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Simulating COVID19 transmission 
from observed movement
Yi Zhang1,6, Yudong Tao2,6, Mei‑Ling Shyu2, Lynn K. Perry3, Prem R. Warde4,5, 
Daniel S. Messinger3 & Chaoming Song1*

Current models of COVID‑19 transmission predict infection from reported or assumed interactions. 
Here we leverage high‑resolution observations of interaction to simulate infectious processes. Ultra‑
Wide Radio Frequency Identification (RFID) systems were employed to track the real‑time physical 
movements and directional orientation of children and their teachers in 4 preschool classes over a 
total of 34 observations. An agent‑based transmission model combined observed interaction patterns 
(individual distance and orientation) with CDC‑published risk guidelines to estimate the transmission 
impact of an infected patient zero attending class on the proportion of overall infections, the average 
transmission rate, and the time lag to the appearance of symptomatic individuals. These metrics 
highlighted the prophylactic role of decreased classroom density and teacher vaccinations. Reduction 
of classroom density to half capacity was associated with an 18.2% drop in overall infection proportion 
while teacher vaccination receipt was associated with a 25.3% drop. Simulation results of classroom 
transmission dynamics may inform public policy in the face of COVID‑19 and similar infectious threats.

On March 11, 2020, the World Health Organization declared COVID-19 a pandemic and called for coordinated 
mechanisms to support preparedness and response efforts across health  sectors1–4. Predictive models can effec-
tively inform policy to coordinate social policy responses to infectious  pandemics5. The CDC has embraced 
the use of mitigation strategies in schools to allow communities to keep preschools and K-12 schools  open6,7. 
Here we focus on simulating infection responses to the novel coronavirus (SARS-CoV-2, which is responsible 
for COVID-19) based on observed interactions in a classroom setting. To our knowledge, this is the first study 
to apply Susceptible, Exposure, Infected, Recovered (SEIR) to physically-defined interactions in these contexts. 
Results may inform policy decisions related to vaccination, school attendance, and school closure and reopening.

SEIR models are used to quantify the spread of epidemics at a societal  level8,9. SEIR models of COVID-19 
quantify growth rate with respect to sample and population characteristics that may change with  time10. Given 
their population focus, these models do not characterize individuals as transmission agents, and do not model 
their activity over time in a physical space inhabited by other agents. As SEIR models do not model granular 
transmission processes, they may be limited in the degree to which they speak to policy initiatives involving the 
repeated activity of individuals in physical space, such as schools.

While movement data collected by  GPS11,12, mobile phone  records13–16, and public  transportation17 has been 
used to investigate the transmission of SARS-CoV-2 and other viruses, the spatial resolution of those sensors 
is largely limited to ranges of meters to kilometers, which are unsuitable to the study of classroom and other 
enclosed space transmission. Two recent reports demonstrate the potential of more granular analysis. One 
analysis modeled reported infection outcomes based on estimates of exposure duration and the physical density 
of individuals derived from published outbreak  data18. This report contributed a model of infection saturation 
in small, relatively defined samples, but did not quantify transmission dynamics between individuals in physical 
space. Likewise, a recent model of transmission at a conference event quantified the importance of contact dura-
tion during which a specific pair of individuals were within an a priori (badge-based) physical  range19. Similar 
techniques have been used to study classroom  transmissions20. In contrast to the current effort, physical distance 
was not measured continuously nor was the relative physical orientation of individuals modeled.

Data from 2020 indicate that young children may acquire COVID-19 (including confirmed, asymptomatic 
cases) in childcare settings and subsequently infect their household  members21. Moreover, contact tracing 
revealed high levels of transmission between individuals of similar ages, including among children younger 
than 4 years of  age22. Thus there is evidence that young children may serve as vectors for COVID-19, Badge-based 
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technology has been used to explore the temporal dynamics of transmission among high-school  students20, but 
it is not clear how physical motion facilitates infection dynamics in classrooms. The current study capitalizes 
on automated observations of pre-COVID-19 classroom physical interaction to model transmission between 
children and their teachers. It quantifies the dynamics of potential classroom outbreaks to help support efforts 
to mitigate outbreaks. To do so, we simulate the consequences of both half-capacity classrooms and teacher vac-
cinations on infection outcomes. These outcomes include infection saturation (percent and number of infected 
individuals) over time, time to the emergence of the first, second, and third symptomatic individual, and infection 
saturation levels when these symptomatic individuals emerge (a potential trigger of school closure).

Methods
Data sources and calibration. Simulations were based on continuous real-time location tracking of indi-
viduals (students and teachers). A total of 34 observation periods occurred for four preschool classes housed 
in three classrooms in a large urban center in the United States. Observations were conducted in inclusion 
classrooms for typically developing children and children with developmental disabilities contained in both a 
standard public county-funded school (Classes C and D) and a county-funded university preschool (Classes A 
and B). The range of represented class sizes (10–17) and teacher-child ratio are typical of preschool classrooms, 
as state regulations require preschool classrooms to have fewer than 20 children and teacher:child ratios of at 
least 10:123. Ultra-Wide Radio Frequency Identification (RFID) technology such as that embedded in child-
worn Ubisense tags Fig. 1a, allowed for efficient capture of individuals’ location and movement in the classroom 
indicating when children and teachers are in proximity. The Ubisense Dimension system was used to track 
individuals’ location at 2−4 Hz to an accuracy of 21 cm in the  classrooms24. The system consists of one sensor in 
each corner of the classroom, a dedicated server, and active tags worn by children and teachers. All children and 
teachers in the classrooms were tracked with two tags worn on their left and right hips (children wore a specially 
constructed vest and teachers wore fanny packs). The tags’ ultra-wide-band RFID signals were used to calculate 
the locations and orientations of both children and teachers in a three-dimensional space by means of triangula-
tion and time differences in arrival. Specifically, each individuals’ locations were estimated as the centroids of 
their two tags while their orientations were calculated from the relative positions of the left and right tags.

