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A B S T R A C T   

Timely and precise detection of emerging infections is imperative for effective outbreak management and disease 
control. Human mobility significantly influences the spatial transmission dynamics of infectious diseases. Spatial 
sampling, integrating the spatial structure of the target, holds promise as an approach for testing allocation in 
detecting infections, and leveraging information on individuals’ movement and contact behavior can enhance 
targeting precision. This study introduces a spatial sampling framework informed by spatiotemporal analysis of 
human mobility data, aiming to optimize the allocation of testing resources for detecting emerging infections. 
Mobility patterns, derived from clustering point-of-interest and travel data, are integrated into four spatial 
sampling approaches at the community level. We evaluate the proposed mobility-based spatial sampling by 
analyzing both actual and simulated outbreaks, considering scenarios of transmissibility, intervention timing, 
and population density in cities. Results indicate that leveraging inter-community movement data and initial case 
locations, the proposed Case Flow Intensity (CFI) and Case Transmission Intensity (CTI)-informed spatial sam
pling enhances community-level testing efficiency by reducing the number of individuals screened while 
maintaining a high accuracy rate in infection identification. Furthermore, the prompt application of CFI and CTI 
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within cities is crucial for effective detection, especially in highly contagious infections within densely populated 
areas. With the widespread use of human mobility data for infectious disease responses, the proposed theoretical 
framework extends spatiotemporal data analysis of mobility patterns into spatial sampling, providing a cost- 
effective solution to optimize testing resource deployment for containing emerging infectious diseases.   

1. Introduction 

In recent decades, emerging infectious diseases (EIDs) have become 
more prevalent, escalating to epidemics or pandemics more frequently 
in our highly mobile and interconnected world (Baker et al., 2022). 
Timely and accurate identification of infected individuals is critical for 
the effective containment and management of EIDs (Haug et al., 2020; 
Lipsitch and Grad, 2024). However, identifying all infectious individuals 
within populations, particularly for diseases caused by highly conta
gious pathogens, poses significant resource and cost challenges. In 
outbreaks involving human-to-human transmission, the spread of in
fectious diseases is intricately linked to variations in human activities 
(Klise et al., 2021; Xiong et al., 2020; Zhang et al., 2022). By combining 
human mobility data with disease surveillance information, public 
health officials can better allocate resources, target testing efforts, and 
implement control measures to contain the spread of EIDs. 

Human mobility and point-of-interest (POI) data are increasingly 
harnessed in infectious disease responses and analyses. These applica
tions include close contact tracing (Ferretti et al., 2020; Munzert et al., 
2021), risk prediction for transmission (Jia et al., 2020; Valdano et al., 
2021), assessment of behavioral and emotional shifts in populations 
(Petherick et al., 2021; Wang et al., 2022), and evaluation of non- 
pharmaceutical intervention impacts (Aleta et al., 2020; Chiu et al., 
2020; Huang et al., 2021; Kraemer et al., 2020). Despite these ad
vancements, spatiotemporal data on human activities are rarely 
considered in determining locations and population groups for screening 
in current pandemic testing, particularly at fine spatial scales (Baker 
et al., 2021; Calabrese and Demers, 2022; Chatzimanolakis et al., 2020). 
However, given the substantial risk of asymptomatic transmission and 
the rapid dissemination of severe illnesses within populations, a proac
tive testing approach, such as mass testing, has proven crucial for 
infection detection (Lopes-Júnior et al., 2020; Shen et al., 2021). For 
instance, during the coronavirus disease in 2019 (COVID-19) pandemic, 
countries utilized mass testing through polymerase chain reaction assays 
and distributed lateral flow test kits, facilitating timely detection and 
isolation of infections across various settings (Cao et al., 2020; Li et al., 
2021; Pavelka et al., 2021). Efficiently optimizing citywide screenings 
across spatial and temporal dimensions is crucial to address challenges 
such as cost constraints, limited healthcare infrastructure, logistical 
complexities, and community intervention fatigue (Hasell et al., 2020). 
Therefore, it is imperative to design optimal testing strategies, especially 
based on spatiotemporal data analysis of human activities. 

The strategic selection of target populations for testing in spatial 
domains often lacks comprehensive optimization (Deckert et al., 2020; 
Du et al., 2021; Grassly et al., 2020; Wells et al., 2021). Spatial sampling, 
which integrates the spatial structure of the target, offers superior 
sampling accuracy and efficiency compared to the widely used simple 
random sampling (SRS) approach (Wang et al., 2012). Therefore, 
combining spatial sampling with disease transmission characteristics 
can provide valuable information on target populations at risk, enabling 
the optimization of the allocation and deployment of testing resources. 
For example, spatial sampling can prioritize testing resources for in
dividuals residing in close proximity to known cases, compared to those 
in disease-free regions, aligns with the diverse transmission modes of 
EIDs. Leveraging information on individuals’ movement and contact 
behavior enhances spatial sampling’s targeting precision towards loca
tions with a heightened likelihood of infections. Traditional citywide 
screenings may consider the mobility of the population to develop 
testing plans, while this process often requires guidance from 

epidemiological experts or departments. There is a critical need to 
develop a sustainable spatial sampling framework that integrates 
spatiotemporal data on human activities, supporting the tailoring of 
precise, population-wide testing strategies for detecting EIDs (Grantz 
et al., 2020; Oliver et al., 2020). 

