with dispersion parameter k, which measures how 
the secondary infections generated by each infected individual deviate from the general population4, 5 with 
a negative binomial model. These works neglect the behavioral mechanism underlying the superspreading 
phenomenon, e.g., spatially heterogeneous population mixing. By incorporating the human mobility model, our 
proposed model can serve as an analytical framework to further explain the underlying mechanisms behind the 
complex transmission dynamics.

We use the infectee-infector ratio (IIR) to measure the severity of superspreading in different neighborhoods, 
defined as the number of secondary infections per previously infected person at each timestamp. A higher IIR 
in the neighborhood demonstrates that each infected person can cause more infections at this timestamp, 
representing a stronger superspreading phenomenon. By ranking all neighborhoods in a city based on their 
average IIR throughout the epidemic period, we can clearly observe the superspreading phenomenon from 
the cumulative distribution function of the infected population and secondary infections in Fig.  2A. If the 
infection risk is spatially homogeneous, we expect the cumulative distribution function to grow linearly with 
the number of neighborhoods following the black dashed line. However, our model reproduces a highly skewed 
distribution where the most infectious 20% of neighborhoods are responsible for 68.3% of secondary infections. 
We use the Gini index36to further quantify the unevenness in the spatial distribution of the infected population 
and secondary infection occurrences, where a higher value represents stronger superspreading in the range of 
0–1. We observe high Gini indexes of 0.553 and 0.630 for the infected population and secondary infections 
respectively, indicating a high degree of superspreading phenomenon. To align the intra-city prediction with 
real-world data, we further validate model-informed spatially heterogeneous infection risk with fine-grained 
confirmed cases in New York City37 (Fig. 2B). We observe a high correlation between predicted and real-world 
infections in each neighborhood (Spearman’s R = 0.583). These results indicate our model can effectively 
extend the standard epidemiological model to reproduce superspreading events, and the prediction is consistent 
with real-world observation without the support of empirical mobility data.

After successfully reproducing the superspreading of disease, we further investigate the underlying 
behavior mechanism behind such phenomenon leveraging the urban mobility model. First, recent research 
found empirical evidence that the uneven urban population distribution might contribute to the spatially 
heterogeneous infection risk in urban spaces38, and the empirically observed urban population distributions 
follow a highly uneven exponential distribution (Supplementary Fig. 5 in SI Appendix). Specifically, if the urban 
population is distributed evenly and urban movements are completely random, our model will degenerate into 
an SIR model variant with homogeneous population mixing, which predicts the infection risk to be spatially 
homogeneous. To examine the effect of uneven urban population distribution, we substitute the gravity model by 
random urban movement in Fig. 2C. We observe largely reduced spatial unevenness with Gini index decreases 
to 0.090 and 0.198 for infected population and secondary infections. It indicates the uneven urban population 
distribution alone cannot fully explain the superspreading events in urban space. Second, the urban movement 
is considered another potential cause for the superspreading events in urban spaces39. To examine the effect of 
social interaction and travel cost, we evaluate two variants of the urban mobility model that only consider one 
rule, respectively. When the urban mobility model only considers the rule of travel cost (see Fig. 2D), our model 
reproduces a similar level of spatial heterogeneity in infection risk as random movement (Fig. 2C). However, if 
the urban mobility model only considers the rule of social interaction, we reproduce a strong superspreading 
effect with Gini index of 0.632 and 0.539 for secondary infections and infected populations (see Fig. 2E), which 
are similar to the results of the complete model (Fig.  2A). These observations suggest that superspreading 
events are a joint result of uneven urban population distribution and heightened population flows naturally 
associated with populous neighborhoods, which reveals the key urban dynamics behind the widely observed 
superspreading phenomenon.

Informing mobility-aware travel restriction policies without mobility behavioral data
As a result of superspreading phenomena, highly skewed spatial distributions of COVID-19 cases suggest 
the potential to design targeted, mobility-aware travel restrictions that can more effectively curb coronavirus 
spread while minimizing social cost. Specifically, due to the emergence of new coronavirus variants and the 
inequity distribution of vaccine supplies, strict non-pharmaceutical interventions might happen again in many 
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LMICs, posing a pressing need for the design of better travel restriction policies that can facilitate gradual and 
sustainable epidemic control across communities40. Previous works leverage large-scale empirical mobility data 
to quantify high-risk locations11, 23, while we argue that model-predicted human mobility flow could be a good 
substitution to inform such policies when mobility behavioral data is not available. Here, we leverage our model 
to inform mobility-aware travel restrictions that only restrict the mobility of neighborhoods with the highest 
predicted infection risks. We set a budget of social cost equal to the percentage of the city population under 
travel restriction (5% of the city population for U.S. counties), then evaluate the policy’s efficacy under the 
same social cost budget in curbing disease spread as the percentage of confirmed cases that would be prevented 
compared to the no intervention scenario.