Fifty 2–5-year-old children enrolled in four preschool classes and their 11 teachers participated in a study in 
which continuous RFID measurements of each individual’s location were collected. The classes were observed 
in academic years 2018–2019 and 2019–2020. The last observation took place on 2/28/2020, prior to the impact 
of COVID-19. Recordings were collected during observations of the entire school-day ( 2.5−3.5 h), spaced 2–4 
weeks apart in each class. Figure 1b–d plots the layout of the classrooms. Class characteristics are reported in 
Table 1.
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Figure 1.  (a) Ubisense tag worn by the teachers and children in the classrooms; Layout of Classrooms for (b) 
Class A; (c) Class B and (d) Classes C & D (Classes C & D occupied the same classroom in successive years).
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Ethics declarations. The study was conducted in accordance with APA ethical standards and was approved 
by the University of Miami Institutional Review Board (#20160509). All teachers gave their informed consent 
and received $100 for their participation. Parents gave their informed consent on behalf of their children and 
received $75 for their participation. Teachers also received a classroom gift of their choice (e.g., a new book 
shelf). All research was performed in accordance with relevant guidelines and regulations.

Transmission model. We modelled the spread of SARS-CoV-2 in the classrooms using a novel modifica-
tion of the SEIR model. The typical SEIR model consists of susceptible, exposed, infectious, and recovered indi-
viduals where the susceptible individual becomes infectious after close contact with an infectious individual, 
with infection rate β , while infectious individuals recover at rate γ . For each individual i, the real-time classroom 
movement data records the position (xi , yi) and the orientation θi for every second. To integrate the simplest 
SEIR model with the movement data, we develop a model to account for the dependence of the infection rate β 
on distance rij =

√

(xi − xj)2 + (yi − yj)2 and the time difference t = t1 − t2 between pairs of individuals 
( t1 > t2 ) with interpersonal orientations (θi&θj) , satisfying

with σr ≈ 2m , and σθ ≈ 450 where βmax is the maximum pairwise infection rate. That is, the rate of infection 
falls directly as an exponential function of growth in the square of the radius between the two individuals and 
their angular distance from face-to-face  contact25. A visual illustration of the distance rij and orientations θi and 
θj is shown in Fig. 2a, and the heatmap and the 3D plot of (rij , θi , θj) with x = rijcosθi , y = rijsinθj and θi = 0 are 
presented in Fig. 2b,c, respectively. A detailed discussion of the infection function is found in SM Sections 4.C and 
4.D. The e−�t term accounts for temporal decay, modeling declining transmission over time t which character-
izes the decay rate. For airborne transmission, � = 0.34/h26, whereas droplet transmission decay is functionally 
instantaneous over a timescale of seconds (see SM Section 4.A for more details).

To calibrate βmax of the agent-based SEIR model, we calculate the average infection rate

Note that the population infection rate ρ0 is proportional to the density ρ ≡ N
A whereas βmax is an intrinsic 

parameter, independent of the social environment. Researchers have estimated the average daily infection rate 
at the meta-population level daily β̄daily ≈ β0 , where β0 = R0γ with R0 and γ being the reproduction number 
and the recovery rate , respectively. Combining Eq. (2), we calibrate our modeling parameter

SARS-CoV-2 transmission has been modelled and analyzed in many literatures while we posit that the 
reported R′

0s variations in these works are largely due to virus evolution/mutation, as well as social, political, 
and environmental between each  cohort27–32. We chose a conservative lower bound of R0 = 2.0 for our numeric 
simulations based on reported R0 values, which typically fall within the 2.0−3.0  range28–33. CDC guidelines have 
suggested defining close contact as being within r = 6 feet of an infected person for a cumulative total of T = 15 
minutes or more over a 24-h  period34. We thus estimate the daily population density ρdaily = Nc

πr2
× (T/24 h) in 

Eq. (3) with average number of contacts Nc ≈ 1035.

Numeric simulations. Based on the agent-based SEIR model, the spread of SARS-CoV-2 in classrooms can 
be simulated on a continuous-time basis. Here, infection only occurs during real time classroom observations 
that are separated by 24 h for each weekday (Monday through Friday) and 72 h between Friday and Monday. 
For each simulation, we start with a randomly chosen patient zero who is infectious at Day 0. For each time step 
�t = 1 second, we use the empirically measured location and orientation of each individual during the class 
time to compute the relative distance r and orientations θi&θj for every pair of individuals i and j (including both 
teachers and children). Each susceptible individual is infected by infectious peers with a probability β�t calcu-
lated from all infected neighbours, where β(rij , θij) is calculated based on Eq. (1). The status of all individuals 

(1)β(rij , θi , θj , t) = βmax exp

(
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r σ
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Table 1.  Sample characteristics by class.