The study aims to develop a spatial sampling framework based on 
human mobility data analysis, to make it repeatable, reproducible, 
expandable, and easily employable by users when the relevant data are 
available during disease outbreaks. To achieve this goal, a mobility- 
based spatial sampling framework was designed for the detection of 
EIDs that spread through community transmission. The framework 
leveraged hourly mobile phone signaling data in the early stages of EIDs 
and comprehensive POI data to quantitatively analyze individual 
movement patterns and contact intensity. This allowed for the estima
tion of disease transmission within communities, represented as 
community-level infection risk. Four distinct sampling approaches were 
devised: human contact intensity (HCI), human flow intensity (HFI), 
case flow intensity (CFI), and case transmission intensity (CTI). Each 
approach had distinct data requirements and measurements of human 
mobility characteristics (see Materials and methodology). To evaluate 
the performance of these mobility-based sampling approaches, we used 
the data of COVID-19 outbreaks in Beijing and Guangzhou, China, 
alongside simulated outbreaks under varying scenarios of trans
missibility, interventions, and population density. The evaluation 
compared the outcomes with those from SRS, citywide screening, and 
utilization of a Susceptible-Exposed-Infectious-Removed (SEIR) epide
miological model. Furthermore, we assessed how the optimized spatial 
sampling approaches enhance the implementation of multi-round 
testing across diverse geographic ranges and temporal frequencies. 
The proposed approaches, CFI and CTI, stand as valuable references for 
more economical allocation of testing resources and early surveillance of 
intra-city transmission of EIDs across diverse settings. This theoretical 
framework, characterized by strong applicability and operability, can be 
promptly incorporated into data analysis for emergency response by 
governmental authorities and data custodians to comprehend infectious 
disease dynamics in diverse contexts. 

2. Materials and methodology 

2.1. Data sources 

To assess the effectiveness of the proposed mobility-based sampling 
strategies in real-world scenarios of emerging infections, we gathered 
data on mobility, POI, demographics, and epidemiology concerning 
importation-related COVID-19 outbreaks in two cities, Beijing and 
Guangzhou, during the period of 2020–2021. The cities were subdivided 
into township-level divisions, which we considered as our sample units, 
referred to as communities in our study. 

In Beijing, the first case of the COVID-19 outbreak was identified on 
June 11, 2020, following 56 consecutive days without a new confirmed 
case since the initial wave in 2020 (Wang et al., 2021). The Xinfadi 
market was identified as the source of the outbreak, leading to its closure 
on June 13. By July 5, 2020, a total of 368 cases were reported in 52 
affected communities, comprising 15.7 % of all 331 communities. In 
Guangzhou, the first case of the highly transmissible VOC Delta variant 
of SARS-Cov-2 was confirmed in Liwan District on May 21, 2021 (Ma 
et al., 2022). As of June 18, 2021, 16 communities in Guangzhou, ac
counting for 9.5 % of 168 communities, had been affected, resulting in a 
total of 152 confirmed and asymptomatic cases. In both outbreaks, mass 
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testing was promptly conducted after community transmission was 
confirmed to identify more infections and contain the outbreak. Ulti
mately, over 10 million people in Beijing (Pang et al., 2020) and 16 
million residents in Guangzhou (Times, 2021) were screened. 

We acquired 2020 population data at a 100-meter resolution from 
WorldPop (https://www.worldpop.org). This data was then aggregated 
to estimate the population in each community using zonal statistics. 
Details on affected communities and case numbers were sourced from 
press releases and daily epidemic notification reports by the Beijing and 
Guangzhou Municipal Health Commissions (Table S1). 

To understand population movements between communities, we 
utilized anonymized data on population movement flows aggregated 
from cellular signaling data by China Mobile, a major mobile carrier in 
China. As of December 2021, China Mobile had 957 million users, rep
resenting 68 % of the national population (Mobile, 2021). We aggre
gated hourly data from two specific days to capture population 
movement patterns between communities in Beijing on June 11 and 12, 
2020, and in Guangzhou on May 21 and 22, 2021, respectively. These 
dates were during the early stages of the COVID-19 outbreaks and 
represent typical daily and normal mobility patterns prior to the 
enforcement of major travel restrictions. It’s important to note that the 
population flow data presented in this study provides hourly and inter- 
community flows of the general population and does not allow for in
dividual tracking. Regarding POI data for 2020, we obtained it from 
AMap Services (https://ditu.amap.com), a prominent location-based 
service provider in China. There was a total of 1,285,920 POIs in Bei
jing and 1,314,796 POIs in Guangzhou, each with six core fields: POI 
name, multilevel categories, address, coordinate location (latitude and 
longitude), and district name. More details about movement data and 
POI data can be seen in Text S1. 

2.2. Spatial sampling framework incorporating mobility and POI data 

We devised mobility-based spatial sampling methods utilizing mo
bile phone signaling and POI data to compute a community’s sampling 

priority and allocate testing resources at the community level. Fig. 1 
provides an overview of the spatial sampling framework. 

(1) Infection risk analysis based on spatiotemporal mobility 
data: The sampling priority (ρi), representing the community-level 
infection risk due to COVID-19 transmission, was computed using data 
on mobile phone signaling geo-positions, POIs, and the location of initial 
confirmed cases. Different mobility scenarios derived from POI clus
tering and population flow data were incorporated into four spatial 
sampling approaches. 