Populous neighborhoods tend to be more vulnerable to coronavirus transmission38 (Spearman’s R = 
0.74, see Supplementary Fig. 6 in SI Appendix). A widely adopted policy, referenced as Top Populated policy, 
prioritizes the introduction of travel restrictions in the most populated neighborhoods to make the most of the 
social cost budget. Under the Top Populated policy, 28.49% of overall confirmed cases can be avoided compared 
to no intervention, which outperforms the baseline of the Randomly Selected policy, which randomly chooses 
neighborhoods for mobility control under the same social cost budget (Fig. 3A). Nevertheless, infection risk 
involves factors beyond neighborhood population. If we control mobility in neighborhoods with the largest 
predicted infection risks by our model, overall confirmed cases can be reduced by 60.13%. We highlight how 
considering the population factor alone is not enough to efficiently control epidemic transmission given the same 
social cost budget because it ignores the diffusion effect of disease transmission, where the disease is more likely 
to spread to nearby neighborhoods even in a relatively small population. As an intuitive example, Top Populated 
policy will restrict faraway population centers, although the disease outbreak might not influence these areas. 

Fig. 2.  Reproducing and rationalizing superspreading events in cities. (A) The distribution of infected 
population and occurrences of secondary infections across neighborhoods ranked by the average infectee-
infector ratio. If the infected populations and secondary infections are distributed evenly, they are expected to 
follow the black dashed line. Our model reproduces a significantly uneven distribution with the bottom 80% 
neighborhoods only accounting for 42.2% infected persons (orange line) and 31.7% secondary infections (blue 
line). Shaded areas represent the interquartile range for all urban counties. The Gini index for the distributions 
of secondary infections and infected populations are 0.630 and 0.553 respectively, which suggests the infection 
risk is spatially heterogeneous in cities. (B) The correlation between predicted infection risk and real-world 
observation across neighborhoods in New York city. We find a high correlation between the rank of predicted 
confirmed cases and real-world observed confirmed cases across New York neighborhoods (Spearman’s R = 
0.583), which suggests the spatially heterogeneous infection risk predicted by our model is consistent with 
empirical observations. The color code represents 10 levels of kernel density estimates, where brighter color 
represents higher density. (C) When substituting the mobility model with random movement, the spatial 
unevenness of the distributions of infected population and secondary infections is largely reduced. (D) When 
only considering the rule of travel cost, we reproduce a similar level of spatial unevenness as the random 
movement. (E) When only considering the rule of social interaction, we reproduce a similar level of spatial 
unevenness as the complete model in (A).

 

Scientific Reports |         (2025) 15:6365 5| https://doi.org/10.1038/s41598-025-87363-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Similar observations are made for Indian and Brazilian cities (Fig. 3C, E), where policies informed by our model 
consistently outperform the baselines of Top Populated and Randomly Selected policies (see Supplementary Table 
S4, S5, S6 in SI Appendix). These results suggest that our model can inform the design of substantially more cost-
effective, mobility-aware travel restrictions.

To examine sources of differential efficacy, we visualize the neighborhoods under travel restriction in three 
cities (Fig. 3B, D and F). The case of Los Angeles county (L.A., in Fig. 3B) illustrates how the baseline policy 
focused only on the population would miss the high infection risk that occurs in less populous neighborhoods 