Class Class A Class B Class C1 Class D

Number of observations 13 12 5 4

Average data collection length 3.1 h 3.2 h 2.2 h 2.3 h

Total number of children (girls) 17 (8) 10 (4) 12 (5) 11 (7)

Total number of teachers 3 2 3 3
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is updated every second based on the real-time location and orientation data. We illustrate the time dependent 
parameters related to infectious processes in Fig. 2d. Individuals become infectious 24 h after being  infected36. 
Once infected, individuals have a 75% probability of becoming  symptomatic37; the transition to symptomatic-
ity followed a poisson process with a mean of 4  days28,38,39. Infected individuals become non-infectious with a 
probability γ�t where γ = 1/10 days−1 at each time step, reflecting a mean 10-day  duration40. We consider 
non-infectious individuals to be recovered, and assume no repeated infections. Each simulation continued until 
all infected individuals are recovered. All time periods include time in and out of the classroom.

We applied the agent-based SEIR model to real-time location data from four preschool classes A–D. For each 
observation, we began with a single patient zero who was infected at t = 0 and simulated the observed classroom 
interaction over 60 iterations. This process was repeated for each individual in the classroom (each was used 
as patient zero). For each simulation we output the (S, E, I, R) status of each individual and a mean individual 
hourly status is calculated over all simulations.

Public health scenarios. We explored four public health scenarios pertaining to classroom density and 
teacher vaccination. To explore the role of classroom density, SARS-CoV-2 infection was simulated for both 
full and half sized classroom scenarios. In the full class scenario, every student and teacher was simulated. In 
the half-class scenario, half the students in the class (rounding up for odd numbers of students) and one teacher 
were simulated. For example, if an empirical observation of Class A contained 18 children and 3 teachers, the 
half sized class simulations would involve 9 children and 1 teacher. The half-class simulations simultaneously 
model in which class sizes are administratively reduced and scenarios in which fewer students opt to attend class.

At the time of writing, vaccination against COVID-19 was available for individuals above the age of 12, but 
not for younger  individuals41. Thus we conducted a parallel set of simulations assuming that classroom teachers 
were vaccinated. When vaccinated, we assumed a 85.8% probability of vaccine effectiveness ( 85.8% probability 
of no infectivity) for each simulation run. The probability of effectiveness was based on the average efficacy of 
FDA-approved vaccines at the time of writing (Pfizer 97%, Moderna 94.1% , Johnson & Johnson 66.3%)42–44. For 
each of the four scenarios formed by the crosstabulation of classroom density and teacher vaccination levels, 
numeric simulations for each patient zero were repeated 60 times. There were no infections in simulations 
involved a vaccinated teacher (whose vaccination was effective) as the patient zero. For both full and half size 
class scenarios, the simulations are conditional on one infected person attending class. However, if we consider 
a school with all half-sized classes and double the number of classes, the chance of each class having a patient 
zero is reduced by a factor of two, which reduces the infections further.
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Figure 2.  (a) The definition of orientation for each pair of children, rij is the distance between two children, 
and the orientation for a child i is defined by angle θi , which is the angle between the direction being faced (red 
arrow) and the direct line between persons (blue line). A similar concept is applied to child j to obtain θj . (b) The 
heatmap and (c) the 3D plot of β(rij , θi , θj) with x = rij cos θj , y = rij sin θj and θi = 0 where child i is positioned 
at the origin and facing graph right. (d) The transition from infection to becoming infectious was 1 day; the 
incubation period (from infection to symptomaticity) had a mean of 4 days; the mean recovery time (from 
infection to infectious to recovered, i.e., non-infectious) had a mean of 10 days.
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Policy‑focused outcomes. Numerical simulations were intended to inform decisions and policy designed 
to curb the impact of COVID-19 and other infectious agents in classrooms. We first calculated the time course 
of infection saturation in full-class and half-class scenarios with and without teacher vaccination over 28 days. 
Next, we estimated the proportion of simulations yielding a first, second, and third symptomatic individual, and 
the number of days required for their emergence. We reasoned that the emergence of a symptomatic child or 
teacher would be the first overt sign of COVID-19 infection in a classroom. Thus the number of days until a first 
symptomatic case emerged would ‘damage done’ from a policy perspective. Likewise, the time to subsequent 
symptomatic cases would indicate the cost of ignoring a first infection.