HCI (Human Contact Intensity) assessed the risk of transmission 
resulting from interpersonal contact within a community. It used a di
versity index based on the number and category of POIs within a com
munity to measure daily activity levels. POIs-based diversity indices 
have been widely used to depict the neighborhood vibrancy and human 
activity (Cui et al., 2020; Xia et al., 2020; Yue et al., 2016). HFI (Human 
Flow Intensity) estimated spatial infection risk based on the movement 
of people entering and leaving a community, as represented by popu
lation inflow and outflow. Larger hourly population flows for a com
munity indicated higher human contact risk and infection likelihood. 
HCI and HFI sampling focused on the daily contact and flow count 
within each community, respectively. These methods did not consider 
interactions between communities or utilize epidemiological data of the 
target disease. 

CFI (Case Flow Intensity) leveraged a travel network to calculate ρi, 
using hourly counts of initial cases visiting a community by considering 
both the location of initial cases and their inter-community movements, 
derived from case and mobility data. This approach identified higher 
infection risk in communities that were visited by more cases. The travel 
network-based CTI (Community Transmission Intensity) utilized hourly 
counts of potential new infections, focusing on the risk introduced by 
intra-community contacts between cases and susceptible populations. 
Building upon CFI, CTI incorporated POI data to account for trans
mission events caused by cases in a community, identifying communities 
with a higher CTI where individuals were more likely to be infected. 

(2) Risk-informed spatial sampling: Sample sizes were determined 

Fig. 1. Framework of mobility-based spatial sampling approaches for detecting emerging infections at the community level. Utilizing data on Points of Interest 
(POIs), travel flows derived from mobile phone signaling, and the locations of initial confirmed cases within a city, four spatial sampling approaches were developed: 
human contact intensity (HCI), human flow intensity (HFI), case flow intensity (CFI), and case transmission intensity (CTI). The spatial sampling prioritizes com
munities based on infection risk (ρi), where communities with a higher ρi are given higher sampling priorities. 
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with consideration of testing resource capacity, whereby communities 
exhibiting higher ρi were accorded higher sampling priorities for ’all 
residents’ screening under the specified sample size. This prioritization 
was achieved through either deterministic or Poisson methods (Text S4). 
Subsequently, tests were conducted in the sampled communities, 
encompassing those affected, where corresponding infections were 
identified. 

In the context of mobility-based spatial sampling, we delineated four 
distinct approaches (HCI, HFI, CFI, and CTI) based on various human 
mobility characteristics to ascertain the infection risk (ρi). Additionally, 
we employed an epidemiological model to estimate the infection risk at 
the community level for comparative analysis. Each sampling approach 
was associated with a specific threshold and unit for ρi, facilitating a 
relative-level estimation of the extent of epidemic transmission within 
communities. 

To better demonstrate individuals’ movement, all communities 
within a city were expressed as the set S = {si, i = 1, 2,⋯,N}. At hour t, 
communities from which people go to the community si were denoted as 
Mt

→i =
{
sj ∈ S, sj ∕= si, 0 ≤

⃒
⃒Mt

→i
⃒
⃒ < N

}
, where 

⃒
⃒Mt

→i
⃒
⃒ was the number of 

elements in the set. Communities where people go from the community 
si were denoted as Mt

i→ =
{
sk ∈ S, sk ∕= si, 0 ≤

⃒
⃒Mt

i→
⃒
⃒ < N

}
. The number 

of visitors from sj to si is Pt
ji, and the number of population inflow and 

outflow for the community si was given by Pt
→i =

∑
sj∈Mt

→i
Pt

ji and Pt
i→ =

∑
sk∈Mt

i→
Pt

ik, respectively. Therefore, the number of people active in the 

community si was computed as Pt
i = Pt− 1

i + Pt
→i − Pt

i→, where the 
community-level population at hour t = 0 (i.e., Pt=0

i ) was the WorldPop- 
aggregated population. 

Human contact intensity (HCI). The infection risk considering 
interpersonal interaction within a community was depicted by a di
versity index (Liu et al., 2020) based on the number and category of 

POIs, given by βi =
( ∑

c(mi,c)
q)1/(1− q), where mi,c is the number of POIs 

in the community si for POI category c (i.e., secondary category in the 
study), and q is the exponential factor (50 values tested, see Text S3). 
The infection risk for si is determined by ρi(hci) = βi, and a higher value 
means a greater extent of the transmission in the community. 

Human flow intensity (HFI). The infection risk caused by people 
entering and leaving a community was defined by hourly counts of 
overall inflow and outflow. The ρi in the community si is expressed as 
ρi(hfi) =

∑T
t=0Pt

→i + Pt
i→, and T is the duration considered (e.g., T = 48 

hours under two-days human mobility patterns). 
Case flow intensity (CFI). Hourly counts of initial confirmed cases 

depicted the infection risk due to transmission events. At hour t − 1, 
there are Ct− 1

j and Ct− 1
i initial confirmed cases in communities sj and si, 

respectively. In terms of the inter- community movement of initial 
confirmed cases, Pt

ji people travel to the community si from sj at hour t, of 
which the number of the initial confirmed cases is positively propor

tioned to the population flow, that is Ct
ji = Ct− 1

j •
Pt

ji
Pt− 1

j
. A total of 

∑
sj∈Mt

→i
Ct

ji enter and 
∑

sk∈Mt
i→

Ct
ik leave the community si. The number of 

the initial confirmed cases at hour t is given by Ct
i =

∑
sj∈Mt

→i
Ct

ji +

Ct− 1
i −

∑
sk∈Mt

i→
Ct

ik, and the ρi for the si is expressed as ρi(cfi) =
∑T

t=0Ct
i . 