Fig. 3.  The effectiveness of different mobility-aware travel restrictions. (A, C, E) Performance of different 
policies in U.S. counties, Indian and Brazilian cities. We calculate the percentage of infected population in cities 
of each country. The policy informed by our model leads to a 60.13% decrease in cumulative infections in U.S. 
counties, which significantly outperforms the Top Populated policy (28.49%). Besides, the policy informed by 
our model leads to a 34.41% and 51.14% decrease in cumulative infections in India and Brazil, respectively. 
Solid lines denote the median value of all counties and cities, and shaded areas represent interquartile ranges. 
(B, D, F) Visualization of neighborhoods under mobility control in different restriction policies in Los Angeles, 
Delhi and São Paulo. The neighborhoods selected by our model differ significantly with Top Populated policy. 
Our model jointly considers population distribution and human mobility behavior in urban spaces, which 
better capture the most infectious locations for both single-center (LA) and multi-center (Delhi and São Paulo) 
cities.
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around central L.A. because it cannot model these neighborhoods’ mobility flows with nearby, densely populated 
neighborhoods. For cities in LMICs such as Delhi and São Paulo (Fig. 3D, F), we find that policies informed by 
our model still outperform baseline policies, but with different overlaps. Delhi has a compact city center with 
a much denser population compared with the peripheral area, which hinders the Top Populated policy to capture 
possible outbreaks in the peripheral area. Hence, the overlap between selected locations of Top Populated policy 
and our model is small (8.70%). On the contrary, the population of São Paulo is distributed more evenly across 
urban space, where population density peaks are far away from each other, making the mobility connection 
between them relatively small. Therefore, the location’s importance is mainly determined by population size. As 
a result, our model generates largely similar location choices as the Top Populated policy (84.38%). Departing 
from a static population distribution, previous research pointed out that urban mobility structure-encompassing 
mobility flows that interconnect various neighborhoods-greatly shapes epidemic dynamics and the effectiveness 
of NPIs. Specifically, cities with a centralized mobility distribution are more vulnerable to the epidemic, but 
the benefit from travel restrictions is greater41. This phenomenon, combined with changing mobility patterns 
due to the epidemic42, firmly supports our argument that dynamic, mobility-aware guidance is critical for 
epidemic control. Our results further demonstrate that integrating the metapopulation epidemiological model 
with a parsimonious gravity mobility model is adequate to inform the design of practical mobility-aware travel 
restrictions in the absence of fine-grained mobility behavioral data, which is especially important to improve 
epidemic control in LMICs. More detailed analysis suggests the travel restrictions informed by our model can 
also effectively alleviate the superspreading events in cities (Supplementary Fig. 7 in SI Appendix).

Simulating the epidemic development under different scenarios
In light of the development trajectory of the COVID-19 pandemic, the viral spread dynamics shift with the 
emergence of new variants43, changes in urban mobility behavior44, and the implementation of different social 
distancing policies45. As a general framework that incorporates human mobility with virus spread, our model 
can simulate epidemic development under different scenarios with distinct parameter settings. We evaluate the 
scenarios of varying mobility, infection rates, quarantine rates and intervention times respectively (Fig. 4A-D). 
First, we investigate how mobility affects disease transmission by assuming different levels of mobility in our 
model. The simulation shows that restricting mobility behavior is effective in reducing coronavirus transmission, 
where 10% higher real-world mobility activity will lead to nearly threefold the number of overall infections (2.93 

Fig. 4.  Estimated cumulative growth curves for COVID-19 infections in U.S. counties under different 
scenarios. The figures show the median value of confirmed cases across 20 U.S. counties under different human 
mobility activities (A), infection rates (B), quarantine rates (C), and intervention dates (D). We normalize 
the infection in each county according to the real-world number of confirmed cases at the end of the studied 
period. Shaded areas represent interquartile ranges for all the counties, and the vertical lines denote the dates 
of intervention policy.
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times; IQR 1.57 ~ 7.24), and 10% less mobility will halve the number of cases (0.525 times; IQR 0.237 ~ 0.783). As 
a point of comparison, the average observed mobility drop in U.S. counties during the pandemic is approximately 
30.3% (Supplementary Fig. 8 in SI Appendix, with IQR 0.227 ~ 0.392), which suggests the mobility behavior 
change during the pandemic was effective in curbing the spread of coronavirus. Reducing the infection rate 
is also a promising direction to control COVID-19 pandemic, where a 10% decrease in infection rate nearly 
halves infections (0.524 times; IQR 0.231 ~ 0.661). This suggests the great importance of reducing the infection 
rate of coronavirus, which can be achieved by improving the distribution and administration of effective 
vaccinations46, 47or implementing a compulsory mask-wearing policy in public places. Quarantine is another 
widely adopted approach to contain the spreading of coronavirus48, but with a more complicated asymmetric 
effect. Our model predicts that the number of confirmed cases will be 29% higher given a 10% decrease in 
quarantine rate (1.29 times; IQR 1.06 ~ 2.38), while a 10% increase in quarantine rate will prevent approximately 
78% of citywide infections (0.221 times; IQR 0.0739 ~ 0.525). This asymmetric effect of quarantine rates suggests 
the necessity of ensuring that testing capacity and hospital resources are sufficient. These capacities can greatly 
reduce overall infections once they pass a critical threshold. Finally, timely responses to COVID-19 pandemic 
are considered critical for combating the virus49. To explore policy response with our model, we shifted the time 
point of mobility behavior change to simulate the potential effect of different response times. We find that a delay 
of 10 days causes 3.26 times higher overall infections (IQR 1.58 ~ 9.53), while adopting policies 10 days earlier 
reduces the infections by 57.5% (0.425 times; IQR 0.12 ~ 0.71). These analyses reveal how timely interventions 
such as mobility reduction, social distancing and quarantine can play important roles in curbing the spread of 
SARS-CoV-2 virus.