Results
Infection over time. To investigate the spread of SARS-CoV-2, we plot the proportion (and number) of 
infected individuals over 1 month in Fig. 3 for both full/half classes and non-vaccinated and teacher-vaccinated 
scenarios. The mean level (red line) and standard deviation of infection (grey area) over simulation runs is 
presented. The classroom population density, ρ , the number of individuals per square meter of classroom space 
is calculated for each observation (see SM Section 2 for more details). Figure 3 shows lower infection levels 
over time in half-sized than full size simulations. Likewise, the teacher vaccinated scenarios yield lower infec-
tion levels over time than the not vaccinated scenarios. In addition, Fig. 3 suggests an association between the 
classroom density ρ and infection levels over time. Specifically, scenarios with higher densities produced higher 
proportions of infected individuals. These findings suggest that classroom density plays an important role in 
controlling SARS-CoV-2 spread.
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Figure 3.  SARS-CoV-2 Infection over Time. The proportion (right) and total number (left) of infections 
over time in days . Trajectories are simulated for four classes for the full versus half-sized scenarios and not 
vaccinated versus teacher-vaccinated scenarios. The red curves and grey areas represent the mean and standard 
deviation of the proportion/total number of infections for all observations, respectively. ρ ’s in each legend 
represent the classroom densities in the unit of people per m2.
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Transmission likelihood and saturation. To quantitatively investigate the impact of classroom density, 
we characterize the infection patterns of the numerical simulations using the methodology of Tupper et al.18. In 
the current model, the time-dependent infection number is determined directly by the agent-based simulation 
(see Fig. 3), providing exposure duration and similar transmission  measures18. Here we focus on the associa-
tion between two transmission measures, saturation and average transmission rate. Saturation is the cumulative 
number of infected individuals (normalized by the total population) at the end of the simulation (final propor-
tion infected). The transmission rate β̂ is computed by averaging from Eq. (1) at one second intervals across indi-
viduals. The product of the transmission rate β̂ and the duration time T reflects the likelihood of an individual 
being infected (see SM Section 2 for more details).

Figure 4 plots the transmission likelihood β̂T against the saturation for full-class vs. half-class and for not 
vaccinated vs. teacher vaccinated scenarios. Saturation parameters appeared to grow with transmission likeli-
hood and, at the highest transmission likelihood, converged around 75% and 55% for the not vaccinated and 
teacher vaccinated scenarios, respectively. The area of each circle in Fig. 4 represents the classroom density of the 
corresponding observation, suggesting a positive correlation between density and saturation. The low density 
classes C and D (Full Class) show similar infection patterns to the half-sized high density classes A and B (Half 
Class). It nevertheless may be the case that simulated reductions in classroom density slightly underestimate 
the effect of actual reduced density, perhaps because simulations do not account for changes in actual social 
interaction (see SM Section 4.F).

A mixed effects regression model, with observations nested in classes, predicted saturation and trans-
mission likelihood from class size and vaccination (see Fig. 4). Half-sized scenarios were associated with a 
18.2% (Range: 16.0–20.3%) and 62.9% (Range: 49.72–70.87%) mean reduction in saturation and transmis-
sion likelihood compared to full-sized scenarios, respectively. These full-size to half-size reductions in trans-
mission likelihood, B = −0.001, se = 0.00006, t = −17.73, p < 0.00001 , and in mean saturation levels, 
B = −0.11, se = 0.01, t = −10.21, p < 0.00001 , were statistically significant. Likewise, the teacher-vaccinated 
scenario was associated with a 25.3% (Range: 23.4–27.2%) and 29.4% (Range: 6.72–45.37%) mean reduction 
in saturation and transmission likelihood compared to the not vaccinated scenario. Effects of vaccination on 
lower transmission likelihood, B = −0.0004, se = 0.00006, t = −6.79, p < 0.00001 , and mean saturation, 
B = −0.13, se = 0.01, t = −12.59, p < 0.00001 , were also significant. Of note, the overall 25.3% reduction for 
the teacher-vaccinated scenario is a combination of sources: (1) the 13.1% direct effect of reduced infection of 
vaccinated teachers, and (2) the 12.2% indirect effect of vaccinated teachers infecting fewer individuals (children 
and other teachers). All statistical analyses were performed at the level of observations ( N = 34 ), which were 
nested in classrooms. Consequently, the number of simulations performed did not artificially reduce p-values. 
See SM Section 3 for additional details.

While the simulation uses the same infection parameters for each individual, we observe transmission het-
erogeneity due to behavioral differences. For example, different patient zeros lead to different infection patterns 
based on individual differences in contact with others (i.e., variation in r1&θ1 ) (see SM Section 4.G and Fig. S7 
for more details).

Policy relevant outcomes. To explore the criteria under which in-person schooling might be terminated 
(school shut-down) after discovery of COVID-19 cases, we investigated the timing of the emergence of infected, 
symptomatic individuals (children or teachers). We first focused on the probability of a given set of simulations 

Figure 4.  Scatter plot between the transmission likelihood ˆβT and saturation, where each of the 68 circles 
represents a full-class or a half-class simulation of one of 34 observations in four classes for not vaccinated 
and teacher vaccinated scenarios (see Table 1). The area of each circle is proportional to the specific classroom 
density for a specific observation day, and the color represents Classes A–D for the full and half-sized 
simulations, respectively.
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yielding a first, second, or third symptomatic individuals (Fig. 5 and Table S3). The 75% symptomaticity rate 
used in simulations implies that the first symptomatic case is patient zero in three of four simulations. The emer-
gence of the 1st , 2nd , and 3rd symptomatic case was significantly reduced in the half class scenarios, reflecting 
sensitivity to classroom density (see Tables S3 and S4). The probability of not detecting a second symptomatic 
individual, for example, was 35.2% and 53.0% for full and half-sized classrooms, respectively. The corresponding 
probability was 38.7% and 49.5% for not vaccinated and teacher vaccinated scenarios, respectively. The reduc-
tion associated with teacher vaccination significantly impacted the emergence of a 2nd , and 3rd (but not a 1st ) 
symptomatic individual (see SM Section 3 and Table S4 for details).