Case transmission intensity (CTI). The infection risk due to 
transmission events was depicted by hourly counts of potential new 
infections caused by the initial confirmed cases within a community. At 
hour t, in terms of intra-community movement of Ct

i initial confirmed 
cases within si, new infections increased with the infection rate given by 

λi = βi •
Ct

i
Pt

i
, where βi is the intra-community transmission rate derived 

from the logged POI-based diversity index. The number of new in
fections in the community si at hour t is It

i Binom(Pt
i − Ct

i , λi) (Chang 
et al., 2021), and ρi(cti) =

∑T
t=0It

i . 
We denoted the day when the first case was reported for an outbreak 

as d1. Subsequently, we examined hourly inter-community population 

flows representing mobility patterns during the initial two days (i.e., d1 
and d2). For our analysis, we selected confirmed cases reported from day 
d3 to d4 as the initial cases, allowing for flexibility in the choice of initial 
case selection (see different selections of initial cases over time in 
Table S7). In this context, the start hour, t = 0, represented the first hour 
of day d1, with the analysis covering a duration, T, of 48 h. Furthermore, 
Ct=0

i denoted the total number of confirmed cases reported in commu
nity si from day d3 to d4. 

Susceptible-Exposed-Infectious-Removed (SEIR) epidemiolog
ical model. The study employed a travel network SEIR modeling 
framework to simulate the spread of COVID-19 within city communities 
(Lai et al., 2020). Simulation parameters and the commencement date 
were determined using the BEARmod framework (https://github. 
com/wpgp/BEARmod) referencing existing studies (Text S2). The 
model output, representing the daily cases in each community, was 
derived from a single simulation. Cumulative cases per community 
during the outbreak were computed. The community-level infection risk 
(SEIR-informed ρi) was established by averaging results from multiple 
simulations (e.g., 500). A comparison between the SEIR model’s disease 
transmission estimates and the actual COVID-19 outbreak spread is 
depicted in Fig. S6. Additionally, the sensitivity of SEIR estimates to 
various values of R0 was assessed, as illustrated in Fig. S7. 

2.3. Performance assessment of mobility-based spatial sampling 

The study comprehensively assessed the effectiveness of mobility- 
based spatial sampling in three distinct scenarios. First, the evaluation 
focused on the practical application of mobility-based sampling to 
improve community-level testing for detecting infections during real- 
world COVID-19 outbreaks. The assessment involved measuring the 
accuracy of infection detection at the community level and the volume 
of tests conducted. The trade-off between these factors was analyzed at 
different sampling sizes, aiming for an optimal balance. To assess the 
accuracy of infection detection in space and quantity, the study 
measured the proportion of affected communities or cases that were 
successfully sampled over the total number of affected communities or 
cases throughout an outbreak. The volume of tests was evaluated by 
calculating the ratio of sampled communities or populations over the 
total number of communities or people. In an ideal scenario, a perfect 
sampling approach would yield a point as close as possible to the upper 
left corner in Fig. 2a. This would mean that all infections could be 
precisely detected using a sample size that is equivalent to the number of 
cases or affected communities. Practically, the study used the point with 
the least geometric distance to the upper left corner (the red point) as the 
best cost-effective trade-off. This point represented the most balanced 
compromise between test accuracy and volume. The assessment 
revealed that, aside from the red point, there were situations where 
increasing accuracy came at the cost of conducting more tests or where 
reducing accuracy required fewer tests. Additionally, the average per
formance of each sampling method was quantified using the area under 
the red curve, providing an overall measure of its effectiveness. 

Secondly, the study explored the applicability of mobility-based 
sampling in simulated epidemics, considering various outbreak and 
data scenarios that encompassed different aspects such as initial disease 
emergence locations, transmissibility, population density, and inter
vention timing. The performance of each sampling approach was 
assessed in each scenario, gauged by the area under the red curve. 

Lastly, spatial sampling was integrated into the SEIR model to 
simulate disease transmission under multi-round testing, providing an 
evaluation of the sampling approach’s effectiveness in mitigating the 
spread of the epidemic. The extent of simulated transmission within a 
city was represented by the cumulative number of cases, with fewer 
cumulative cases indicating a more substantial impact of the sampling 
on interrupting disease spread (Fig. 2b). 
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2.4. Multi-round testing with mobility-based spatial sampling 

To evaluate how mobility-based sampling can enhance the imple
mentation of multi-round testing in detecting infections, spatial sam
pling was integrated into an SEIR model (Text S6). This integration 
facilitated the simulation of disease transmission under multiple rounds 
of testing. The cumulative number of cases was employed to quantify the 
extent of the simulated transmission within a city. A reduction in the 
cumulative cases throughout an outbreak signified a more pronounced 
effect of the sampling approach in augmenting the effectiveness of mass 
testing for controlling the epidemic’s spread. 

The simulation involved four approaches combined with multiple 
rounds of large-scale testing. The baseline approach allocated daily 
testing resources equally to all communities within a city. In contrast, 
the SRS, CFI, and CTI approaches sampled a specified number of com
munities per day and allocated more resources to the sampled commu
nities than those that were not sampled. While each community had the 
same probability of being sampled using SRS, communities with higher 
infection risk had a greater probability of being sampled using CFI or 
CTI. 