Discussion
The complex transmission process of contagion diseases in urban space is a long-standing research problem that 
has drawn an increasing amount of research attention in recent years. Previous works found the shape of epidemics 
largely correlated with urban population distribution50, 51. Specifically, the peakedness of influenza season, i.e., the 
degree to which the influenza epidemics are compressed into a short period, is positively correlated with urban 
population size50, while the cases of COVID-19 are observed to be more evenly distributed over time in crowded 
cities51. However, the population distribution does not capture the full picture of person-to-person interaction 
in urban space52. Therefore, some recent works proposed to use fine-grained human mobility behavioral data 
to model the complex transmission process22, 23, which however poses huge burdens for data collection and 
privacy preservation. Different from the previous literature, we aim to capture the complex dynamics of urban 
epidemics with minimal data requirements. Specifically, we use model-predicted urban mobility to facilitate 
contagion disease modeling, which jointly considers population distribution and spatial proximity to accurately 
reproduce the complex transmission dynamics. It provides a theoretical framework to explain and reproduce 
the distinctive growth curves in different cities from the perspective of urban mobility, without the need for 
large-scale data collection. Our model can explain the superspreading events in cities resulting from the uneven 
distribution of urban population and spatially heterogeneous mobility. We demonstrate that targeted, mobility-
aware travel restrictions can be designed based on our model’s prediction, which can achieve a better balance 
between epidemic control and social cost to facilitate sustainable epidemic control for the gradual transition 
to a post-pandemic world. We also evaluate the likely outcomes under different natural and policy scenarios, 
where a faster policy response could greatly reduce the epidemic transmission. Therefore, our results provide 
experimental evidence that the metapopulation epidemiological model incorporated with a parsimonious 
urban mobility model can be sufficient to capture complex urban epidemic dynamics, which will be particularly 
beneficial to LMICs without fine-grained mobility data.

Our study has limitations. First, our model only incorporates basic assumptions regarding epidemic 
transmission. We do not consider all of the rich, contextual features that might influence the spread of the 
virus, such as weather53and changing attitudes towards containment policies54. More complex mechanisms 
in epidemic dynamics can be explored by explicitly considering these factors given high-quality fine-grained 
data. Second, although we aim to provide a widely available solution for LMICs where mobility data is hard to 
obtain, a better balance between data demand and the simplicity of the model can be achieved. For instance, 
given daily commuting data, one can further calibrate the gravity model to capture typical travel distance 
within cities, which might vary across countries with different economic and social contexts55. With the help 
of fine-grained demographic data in cities, we can arm the model with age-stratified infection risks to better 
reflect the heterogeneity of infection towards different age groups, which is helpful to inform more equitable 
interventions for elder people. Besides, providing vaccination data, we can evaluate the effectiveness of more 
targeted vaccination processes that may improve the efficiency of limited vaccine supplies. Nevertheless, analyses 
demonstrate that we can accurately trace citywide COVID-19 patterns with our model, suggesting sufficient 
expressiveness for characterizing urban viral transmission dynamics. Moreover, the minimum model setting 
improves its robustness and generalizability.

Our model and analyses hold several implications for better understanding and controlling the epidemic 
spreading. First, we demonstrate that the metapopulation epidemiological model incorporated with an urban 
mobility model is adequate to reproduce the complex epidemic dynamics. Experiments show that our estimated 
mobility changes are consistent with real-world observations, which affirms that our model can offer insights into 
fine-grained urban transmission dynamics and can be robustly transferred to other cities, facilitating decision-
making in LMICs that lack fine-grained mobility data. Second, our analyses suggest that the widely observed 
superspreading events are not solely due to the randomness of rare events, but also systematically linked with 
the underlying heterogeneity in human mobility. We further demonstrate the need to jointly consider the 
urban environment and human mobility behavior to effectively curb superspreading. Third, we observe that 
adopting a fine-grained mobility model (i.e., with smaller neighborhood scales), is beneficial to better capturing 
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epidemic dynamics. This finding is in line with recent public health research56–58, suggesting the necessity of 
fine-grained mobility control during an epidemic. Fourth, during the prolonged pandemic, the coronavirus has 
been experiencing frequent antigenic mutation that heightens its spreading ability and even reduces vaccine 
protection59,60, which might pose the need for more targeted, cost-efficient mobility control policies that can 
balance the disease transmission and social cost.