Next we plotted the time in days until the emergence of the first, second, and third symptomatic individual in 
Fig. 6. The 75% symptomaticity rate again implied that the mean time to the onset of the first symptomatic case 
typically corresponded to the 4-day incubation period). Over all not vaccinated classrooms, the median time 
to the emergence of the second symptomatic individual was 8.51 days in full class and 23.00 days in half class 
scenarios, reflecting sensitivity to classroom density (Fig. 6). The median time to the emergence of the second 
symptomatic individual was 11.12 days in the teacher vaccinated full-sized class scenarios and was not observed 
in the teacher vaccinated half-sized class scenarios. The not-observed value indicates that in over half the teacher 
vaccinated scenarios a second symptomatic individual never emerged (see Table S5).

To explore the impact of classroom behavior, we categorized classroom time as unstructured (free-play and 
transitions between activities) or as structured. Structured activities were teacher-led and primarily occurred 
when children were seated at tables (such as circle-time, shared book reading, meal-time, and organized play). 
Simulations suggest that unstructured time was associated with a higher trajectory of infection than unstruc-
tured time, presumably because individuals were in closer proximity and were more mutually oriented during 
these periods (see SM Section 4.B for more details). We also find that transmission heterogeneity is naturally 
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in classes A–D. Teacher vaccinated and not vaccinated as well as full and half-sized class scenarios are presented. 
The horizontal axis indicates the nth symptomatic case. The vertical axes indicate the proportion of simulations, 
and ρ ’s in each legend represent the classroom densities in the unit of people per m2.
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encoded in our model since individuals behave differently and their social interactions are inhomogeneous (SM 
Section 4.G).

Discussion
In the face of pandemic threats such as that posed by COVID-19, federal and local governments must adopt 
policies that weigh the importance of educational opportunities against the risks of infection within classroom 
settings. School closure reduces transmission  risk45, but also limits the employment capacity of health-care and 
other essential employees who are tasked with child  care46, which reduces economic  productivity47. Here we 
explore the impact of less drastic prophylactic measures such as reducing classroom enrollment and teacher 
vaccination.

Our goal was to describe the development of an agent-based SEIR model to inform decisions and policy on 
curbing the impact of COVID-19 classroom spread. Existing research examines infection as a product of expected 
rates of interaction between infected and susceptible individuals, but does not examine the role of individual 
(agents) in transmission. With few  exceptions19, existing models do not describe the actual physical interactions 
through which individuals infect others. Transmission, however, occurs in physical space over time.

Since their original  formulation48, SEIR models have been used to model infectious transmission at a popu-
lation  level8,9. The current study’s RFID system provided subsecond (4 Hz) measures of the physical distance 
and relative orientation of all individuals in a  classroom19. Using the resulting data we employed an agent-based 
model to examine infection in real-time in a real-life system, the preschool classroom. The model uses actual 
student and teacher interaction behavior as input and estimates infection probabilities based on interpersonal 
distance and orientation.
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Figure 6.  Time in days to the emergence of first, second, and third symptomatic individuals in classes A–D for 
teacher vaccinated and not vaccinated and for full and half-sized class scenarios. The horizontal axis labels nth 
symptomatic case. The vertical axis indicates time in days. Horizontal lines within each box indicate medians, 
and ρ ’s in each legend represent the classroom densities in the unit of people per m2.
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The current policy-focused modeling scenarios indicated that classroom density was a key parameter limit-
ing SARS-CoV-2 transmission. Both simulations that reduced classroom enrollment and simulations of teacher 
vaccination receipt effectively reduced classroom density by decreasing the number of susceptible individuals 
(see Fig. 4). The half class scenario reduced overall infection proportion by 18.2% while teacher vaccination 
was associated with a 25.3% reduction. In half class scenarios, the proportion of simulations in which a second 
symptomatic individual never emerged rose from approximately one third to one half of cases ( 35.2% to 53.0% ) 
while teacher vaccination was associated with a more modest rise ( 38.7% to 49.5% ). The timing of the emergence 
of these first, second, and third symptomatic cases—canaries in the coal mine—was also delayed in both the half 
class and the teacher vaccination scenarios.

A limitation of the current modeling approach is the need to make assumptions about the physical and tem-
poral parameters characterizing transmission. Modeling parameters assumed that the time lag to infectiousness 
was 1 day and the lag to symptomaticity was 4  days34. Likewise, the precise physical parameters involved in SARS-
CoV-2 transmission are not  known49. The current models, however, allow for flexible modeling of the physical 
and temporal parameters associated with pathogen spread in enclosed spaces over time. Note, for example, that 
CDC changes in safe distance recommendation from 6 to 3 feet do not change key model  parameters27,50. Differ-
ential infectiousness of SARS-CoV-2  variants51 (e.g., the Delta variant, B.1.617.2), changes in vaccine effectiveness 
and availability, and mask mandates will all affect infection levels, as will community positivity. We have explored 
the impact of parameters to the transmission patterns in SM Section 4. That key contribution of the models is 
their flexibility. Indeed, as our model has been purposely designed to be modular and therefore used as a general 
framework, it allows inputs to change to reflect a multitude of future scenarios that include different pathogens 
such as COVID variants and new viral pathogens, and different transmission vectors including airborne and 
aerosol particles, as well as variation in class room size/density, and vaccination status.