Across all outbreak scenarios, the SEIR model’s simulation started on 
the same day as the real-world outbreak in Guangzhou and Beijing. The 
initial stage of the epidemic was simulated using SEIR for the first four 
days following the outbreak. Infection risks derived from CFI and CTI 
were calculated based on the initial cases and the human mobility pat
terns of the first two days within the city. 

Mass testing was assumed to commence on the fifth day of the 
outbreak (or until the twelfth day in scenarios with interventions 
delayed by one week) and last for 12 days. In the SRS/CFI/CTI ap
proaches, 1/12 of all communities were sampled each day, and multiple 
rounds of testing could be conducted in a community over the 12 days 
due to the randomness of sampling. Importantly, the total testing re
sources for a city remained equivalent across the different approaches, 
ensuring a fair comparison. 

3. Results 

3.1. Enhancing infection detection efficiency in real-world COVID-19 
outbreaks 

Fig. 3 provides a comparative analysis of COVID-19 transmission 
scenarios and outbreak data in Guangzhou and Beijing, illustrating the 
distinct geospatial patterns observed in the two cities during the out
breaks. In the case of Beijing, the affected communities with reported 
COVID-19 cases were spatially clustered, covering a higher density of 
communities than observed in Guangzhou (Fig. 3a and 3e). Both cities 
exhibited similar geospatial distributions of population and POI density, 
with urban areas being prominent concentration points (Fig. 3b and 3f). 
Notably, several communities across different districts displayed 
concentrated POI clusters, denoting high activity levels (Fig. 3c and 3 g). 
However, the mobility patterns between communities in Beijing and 
Guangzhou differed significantly (Fig. 3d and 3 h). In Guangzhou, in
dividuals exhibited extensive movement between communities, even 
those located far apart and in different districts. On average, individuals 
within a specific community visited approximately 96.6 % of all com
munities within Guangzhou in a single day (Fig. S3a). This proportion 
was calculated by determining the cumulative number of distinct com
munities that individuals from a particular community visited within a 
single day. Conversely, inter-community movements in Beijing were 
predominantly intra-district, primarily occurring in the south and east. 
Individuals from one community visited only about 59.4 % of the 
communities, reflecting a more localized pattern of movement. 

In the identification of communities affected by COVID-19 during 
outbreaks in Guangzhou and Beijing, the CFI and CTI approaches 
exhibited superior performance over the HCI and HFI methods, when 
COVID-19 testing was conducted in communities sampled by these ap
proaches. In comparison to the travel network-based SEIR model, CFI 
and CTI demonstrated enhanced accuracy, especially when fewer com
munities were sampled. The infection risk (ρi) estimated by CFI and CTI 
played a pivotal role in effectively distinguishing affected communities, 

Fig. 2. Design of assessing the performance of mobility-based spatial sampling approaches to detect emerging infections at the community level. Based on actual 
COVID-19 outbreaks and simulated outbreaks using an epidemiological model (SEIR) under the different transmissibility, intervention, and population density 
scenarios, trade-offs between the volume of tests and the detection of infections throughout an outbreak were employed to estimate the performance of sampling 
approaches, where the red curve and black diagonal represent the performance of the mobility-based sampling and simple random sampling, respectively. The red 
dot on the red curve with the least geometric distance to the upper left corner was considered the best cost-effective trade-off. Additionally, spatial sampling was 
incorporated into SEIR to simulate the disease transmission under multiple rounds of mass testing, where the cumulative number of estimated cases depicted the 
extent of the transmission within a city. Less cases under an outbreak using a sampling approach indicated a more significant effect on interrupting the spread of the 
disease. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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surpassing the performance of the SEIR model, HCI, and HFI (Fig. 4a). 
Optimal cost-effective trade-offs for CFI were identified when sampling 
17.9 % and 21.1 % of communities in Guangzhou and Beijing, respec
tively. These percentages allowed for the detection of 78.5 % and 84.1 % 
of affected communities in the respective cities (Fig. 4b and 4c). 

Moreover, CFI and CTI markedly enhanced the efficiency of case 
detection. Infection risks estimated by CFI, CTI, and SEIR exhibited 
statistically significant correlations with the number of confirmed cases 
during the outbreaks (Fig. 4d). For optimal cost-effective trade-offs, 
utilizing CFI and CTI to sample only 15.7 % and 7.2 % of the population 
in Beijing and Guangzhou, respectively, enabled the identification of 
85.1 % (95 % CI: 84.9–85.3) and 85.5 % (85–85.9) of reported cases 
during the outbreaks (Fig. 4e and 4f). Mobility-based spatial sampling, 
as facilitated by CFI and CTI, significantly reduced the sample size and 
testing volume compared to citywide screening and SRS, while main
taining detection accuracy. For example, in Guangzhou, CFI and CTI 
identified, on average, 37.4 % and 41.4 % more cases than SRS, and in 
Beijing, they detected, on average, 42.4 % and 41.1 % more cases than 
SRS. 

The study conducted a comparison between deterministic and Pois
son methods across various sampling approaches (Text S4). When 
employing equivalent approaches and sample sizes, the average accu
racy of Poisson-based CFI and CTI methods was 6.6 % and 4.1 % lower, 
respectively, compared to the deterministic method (Fig. S1). Moreover, 
the SEIR model performed better in detecting affected communities and 
cases in Guangzhou compared to Beijing (Table S6), likely due to the 
challenge in estimating the wider spread of the disease in Beijing, given 
its highly heterogeneous mobility network. 