Methods
Model design
To model the complex epidemic dynamics, recently proposed SIR model31introduces self-quarantine 
mechanism for susceptible population and successfully reproduces sub-exponential growth curves. However, 
such a mechanism is idealistic, and the fundamental homogeneous population mixing setting prevents it from 
fully explaining the microscopic complexity of urban epidemic transmission, i.e., superspreading phenomena. 
To overcome this problem, some research incorporates mobility models with epidemiological models to better 
capture the complex transmission in urban spaces11, 23, 61–67, where the mobility parameters are calibrated with 
intensive mobility data. It limits their application in LMICs or finer-grained inner-city scenarios since behavioral 
data is hard to acquire in these places. In that case, these works focus on town-town level67, county-county level66, 
state-state or province-province level61–63 or even country-country level64, 65. After successfully reproducing the 
superspreading of disease, we further investigate the underlying behavior mechanism behind such phenomenon 
leveraging the urban mobility model.

Here, we provide both theoretical and empirical evidence that metapopulation epidemiological model 
incorporated with parsimonious urban mobility model can be sufficient to capture the complex epidemic 
dynamics in urban spaces without empirical urban mobility data. Specifically, we model urban space with 
numerous 1 km × 1 km grid cells, which we reference as “neighborhoods” in this study (see Supplementary Fig. 1 
in SI Appendix). We set the population in each neighborhood according to the population distributions provided 
by WorldPop dataset68. For the contagion process, we adopt an SIR variant model that uses ordinary differential 
equations (ODE) to trace epidemic development, which contains four states: susceptible (S), asymptomatic (A), 
infected (I) and recovered (R). The adopted model can reflect the difficulty of detecting large asymptomatic 
population by separating them from infected population and learning different parameters. Each neighborhood 
maintains a separate SIR variant model for its sub-population, while epidemiological parameters are shared 
across all neighborhoods. In each simulation epoch, our model has two stages that trace the contagion process 
and mobility process, respectively. In the contagion stage, we calculate the number of susceptible, asymptomatic, 
infected and recovered people in each neighborhood according to the following equations:

	
dsn

dt
= −β snan − β snin,

	
dan

dt
= (1 − ω )β snan + (1 − ω )β snin − 1

τ
an − κ an,

	
din

dt
= ω β snan + ω β snin + 1

τ
an − κ in − γ in,

	
drn

dt
= κ an + κ in + γ in,

where sn, an, in, rn are the susceptible, asymptomatic, infected and recovered people in neighborhood n. β  
is the infection rate, γ is the recovery rate, ω  is the ratio that new infections immediately show symptoms and 
transit to infected, and τ  is the average time of transition from asymptomatic persons to symptomatic ones. 
Note that both asymptomatic and symptomatic people can lead to secondary infections immediately after she/
he gets infected, which depicts the most severe scenario of epidemic spreading.} Besides, κ  denotes the testing 
and quarantine rate at which asymptomatic and infected persons are removed from the population. Note that we 
follow the assumption of SIR that the interactions between susceptible and asymptomatic/infected people scale 
with the population, as demonstrated in the β snan and β snin terms accordingly.

For the infection states of the whole city, we have

	
S =

∑
n

sn, A =
∑

n
an, I =

∑
n

in, R =
∑

n
rn.

In the mobility stage, we leverage the gravity equation to reproduce the urban mobility flow between 
neighborhoods as follows:

	
flowmn = M

Nρ
mNθ

n

exp (dmn/r) ,

where M  is the mobility level representing the intensity of the mobility flow among neighborhoods, Nm and 
Nn are the population size of the original and destination neighborhoods, and dmn is the Manhattan distance 
between them. ρ , θ , r are predefined coefficients to represent the strength of the above two rules. The gravity 
model assumes that mobility flows between neighborhoods are negatively correlated with travel distance and 
positively correlated with population size.

Therefore, we can obtain the input flow and output flow of neighborhood n as follows:
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InputFlown =

∑
m,m̸= n flowmn =

∑
m,m̸= n M

Nρ
mNθ

n

exp (dmn/r) ,

	
OutputFlown =

∑
m,m̸= n flownm =

∑
m,m̸= n M

Nρ
n Nθ

m

exp (dnm/r) .