Data availability
The datasets generated during and/or analysed during the current study are available in the OSF repository, 
https:// osf. io/ h7ks8/? view_ only= 5b03a 51e79 ff4c5 7b59c 2a814 d60db d3.
Accession codes The codes to run the simulations based on the datasets in this study are available at https:// anony 
mous. 4open. scien ce/r/ Class room_ COVID_ Simlu ation- 2E38.

Received: 9 August 2021; Accepted: 27 January 2022

References
 1. Zhu, N. et al. A novel coronavirus from patients with pneumonia in China, 2019. N. Engl. J. Med. 382, 727–733 (2020).
 2. Layne, S. P., Hyman, J. M., Morens, D. M. & Taubenberger, J. K. Nowcasting and forecasting the potential domestic and international 

spread of the 2019-nCoV outbreak originating in Wuhan, China: A modelling study. Lancet 395, 689–697 (2020).
 3. Dong, E., Du, H. & Gardner, L. An interactive web-based dashboard to track COVID-19 in real time. Lancet Infect. Dis. 20, 533–534 

(2020).
 4. COVID-19 weekly epidemiological update. World Health Organization. https:// www. who. int/ publi catio ns/m/ item/ weekly- epide 

miolo gical- update- on- covid- 19--- 25- may- 2021 (2021).
 5. Giordano, G. et al. Modelling the COVID-19 epidemic and implementation of population-wide interventions in Italy. Nat. Med. 

26, 855–860 (2020).
 6. Guidance for operating child care programs during covid-19. Centers for Disease Control and Prevention. https:// www. cdc. gov/ 

coron avirus/ 2019- ncov/ scien ce/ scien ce- briefs/ scien tific- brief- optio ns- to- reduce- quara ntine. html (2020).
 7. Operational strategy for k-12 schools through phased prevention. Centers for Disease Control and Prevention. https:// www. cdc. 

gov/ coron avirus/ 2019- ncov/ commu nity/ schoo ls- child care/ opera tion- strat egy. html (2021).
 8. He, S., Peng, Y. & Sun, K. SEIR modeling of the COVID-19 and its dynamics. Nonlinear Dyn. 101, 1667–1680 (2020).
 9. Yang, Z. et al. Modified SEIR and AI prediction of the epidemics trend of COVID-19 in china under public health interventions. 

J. Thorac. Dis. 12, 165–174 (2020).
 10. A compendium of models that predict the spread of COVID-19. American Hospital Association. https:// www. aha. org/ guide srepo 

rts/ 2020- 04- 09- compe ndium- models- predi ct- spread- covid- 19/ (2020).
 11. Firth, J. A. et al. Using a real-world network to model localized COVID-19 control strategies. Nat. Med. 26, 1616–1622 (2020).
 12. Nouvellet, P. et al. Reduction in mobility and COVID-19 transmission. Nat. Commun. 12, 1–9 (2021).
 13. Gozzi, N. et al. Estimating the effect of social inequalities on the mitigation of COVID-19 across communities in Santiago de Chile. 

Nat. Commun. 12, 1–9 (2021).
 14. Müller, S. A. et al. Predicting the effects of covid-19 related interventions in urban settings by combining activitybased modelling, 

agent-based simulation, and mobile phone data. PloS one 16, e0259037 (2021).
 15. Chang, S. et al. Mobility network models of COVID-19 explain inequities and inform reopening. Nature 589, 82–87 (2021).
 16. Aleta, A. et al. Modelling the impact of testing, contact tracing and household quarantine on second waves of COVID-19. Nat. 

Hum. Behav. 4, 964–971 (2020).
 17. Kraemer, M. U. et al. The effect of human mobility and control measures on the COVID-19 epidemic in China. Science 368, 493–497 

(2020).
 18. Tupper, P., Boury, H., Yerlanov, M. & Colijn, C. Event-specific interventions to minimize COVID-19 transmission. Proc. Natl. 

Acad. Sci. 117, 32038–32045 (2020).
 19. Stehlé, J. et al. Simulation of an SEIR infectious disease model on the dynamic contact network of conference attendees. BMC Med. 

9, 1–15 (2011).
 20. Smieszek, T., Lazzari, G. & Salathé, M. Assessing the dynamics and control of droplet-and aerosol-transmitted influenza using an 

indoor positioning system. Sci. Rep. 9, 1–10 (2019).
 21. Lopez, A. S. et al. Transmission dynamics of COVID-19 outbreaks associated with child care facilities-Salt Lake City, Utah, April–

July 2020. Morb. Mortal. Wkly. Rep. 69, 1319–1323 (2020).
 22. Laxminarayan, R. et al. Epidemiology and transmission dynamics of COVID-19 in two Indian states. Science 370, 691–697 (2020).
 23. Bowne, J. B., Magnuson, K. A., Schindler, H. S., Duncan, G. J. & Yoshikawa, H. A meta-analysis of class sizes and ratios in early 

childhood education programs: Are thresholds of quality associated with greater impacts on cognitive, achievement, and soci-
oemotional outcomes?. Educ. Eval. Policy Anal. 39, 407–428 (2017).