3.2. Effectiveness of spatial sampling in simulated outbreak and data 
scenarios 

The performance of CFI and CTI was further assessed through sim
ulations of outbreaks in diverse settings, incorporating variations in 
initial disease emergence locations, transmissibility, population density, 
and mobility-mediated spread within a city over time. In simulated 
outbreaks, both approaches consistently outperformed SRS in terms of 
spatial coverage and quantity of detected infections. Notably, their 
effectiveness was more pronounced under conditions involving fewer 
initially affected communities, low population-density communities as 
the outbreak origin, smaller R0, and prompt implementation of public 
health interventions (Fig. 5, Table S2). The accuracy of CFI and CTI in 
identifying affected communities or cases diminished as the geographic 
extent of epidemic transmissions across communities increased 
(Fig. S2). For instance, when R0 equaled 9.5, representing the Omicron 
variant (Liu and Rocklöv, 2022), or non-pharmaceutical interventions 
experienced a one-week delay, the use of CFI and CTI did not confer a 
significant advantage in Guangzhou, as the disease may have already 
disseminated to most communities (87.7 %–92.7 %) in the city (Fig. 5d-e 
and 5i-j). 

Furthermore, in simulated outbreaks in Guangzhou, CFI exhibited a 
higher average accuracy than CTI, whereas their accuracy was nearly 
identical in Beijing. Simulated outbreaks affected a larger proportion of 
communities in Guangzhou than in Beijing under the same initial set
tings. CFI and CTI performed better in Beijing, improving the efficiency 
of detecting emerging infections. However, their performance was 
higher in Guangzhou than in Beijing when the inter-community mobility 
characteristics were exchanged between the two cities (Fig. S3). 

Fig. 3. Overview of the data context of real-world COVID-19 outbreaks in Guangzhou and Beijing. a and e, Geospatial distributions of cases at the community level 
during the importation-related outbreaks. b and f, Geospatial distributions of community-level population density, which were classified into five levels. c and g, 
Geospatial patterns of point-of-interest (POI) kernel density. d and h, Human mobility patterns across communities within a city before travel restrictions are 
implemented. The directed lines depict inter-community origin–destination travel networks on 21–22 May 2021 in Guangzhou and 11–12 June 2020 in Beijing, 
respectively. The width and color of an edge represent the volume of an inter-community flow. In each panel, a darker color indicates a higher level of interest. 
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3.3. Optimizing infection detection through multi-round testing with 
spatial sampling 

To assess the effectiveness of the CFI and CTI approaches in detecting 
and isolating infected individuals during outbreaks caused by highly 
contagious pathogens, we investigated the integration of spatial sam
pling with multiple rounds of detection testing. Our results indicate that, 
compared to a baseline approach where daily testing resources were 
equally distributed across all communities in a city, multi-round testing 
with CFI or CTI sampling could lead to earlier detection and contain
ment of transmission under various outbreak scenarios (Fig. 6). These 
mobility-based approaches optimally allocated limited testing resources 
to high-risk communities sampled each day. Specifically, under out
breaks with a higher R0, multi-round screening integrated with CFI/CTI 
demonstrated superior performance in detecting infections to contain 
transmission (Table S3). For example, compared to the baseline 
approach, CFI could reduce cases in Guangzhou and Beijing by 27.8 % 
(26.1–29.6) and 43.8 % (42.6–45.1), respectively, with an R0 equal to 
9.5. However, the reduction in infections achieved by CFI was 19.3 % 
(18–20.7) under an R0 of 4.9 in Guangzhou and 18.7 % (17.7–19.7) 

under an R0 of 3.32 in Beijing. Notably, the average effect of CFI for 
multi-round testing was superior to that of CTI in Guangzhou, while the 
effects of both were almost identical for simulated outbreaks in Beijing. 
Furthermore, a delayed testing conduction would result in a significant 
increase in community transmission. For instance, if testing for detecting 
infections were delayed by one week in Beijing, the total number of 
cases would be four times higher than that observed with the actual 
timing of testing. 

4. Discussion 

The early identification of cases is crucial in managing the spread of 
EIDs. The COVID-19 pandemic has been a prime example of the 
implementation of various intervention measures, including mass 
testing, to enhance case detection and contain transmission (Holt, 2021; 
Wang et al., 2021). Despite the widespread use of mobile phone-based 
mobility data to understand the spread of infectious diseases and the 
impact of interventions (Benzell et al., 2020; Persson et al., 2021), its 
potential for optimizing the identification of emerging infections 
requiring testing has been underexplored. This study aims to pioneer the 