Assuming the population flows have the same population composition ( S, A, I  and R) as the origin 
neighborhood, we have

	
InputFlowSn

(t) =
∑

m,m̸= n M
Nρ

mNθ
n

exp (dmn/r) × sm

Nm
,

	
OutputFlowSn

(t) =
∑

m,m̸= nM
Nρ

n Nθ
m

exp (dnm/r) × sn

Nn
,

	
InputFlowAn

(t) =
∑

m,m̸= nM
Nρ

mNθ
n

exp (dmn/r) × am

Nm
,

	
OutputFlowAn

(t) =
∑

m,m̸= nM
Nρ

n Nθ
m

exp (dnm/r) × an

Nn
,

	
InputFlowIn

(t) =
∑

m,m̸= n M
Nρ

mNθ
n

exp (dmn/r) × im

Nm
,

	
OutputFlowIn

(t) =
∑

m,m̸= nM
Nρ

n Nθ
m

exp (dnm/r) × in

Nn
,

	
InputFlowRn

(t) =
∑

m,m̸= n M
Nρ

mNθ
n

exp (dmn/r) × rm

Nm
,

	
OutputFlowRn

(t) =
∑

m,m̸= nM
Nρ

n Nθ
m

exp (dnm/r) × rn

Nn
,

where the summation is for each neighborhood.
The term sm

Nm
, am

Nm
, im

Nm
, rm

Nm
 represents the percentage of susceptible, asymptomatic, infected and 

recovered people in neighborhood m. The mobility stage will update the s, a, i, r for each neighborhood with 
the same temporal resolution (daily in our study) as the contagion stage, which is demonstrated as follows: 
sn = sn + InputF lowS(n, t) − OutputF lowS(n, t) = sn + M

∑
m,m̸=n

N
p
mNθ

n
exp(dmn/r) × sm

Nm
− M

∑
m,m̸=n

N
p
nNθ

m
exp(dnm/r) × sn

Nn
,

an = an + InputF lowA(n, t) − OutputF lowA(n, t) = an + M
∑

m,m̸=n

N
p
mNθ

n
exp(dmn/r) × am

Nm
− M

∑
m,m̸=n

N
p
nNθ

m
exp(dnm/r) × an

Nn
,

in = in + InputF lowI(n, t) − OutputF lowI(n, t) = in + M
∑

m,m̸=n

N
p
mNθ

n
exp(dmn/r) × im

Nm
− M

∑
m,m̸=n

N
p
nNθ

m
exp(dnm/r) × in

Nn
,

rn = rn + InputF lowR(n, t) − OutputF lowR(n, t) = rn + M
∑

m,m̸=n

N
p
mNθ

n
exp(dmn/r) × rm

Nm
− M

∑
m,m̸=n

N
p
nNθ

m
exp(dnm/r) × rn

Nn
.

There are three learnable parameters in the above model: (1) a learnable infection rate β that accounts 
for infectiousness of coronavirus, e.g., the effect of social distancing policies45, 69and the emergence of new 
variants43; (2) a learnable quarantine rate κ that accounts for the capacity of testing and quarantine for infected 
people14, 32; (3) and a learnable mobility level M  that accounts for changes in mobility behavior, e.g., the effect 
of stay-at-home orders and suspensions of public transportation44. In each subpopulation, these parameters are 
shared across the city considering the limited variance in spatial transmissibility and testing ability. We set the 
other parameters according to recent epidemiological research on COVID-19 (see Supplementary Table.S7 in 
SI Appendix).

Supported by our proof that complex urban epidemics can be explained by coupling metapopulation 
epidemic model with urban mobility model, we design the above concise model that principally fuses epidemic 
and mobility processes and only has three learnable parameters. It allows us to develop a unified calibration 
process that simultaneously fits mobility parameters and epidemiological parameters from COVID-19 infection 
records. Specifically, we adopt a Gaussian prior for the learnable parameters ( β , κ  and M ) and use Bayesian 
optimization to optimize them. 10 best models out of 40 runs are adopted for all the experiments. Statistics about 
the fitted parameters are provided in Supplementary Table 8. To validate the robustness of the results under 
different calibration methods, we also calibrate our model on daily cases in Supplementary Fig. 9. Compared 
with calibrating on cumulative cases in Supplementary Fig. 3, the performance differences are negligible.