https://osf.io/h7ks8/?view_only=5b03a51e79ff4c57b59c2a814d60dbd3
https://anonymous.4open.science/r/Classroom_COVID_Simluation-2E38
https://anonymous.4open.science/r/Classroom_COVID_Simluation-2E38
https://www.who.int/publications/m/item/weekly-epidemiological-update-on-covid-19---25-may-2021
https://www.who.int/publications/m/item/weekly-epidemiological-update-on-covid-19---25-may-2021
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/scientific-brief-options-to-reduce-quarantine.html
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/scientific-brief-options-to-reduce-quarantine.html
https://www.cdc.gov/coronavirus/2019-ncov/community/schools-childcare/operation-strategy.html
https://www.cdc.gov/coronavirus/2019-ncov/community/schools-childcare/operation-strategy.html
https://www.aha.org/guidesreports/2020-04-09-compendium-models-predict-spread-covid-19/
https://www.aha.org/guidesreports/2020-04-09-compendium-models-predict-spread-covid-19/


10

Vol:.(1234567890)

Scientific Reports |         (2022) 12:3044  | https://doi.org/10.1038/s41598-022-07043-4

www.nature.com/scientificreports/

 24. Irvin, D. W., Crutchfield, S. A., Greenwood, C. R., Kearns, W. D. & Buzhardt, J. An automated approach to measuring child move-
ment and location in the early childhood classroom. Behav. Res. Methods 50, 890–901 (2018).

 25. Tang, J. W. & Settles, G. S. Coughing and aerosols. N. Engl. J. Med. 359, e19 (2008).
 26. Bazant, M. Z. & Bush, J. W. A guideline to limit indoor airborne transmission of COVID-19. Proc. Natl. Acad. Sci. 118(17), 

e2018995118 (2021).
 27. Bertozzi, A. L., Franco, E., Mohler, G., Short, M. B. & Sledge, D. The challenges of modeling and forecasting the spread of COVID-

19. Proc. Natl. Acad. Sci. 117, 16732–16738 (2020).
 28. Li, Q. et al. Early transmission dynamics in Wuhan, China, of novel coronavirus-infected pneumonia. N. Engl. J. Med. 382, 

1199–1207 (2020).
 29. Kucharski, A. J. et al. Early dynamics of transmission and control of COVID-19: A mathematical modelling study. Lancet Infect. 

Dis. 20, 553–558 (2020).
 30. Abbott, S., Hellewell, J., Munday, J., Funk, S. & CMMID nCoV working group. The transmissibility of novel coronavirus in the 

early stages of the 2019-20 outbreak in wuhan: Exploring initial point-source exposure sizes and durations using scenario analysis. 
Wellcome Open Res. 5 (2020).

 31. Read, J. M., Bridgen, J. R., Cummings, D. A., Ho, A. & Jewell, C. P. Novel coronavirus 2019-nCoV: Early estimation of epidemio-
logical parameters and epidemic predictions. Phil. Trans. R. Soc. B376, 20200265 (2021).

 32. Liu, T. et al. Transmission dynamics of 2019 novel coronavirus (2019-nCoV). Preprint https:// doi. org/ 10. 2139/ ssrn. 35263 07 (2020).
 33. Ferretti, L. et al. Quantifying SARS-CoV-2 transmission suggests epidemic control with digital contact tracing. Science 368, 

eabb6936 (2020).
 34. Interim clinical guidance for management of patients with confirmed coronavirus disease (COVID-19). Centers for Disease Control 

and Prevention. https:// www. cdc. gov/ coron avirus/ 2019- ncov/ hcp/ clini cal- guida nce- manag ement- patie nts. html (2021).
 35. Mossong, J. et al. Social contacts and mixing patterns relevant to the spread of infectious diseases. PLoS Med. 5, e74 (2008).
 36. COVID-19 contact tracing. Centers for Disease Control and Prevention. https:// www. cdc. gov/ coron avirus/ 2019- ncov/ daily- life- 

coping/ conta ct- traci ng. html (2021).
 37. Johansson, M. A. et al. Sars-cov-2 transmission from people without COVID-19 symptoms. JAMA Netw. Open 4, e2035057 (2021).
 38. Lauer, S. A. et al. The incubation period of coronavirus disease 2019 (COVID-19) from publicly reported confirmed cases: Estima-

tion and application. Ann. Intern. Med. 172, 577–582 (2020).
 39. Guan, W.-J. et al. Clinical characteristics of coronavirus disease 2019 in China. N. Engl. J. Med. 382, 1708–1720 (2020).
 40. Science brief: Options to reduce quarantine for contacts of persons with SARS-CoV-2 infection using symptom monitoring and 

diagnostic testing. Centers for Disease Control and Prevention. https:// www. cdc. gov/ coron avirus/ 2019- ncov/ scien ce/ scien ce- 
briefs/ scien tific- brief- optio ns- to- reduce- quara ntine. html (2020).

 41. Interim clinical considerations for use of COVID-19 vaccines currently authorized in the united states. Centers for Disease Control 
and Prevention. https:// www. cdc. gov/ vacci nes/ covid- 19/ clini cal- consi derat ions/ covid- 19- vacci nes- us. html.