Fig. 4. Performance of mobility-based spatial sampling approaches in detecting COVID-19 affected communities and cases at varying sample sizes. Four mobility- 
based spatial sampling approaches (HCI − human contact intensity; HFI − human flow intensity; CFI − case flow intensity; CTI − case transmission intensity) and an 
epidemiological model (SEIR) were evaluated. a, The relative importance of infection risk (ρi) in distinguishing communities with COVID-19 cases from those 
without, determined by a random forest built-in feature importance measure. Error bars indicate 95% confidence intervals. d, Pearson correlation coefficients 
between infection risk estimated from each sampling method and the number of confirmed cases during the outbreaks. For panels b-c and e-f, communities with high 
infection risk were sampled by ranking community-level ρi from high to low, excluding the simple random sampling (SRS) method. The x-axis in b and c represents 
the proportion of sampled communities over the total number of communities in Guangzhou and Beijing, respectively. In e and f, the x-axis denotes the fraction of 
sampled populations among the total populations. The y-axis in b and c represents the proportion of affected communities sampled over the total communities with 
COVID-19 cases in Guangzhou and Beijing. In e and f, the y-axis displays the proportion of cases detected by different sampling approaches among the total cases. The 
percentage in the legend indicates the area under each curve, reflecting the average performance of each sampling approach with different sample sizes. The black 
dot at the upper right corner of each panel represents citywide screening for the entire population, assuming the test can detect all infected people in the city. Shaded 
regions denote 95% confidence intervals. 
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development of a sustainable spatial sampling framework informed by 
mobility data analysis, designed to optimize testing allocation of 
detecting EIDs. Verification and analysis of various aspects demonstrate 
that the spatial sampling framework using mobile phone signaling data 
and POI data can significantly reduce the number of individuals tested 

while maintaining a high accuracy in infection identification. 
The findings underscore the potential enhancement in the perfor

mance of community-level testing through thoughtful consideration of 
initial confirmed case locations and mobility patterns within and be
tween communities. Both HCI and HFI tend to sample areas with high 

Fig. 5. Performance of mobility-based spatial sampling in simulated outbreaks under various scenarios utilizing a travel network-based epidemiological model. The 
outbreaks were simulated with initiation in one, two, or three communities selected randomly based on the probability weight of population density or inverse 
population density. Different basic reproduction numbers (R0) were considered for the original SARS-CoV-2, Delta, and Omicron variants, along with variations in the 
timing of interventions. The assessment focused on two optimized mobility-based spatial sampling approaches, namely CFI (case flow intensity) and CTI (case 
transmission intensity). The x-axis represents the fraction of sampled populations among the total populations in Guangzhou and Beijing using CFI and CTI, 
respectively. The y-axis presents the proportion of cases detected by different sampling approaches in Guangzhou and Beijing, respectively. The diagonal line in each 
panel symbolizes the performance of simple random sampling, while the shaded regions indicate the 95% confidence intervals. 
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human activity, which may not necessarily align with the areas where 
cases are present due to timely public health interventions. This 
mismatch can lead to resource inefficiencies and hinder testing efficacy, 
as observed in the Guangzhou outbreak (Fig. 3). Consequently, spatial 
sampling approaches that integrate human mobility data with epide
miological insights in the early stages of an outbreak can significantly 
enhance infection detection efficiency. In this regard, the CFI and CTI 
approaches, which consider both inter- and intra-community move
ments of initially affected populations in communities reporting cases, 
demonstrated superior performance compared to other geospatial 
sampling methods. For instance, using CFI and CTI enabled the detection 
of over 85 % of infections by sampling less than 16 % of the populations 
during COVID-19 outbreaks in Guangzhou and Beijing (Fig. 4). While 
sampling 16 % of the populations in the two cities equates to testing 
individuals numbering in the millions, it significantly reduces resource 
waste by markedly reducing the volume of tests compared to citywide 
screening. SEIR models, while contributing to improved efficiency in 
case identification by estimating transmission risks, are inherently 
complex and reliant on various epidemiological assumptions and pa
rameters. In contrast, CFI and CTI, with fewer epidemiological as
sumptions and parameters, offer stability and ease of use in various 
scenarios, especially during the early stages of a pandemic when rapid 
response decision-making is critical. 

The effectiveness of CFI and CTI varied across different simulated 
transmission scenarios, outbreak data, and parameter scenarios. Both 
CFI and CTI demonstrated significant performance in situations 
involving the transmission across a few communities within a city. 
Notably, CFI appeared to be more stable than CTI, especially in the 
context of simulated outbreaks in Guangzhou (Fig. 5). The CTI approach 
introduced additional uncertainties due to assumptions related to pa
rameters for estimating transmission events caused by the movement of 

cases within communities. Additionally, CTI and SEIR estimated spatial 
infection risk in different ways, leading to inconsistencies when 
applying CTI to outbreaks simulated by the SEIR model, particularly 
when transmission events occurred in many communities. Balancing the 
complexity of indicators with practicality is crucial, and the findings 
suggest that excessively intricate models may not necessarily provide 
linear improvements in depicting infectious disease transmission 
dynamics. 

However, the efficacy of both CFI and CTI diminished as the 
geographic extent of epidemic transmissions across communities 
increased owing to outbreak scenarios covering densely populated 
areas, high disease transmissibility or delayed intervention (Fig. 5). In 
these scenarios, the disease may have spread to most communities 
within a city and had entered a phase of widespread community trans
mission (Fig. S2). Mobility-based sampling had limited effectiveness in 
detecting infections at the community level. Stringent measures such as 
citywide screening and lockdowns were crucial to interrupt community 
transmission. Moreover, the effectiveness of CFI and CTI decreased with 
the increase of mobility for high-impact communities (Fig. S4). 
Imposing mobility restrictions across communities became imperative, 
particularly in cities where population flows encompassed a majority of 
communities. For instance, an outbreak in a single community in 
Guangzhou could affect numerous communities, even with a small R0, as 
individuals from that community visited most of Guangzhou’s commu
nities in a single day. Nonetheless, during the early stages of an 
outbreak, CFI or CTI could improve the effectiveness of mass testing in 
suppressing disease spread by optimizing the allocation of testing re
sources across various geographic ranges and temporal frequencies, 
even under conditions of high disease transmissibility or delayed in
terventions (Fig. 6). 