Through the above calibration process, we can estimate empirical mobility changes without mobility data. 
The parameter M depicts the overall mobility level in the city, which is calibrated solely based on the epidemic 
curves. By comparing the changes of M  during different stages, one can estimate the relative change in human 
mobility due to the epidemic. Specifically, we fit the epidemic curves before and after the first week of April in the 
U.S. for each county, which provides two sets of parameters that depict the mobility changes. By comparing the 
relative change of the mobility level M  with empirical mobility changes from Apple Mobility Trends Records, 
we observe a high Pearson correlation of 0.872 (as demonstrated in Fig. 1C). It reflects that our model along 
with the underlying calibration process is able to capture real-world behavior changes. On average, our model 
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estimates that the mobility level ( M ) decreases from 1.09 × 10−4 to 7.26 × 10−5 for all the counties, which 
corresponds to a 33.4% decrease.

We should notice that the neighborhood scale may influence the model accuracy. We perform extensive 
experiments on different neighborhood scale settings in Supplementary Fig. 11, ranging from 1 km ×  1 km 
to 10 km ×  10 km. The results demonstrate that using larger neighborhood scales can lead to lower R2, while 
overall accuracy is still preserved. The worst-case scenario occurs when the epidemic dynamic follows a linear 
pattern, where R2 drops less than 5% for linear growth patterns. However, even in these cases, our model still 
achieves high R2 scores, demonstrating the robustness of the methodology.

Previous epidemiological research that leverages mobility model, such as the famous GLEaM model22, 
adopts a separate fitting process for their mobility model, which is decoupled from the epidemic simulation. This 
assumption limits their application since urban mobility patterns are tightly coupled with epidemic transmission 
due to the spontaneous behavior change and imposed non-pharmaceutical interventions70, 71. Different from 
these works, we jointly calibrate the urban mobility parameter and epidemic parameter in our work. This design 
allows us to uncover the human mobility patterns that explain the specific epidemic dynamic and largely reduces 
the need of real-world mobility data.

Implementation details of the baseline SIR model
We implement an SIR variant model as a representative homogeneous mixing baseline in Fig. 1 (green lines). 
Specifically, the baseline model considers each city as a general unit, where each person uniformly contacts all 
the other people who not quarantined according to the following equations:

	
dS

dt
= −β SA − β SI,

	
dA

dt
= (1 − ω )β SA + (1 − ω )β SI − κ A − 1

τ
A,

	
dI

dt
= ω β SA + ω β SI + 1

τ
A − κ I − γ I,

	
drn

dt
= κ I + γ I,

where S, A, I, R are the susceptible, asymptomatic, infected, recovered people in the whole city. This baseline 
model shares the same ODE form with our proposed epidemiological model within each metapopulation patch, 
which provides a homogeneous counterpart without the aid of the mobility model.

Theoretical analysis of complex growth curves
To demonstrate our model’s capacity for capturing the complex growth curves of COVID-19 cases, we consider 
two extreme cases of urban mobility. First, when M → 0, there is no mobility flow between neighborhoods. 
Therefore, under this scenario, the virus can only infect a limited number of people who locate in neighborhoods 
that have initial cases, resulting in a significantly smaller effective population (people who can get infected) than 
the city population ( Neff ≪ N ). It is equivalent to the self-containment mechanism in recently proposed 
SIR-X model that assumes susceptible population is exponentially depleting due to travel restriction31, which 
has proven effective in reproducing sub-exponential growth curves. Rigorous proofs can be found in (​h​t​t​p​s​:​​/​/​w​w​
w​.​​s​c​i​e​n​c​​e​.​o​r​g​/​​d​o​i​/​s​​u​p​p​l​/​1​​0​.​1​1​2​6​​/​s​c​i​e​n​​c​e​.​a​b​​b​4​5​5​7​/​​s​u​p​p​l​_​​f​i​l​e​/​a​​b​b​4​5​5​7​_​m​a​i​e​r​_​s​m​.​p​d​f.). Therefore, SIR-X model 
can be regarded as a special case of our model with M → 0. Moreover, our model provides a more realistic 
micro behavioural foundation that explains the complex growth curves of COVID-19 cases with mobility 
behavior changes.