 42. Real-world evidence confirms high effectiveness of pfizer-biontech COVID-19 vaccine and profound public health impact of vac-
cination one year after pandemic declared. Pfizer. https:// www. pfizer. com/ news/ press- relea se/ press- relea se- detail/ real- world- evide 
nce- confi rms- high- effec tiven ess- pfizer (2021).

 43. Moderna COVID-19 vaccine overview and safety. Centers for Disease Control and Prevention. https:// www. cdc. gov/ coron avirus/ 
2019- ncov/ vacci nes/ diffe rent- vacci nes/ Moder na. html (2021).

 44. Johnson & johnson’s janssen COVID-19 vaccine overview and safety. Centers for Disease Control and Prevention. https:// www. 
cdc. gov/ coron avirus/ 2019- ncov/ vacci nes/ diffe rent- vacci nes/ janss en. html (2021).

 45. Honein, M. A., Barrios, L. C. & Brooks, J. T. Data and policy to guide opening schools safely to limit the spread of SARS-CoV-2 
infection. JAMA 325, 823–824 (2021).

 46. O’Sullivan, T. L. et al. If schools are closed, who will watch our kids? family caregiving and other sources of role conflict among 
nurses during large-scale outbreaks. Prehospital Disaster Med. 24, 321–325 (2009).

 47. Li, X. et al. The role of children in transmission of SARS-CoV-2: A rapid review. J. Glob. Health 10, 011101 (2020).
 48. Kermack, W. O. & McKendrick, A. G. A contribution to the mathematical theory of epidemics. Proc. R. Soc. Lond. 115, 700–721 

(1927).
 49. Rosti, M., Olivieri, S., Cavaiola, M., Seminara, A. & Mazzino, A. Fluid dynamics of COVID-19 airborne infection suggests urgent 

data for a scientific design of social distancing. Sci. Rep. 10, 1–9 (2020).
 50. van den Berg, P. et al. Effectiveness of three versus six feet of physical distancing for controlling spread of COVID-19 among 

primary and secondary students and staff: A retrospective, state-wide cohort study. Clin. Infect. Dis. 5, ciab230 (2021).
 51. Lam-Hine, T., McCurdy, S., Santora, L. et al. Outbreak associated with SARS-CoV-2 B.1.617.2 (Delta) variant in an elementary 

school—Marin county, California, May–June 2021 (Centers for Disease Control and Prevention, 2021).

Acknowledgements
This work was financially supported by the National Science Foundation, IBSS-L1620294; Institute of Education 
Sciences, R324A180203; Microsoft AI for Health COVID-19 Grant Program and Google Cloud COVID-19 
Research Credits Program.

Author contributions
C.S. and D.M. defined the overall problem and designed the study. P.W., D.M., L.P., Y.T. and C.S. conducted the 
literature review. D.M., L.P., Y.T., Y.Z. collected and preprocessed the empirical data. P.W., Y.Z. and C.S. developed 
the transmission model. Y.Z., Y.T. and M.S. prepared and conducted numerical simulations. L.P., Y.Z. and Y.T. 
performed the statistical analysis and prepared the figures. P.W., C.S., and D.M. interpreted findings and wrote 
the manuscript. All authors provided critical discussion and approved its submission.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 022- 07043-4.

Correspondence and requests for materials should be addressed to C.S.

Reprints and permissions information is available at www.nature.com/reprints.

https://doi.org/10.2139/ssrn.3526307
https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-guidance-management-patients.html
https://www.cdc.gov/coronavirus/2019-ncov/daily-life-coping/contact-tracing.html
https://www.cdc.gov/coronavirus/2019-ncov/daily-life-coping/contact-tracing.html
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/scientific-brief-options-to-reduce-quarantine.html
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/scientific-brief-options-to-reduce-quarantine.html
https://www.cdc.gov/vaccines/covid-19/clinical-considerations/covid-19-vaccines-us.html
https://www.pfizer.com/news/press-release/press-release-detail/real-world-evidence-confirms-high-effectiveness-pfizer
https://www.pfizer.com/news/press-release/press-release-detail/real-world-evidence-confirms-high-effectiveness-pfizer
https://www.cdc.gov/coronavirus/2019-ncov/vaccines/different-vaccines/Moderna.html
https://www.cdc.gov/coronavirus/2019-ncov/vaccines/different-vaccines/Moderna.html
https://www.cdc.gov/coronavirus/2019-ncov/vaccines/different-vaccines/janssen.html
https://www.cdc.gov/coronavirus/2019-ncov/vaccines/different-vaccines/janssen.html
https://doi.org/10.1038/s41598-022-07043-4
https://doi.org/10.1038/s41598-022-07043-4
www.nature.com/reprints


11

Vol.:(0123456789)

Scientific Reports |         (2022) 12:3044  | https://doi.org/10.1038/s41598-022-07043-4

www.nature.com/scientificreports/

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

http://creativecommons.org/licenses/by/4.0/

	Simulating COVID19 transmission from observed movement
	Methods
	Data sources and calibration. 
	Ethics declarations. 
	Transmission model. 
	Numeric simulations. 
	Public health scenarios. 
	Policy-focused outcomes. 

	Results
	Infection over time. 
	Transmission likelihood and saturation. 
	Policy relevant outcomes. 

	Discussion
	References
	Acknowledgements