The study highlights the potential of implementing CFI and CTI to 

Fig. 6. Impact of spatial sampling on multi-round testing for detecting infections to contain transmission. The simulations for Guangzhou and Beijing scenarios are 
presented in panels a-d and e-h, respectively. Multiple rounds of testing for detecting infections were implemented using spatial sampling and incorporated into the 
travel network-based epidemiological model. The epidemiological model simulated the epidemic transmission, measured by the daily cumulative cases, under 
different sampling approaches and outbreak scenarios. The baseline approach of multi-round testing involved the equal allocation of daily testing resources to all 
communities within a city. However, simple random sampling (SRS), case flow intensity (CFI), and case transmission intensity (CTI) sampled a given number of 
communities per day and allocated more resources to sampled communities than unsampled areas. Spatial multiple rounds of testing were executed when a 
community could be sampled several times. The outbreaks were tested under different settings, including various basic reproduction numbers (R0) of the original 
SARS-CoV-2, Delta, and Omicron variants, and the timing of testing conduction. Detection testing started on the fifth day of an outbreak for panels a-b and e-f, while 
it began on the twelfth day of the outbreak for panels c-d and g-h. The shaded regions represent the interquartile ranges of the cumulative number of daily cases in 
the simulated outbreaks. 
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enhance infection detection efficiency, especially in the early stages of 
infectious diseases when the epidemic is localized. To begin, early 
adoption of CFI and CTI facilitates prompt detection of infections to 
support for the containment of subsequent epidemic propagation. 
Furthermore, in situations where outbreaks occur within densely 
populated regions with high levels of inter-community population 
mobility, the effectiveness of CFI and CTI may be attenuated, under
scoring the necessity for immediate responses and the enforcement of 
rigorous control measures. Additionally, CFI and CTI can effectively 
identify high-risk communities, thereby enabling targeted, multi-round, 
and high-frequency mass testing to contain emerging outbreaks of in
fectious diseases. It indicates that implementing CFI or CTI as part of 
comprehensive strategies, such as city-wide test-trace-isolate ap
proaches, promptly is vital for highly transmissible diseases. 

The methodology operates in an unsupervised manner and exhibits 
potential for repeatable, reproducible, and expandable applicability in 
discerning epidemic trends for diseases primarily transmitted from 
person to person. However, this study has several notable limitations. 
Firstly, the methodology may not be directly applied to diseases that are 
not transmitted through direct person-to-person contact. Nevertheless, 
human mobility also plays a significant role in shaping transmission 
dynamics of infections such as vector-borne diseases (Lessani et al., 
2023). Therefore, the proposed approach holds promise to be adapted 
for other diseases. This can be achieved by extending the spatiotemporal 
analysis based on the specific mobility and epidemiological character
istics of different infectious diseases. Secondly, the study faced con
straints in accessing only a short period of mobility data before travel 
restrictions were imposed in Guangzhou and Beijing due to data avail
ability. This is a common challenge in early-stage epidemic response, 
where real-time and limited data are frequently employed for decision- 
making. The inclusion of longer time series of population movements 
could enhance the accuracy of mobility-based sampling methods. While 
our study provides valuable insights into early risk assessment and 
testing optimization, future research should explore the performance of 
sampling methods as an outbreak progresses into later stages. Thirdly, 
direct verification of the reliability of the widely used and validated POI 
and mobility data was challenging. Nonetheless, the reliability of the 
proposed methods was improved through various sensitivity analyses 
conducted on data, models, and parameters. Fourthly, this study did not 
account for any interventions applied in conjunction with testing or 
constraints assumed to apply to identified cases. These factors could 
potentially influence the number of infections sampled and identified. 
Nevertheless, it is important to note that the sampling approaches 
employed in this study do not directly impact the accuracy of testing. 
Fifthly, this study relied on data from COVID-19 outbreaks in Guangz
hou and Beijing, as well as simulated epidemics. To comprehensively 
validate and extend the effectiveness of the proposed approaches, it’s 
recognized that a more extensive dataset encompassing various infec
tious diseases may be necessary. Lastly, due to the unavailability of 
individual-level trajectory data, metapopulation-based models were 
utilized to depict population aggregates at the community level within a 
city, which constrained the characterization of interactions among finer 
groups (Bansal et al., 2007; Citron et al., 2021). To account for multiple 
interaction patterns affecting epidemic transmission, the models 
considered the randomness and heterogeneity of the transmission pro
cess for different mobility scenarios and epidemiological parameter 
combinations (Text S5). 

5. Conclusion 

This study underscores the potential of utilizing information on 
human movement and contact patterns to enhance the effectiveness of 
spatial sampling in the detection of EIDs. The introduced mobility-based 
spatial sampling approaches reduce the number of individuals screened 
while maintaining a high accuracy rate in identifying infections. 
Furthermore, these approaches enable the precise identification of high- 

risk communities, facilitating targeted, multi-round, and high-frequency 
mass testing to effectively contain disease transmission. The extended 
spatial sampling framework which is rooted in infection risk analysis 
using spatiotemporal data of human activities, offers valuable and 
generalized approaches that provide novel insights into enhancing the 
detection of EIDs during large-scale outbreaks and interventions. 
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