Second, with the limit of strong intra-city mobility, i.e., M → ∞ , the population flow between any 
neighborhood pair flowmn is converging to infinity. Under this scenario, the individuals in each neighborhood 
are totally shuffled during every simulation epoch, making S, A, I  and R distributed proportionally in each 
neighborhood. Therefore, the composition portions of S, A, I  and R are the same for each neighborhood. 
Besides, we define pn as the ratio between the sub-population in neighborhood n and the total population in 
the city:

	
pn = sn + an + in + rn

S + A + I + R
,

where p1 = p2 = · · · = pn = p. Therefore, the city-wide epidemic is a linear sum of SIR models with different 
sub-population sizes but homogeneous population composition, which has the following equations:

	
dS

dt
= ds1

dt
+ ds2

dt
+ · · · + dsn

dt
=

(
− (βs1a1 + βs1i1)

)
+

(
− (βs2a2 + βs2i2)

)
+ · · · +

(
− (βsnan + βsnin)

)

	
=

(
− (βSA + βSI)p2

1

)
+

(
− (βSA + βSI)p2

2

)
+ · · · +

(
− (βSA + βSI)p2

n

)

	 = −n(βSA + βSI)p2;
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dA

dt
= da1

dt
+ da2

dt
+ · · · + dan

dt
=

(
(1 − ω)(βs1a1 + βs1i1) − 1

τ
a1

)
+

(
(1 − ω)(βs2a2 + βs2i2) − 1

τ
a2

)
+ · · · +

	

(
(1 − ω)(βsnan + βsnin) − 1

τ
an

)

	
=

(
(1 − ω)(βSA + βSI)p2

1 − 1
τ

Ap1

)
+

(
(1 − ω)(βSA + βSI)p2

2 − 1
τ

Ap2

)
+ · · · +

	

(
(1 − ω)(βSA + βSI)p2

n − 1
τ

Apn

)

	
= n

(
(1 − ω)(βSA + βSI)p2 − 1

τ
Ap

)
;

	
dI

dt
= di1

dt
+ di2

dt
+ · · · + din

dt
=

(
ω(βs1a1 + βs1i1) + 1

τ
a1 − κi1 − γi1

)
+

(
ω(βs2a2 + βs2i2) + 1

τ
a2 − κi2 − γi2

)
+ · · · +

	

(
ω(βsnan + βsnin) + 1

τ
an − κin − γin

)

	
=

(
ω(βSA + βSI)p2

1 + 1
τ

Ap1 − κIp1 − γIp1

)
+

(
ω(βSA + βSI)p2

2 + 1
τ

Ap2 − κIp2 − γIp2

)
+ · · · +

	
+

(
ω(βSA + βSI)p2

n + 1
τ

Apn − κIpn − γIpn

)
= n

(
ω(βSA + βSI)p2 + 1

τ
Ap − κIp − γIp

)
;

	

dR

dt
= dr1

dt
+ dr2

dt
+ · · · + drn

dt
=

(
κi1 + γi1

)
+

(
κi2 + γi2

)
+ · · · +

(
κin + γin

)

	
dR

dt
= dr1

dt
+ dr2

dt
+ · · · + drn

dt
= (κ a1 + κ i1 + γ i1) + (κ a2 + κ i2 + γ i2) + · · · + (κ an + κ in + γ in)

	
=

(
κIp1 + γIp1

)
+

(
κIp2 + γIp2

)
+ · · · +

(
κIpn + γIpn

)
= n(κI + γI)p.

Therefore, our model is degenerated into a homogeneous SIR model variant, whose equivalent infection rate 
and recovery rate are β equ = np2β , γ equ = npγ . As a result, our model is able to reproduce the exponential 
growth curves as the standard SIR model. Since the mobility parameter M  ranges from 0 to ∞ , our proposed 
model can reproduce a wide spectrum of growth curves between these two extreme cases (see Supplementary 
Fig. 4 in SI Appendix). Therefore, our model is provably expressive to capture the complex growth curves of 
urban epidemics.

Data availability
All of the data used in our work can be freely accessed. The empirical epidemic data and vaccination data are 
available in the GitHub repository maintained by Johns Hopkins University in ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​C​S​S​E​G​I​S​a​n​d​
D​a​t​a​/​C​O​V​I​D​-​1​9​. The global population data is provided by WorldPop in https://www.worldpop.org/. And the 
mobility data we use to validate our model prediction is obtained from Apple. Because Apple no longer provides 
the data, please contact Zhenyu Han (hanzy19@tsinghua.org.cn) to acquire it upon reasonable request.

Code availability
The source code for numeric simulation is available online: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​0​o​s​h​o​​w​e​r​o​0​​/​C​O​V​I​D​​1​9​-​u​r​b​​a​
n​-​m​o​b​​i​l​i​t​y​-​m​o​d​e​l.
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