
ABSTRACT 

FARTHING, TREVOR STEVEN. Developing Quantitative Methods to Better Characterize 
Transmission for Enteric and Respiratory Pathogens and Design More-Effective 
Nonpharmaceutical Interventions. (Under the direction of Dr. Cristina Lanzas & Dr. Ronald 
Baynes). 
 

The probability of pathogen transmission from infectious to susceptible individuals, and 

the subsequent incidence of infectious diseases, is governed by the confluence of socio-

behavioral, environmental, genetic, and comorbidity-related risk factors. Comprehending the 

relative contribution of these interrelated components on transmission and disease outcomes is 

vital for designing effective intervention strategies to control infectious disease spread, but 

detailed understanding can be difficult to achieve due to the confounding influence of these 

components on one another. Individual-level contact network and agent-based models allow 

researchers to quantify these interactions and estimate relative effects on pathogen transmission 

and disease outcomes.  

This work utilizes individual-level contact network and agent-based modeling to study 

drivers of Escherichia coli transmission between feedlot cattle, and SARS-Coronavirus-2 

transmission between people attending indoor gatherings, respectively. For the latter system, 

efficacies of specific interventions on reducing transmission risk are estimated as well. Not only 

does this research significantly advance our understanding of transmission dynamics within these 

microparasite-host systems, but it also provides detailed descriptions of novel methodological 

frameworks that can be easily applied to study transmission dynamics in these and other systems. 

 

 

  



 

 

 

 

 

 

 

 

 

© Copyright 2021 by Trevor Farthing 

All Rights Reserved



Developing Quantitative Methods to Better Characterize Transmission for Enteric and 
Respiratory Pathogens and Design More-Effective Nonpharmaceutical Interventions 

 
 
 
 

by 
Trevor Farthing 

 
 
 
 

A dissertation submitted to the Graduate Faculty of 
North Carolina State University 

in partial fulfillment of the  
requirements for the degree of 

Doctor of Philosophy 
 
 
 

Comparative Biomedical Sciences 
 
 
 

Raleigh, North Carolina 
2021 

 
 
 

APPROVED BY: 
 

 

 

_______________________________                       _______________________________ 
Cristina Lanzas                                                           Ronald Baynes 
Committee Co-chair                        Committee Co-chair 
 
 
_______________________________                       _______________________________ 
Gustavo Machado                                               Ross Meentemeyer 



 

ii 
 

 BIOGRAPHY 

Trevor Farthing was born and raised in Little Rock, AR, but moved out of state to attend 

Augustana College in Rock Island, IL, and later graduated with a BA in Environmental Studies 

and Asian Studies. Following a post-baccalaureate GIS internship at the National Consortium for 

the Study of Terrorism and Responses to Terrorism, he earned an M.S. in Agricultural and 

Natural Resource Sciences from Tarleton State University. His Master’s research used a 

combination of field techniques and geospatial analyses to determine how best to suppress 

invasive bermudagrass in native-plant restoration projects. Trevor parlayed his expertise in 

ecological and geospatial research into a PhD studentship in Cristina Lanzas’ infectious disease 

dynamics lab at the NCSU CVM. In his current capacity as a PhD Candidate, he uses network 

and agent-based modeling to study pathogen transmission dynamics in varied disease systems, 

and at multiple spatial scales. To date, he has led or contributed to research on Escherichia coli 

transmission in feedlot cattle, SARS-Coronavirus-2 transmission in humans, and inter-farm 

African swine fever transmission. He also led the development of the contact R package for 

cleaning and processing spatiotemporal data into contact and social networks, which is currently 

available on CRAN.  



 

iii 
 

 TABLE OF CONTENTS 

LIST OF TABLES ........................................................................................................................ vi 
LIST OF FIGURES ..................................................................................................................... vii  
 
Chapter 1: Introduction ............................................................................................................... 1 

References ................................................................................................................................ 3 
 
Chapter 2: On using contact networks to infer social drivers of pathogen transmission – a 
systematic review of contact network usage in infectious disease research during the 
preceding decade .......................................................................................................................... 5 

Abstract .................................................................................................................................... 5 
Introduction .............................................................................................................................. 6 

What is a contact network? ................................................................................................ 7 
How can contact networks be used to study infectious disease systems? .......................... 8 
How are contact networks different from social networks? ............................................. 11 
Examples highlighting differences between networks ..................................................... 12 
Deriving contact networks from social networks and vice versa ..................................... 14 

Methods .................................................................................................................................. 15 
Search strategy ................................................................................................................. 15 
Inclusion and exclusion criteria ........................................................................................ 16 
Data extraction ................................................................................................................. 17 

Results and Discussion ........................................................................................................... 18 
Conclusions ............................................................................................................................ 22 
References .............................................................................................................................. 24 
Tables ..................................................................................................................................... 32 
Figures .................................................................................................................................... 39 

 
Chapter 3: Accounting for space and uncertainty in real-time location system-derived 
contact networks (with corrigendum) ...................................................................................... 43 

Corrigendum ........................................................................................................................... 44 
Abstract .................................................................................................................................. 45 
Introduction ............................................................................................................................ 46 
Methods .................................................................................................................................. 47 

Generating polygons from RTLS data points .................................................................. 47 
Steps for polygon derivation ...................................................................................... 47 
Assumptions and limitations of polygon derivation .................................................. 49 

Network creation .............................................................................................................. 49 
Data sets ..................................................................................................................... 49 
Processing software .................................................................................................... 50 
Direct contact network creation ................................................................................. 50 
Visual contact network creation ................................................................................. 53 

Results and Discussion ..................................................................................................... 53 
Calf networks ............................................................................................................. 53 
Baboon network ......................................................................................................... 54 
Data processing considerations .................................................................................. 55 



 

iv 
 

Conclusion .............................................................................................................................. 56 
Acknowledgements ................................................................................................................ 56 
Conflict of interest statement ................................................................................................. 56 
Data availability statement ..................................................................................................... 56 
ORCID ................................................................................................................................... 56 
References .............................................................................................................................. 56 

 
Chapter 4: Combining epidemiological and ecological methods to quantify environmental 
and social effects on E. coli transmission ................................................................................. 59  

Abstract .................................................................................................................................. 59 
Introduction ............................................................................................................................ 60 
Methods .................................................................................................................................. 63 

Study population and data collection ............................................................................... 63 
Study population ........................................................................................................ 63 
Longitudinal E. coli prevalence data .......................................................................... 63 
Point-location data ...................................................................................................... 64 
Precipitation data ........................................................................................................ 65 

Network creation .............................................................................................................. 65 
Contact networks ........................................................................................................ 65 
Social networks .......................................................................................................... 66 
Hazard modeling and analysis .................................................................................... 69 

Software ........................................................................................................................... 71 
Results .................................................................................................................................... 71 

Yearly metric comparisons ............................................................................................... 71 
Pairwise AFT models ....................................................................................................... 72 

Discussion .............................................................................................................................. 73 
Acknowledgements ................................................................................................................ 77 
Author contributions .............................................................................................................. 78 
Data availability ..................................................................................................................... 78 
References .............................................................................................................................. 79 
Tables ..................................................................................................................................... 85 
Figures .................................................................................................................................... 88 

 
Chapter 5: Assessing the efficacy of interventions to control indoor SARS-CoV-2 
transmission: an agent-based modeling approach .................................................................. 92 

Abstract .................................................................................................................................. 92 
Introduction ............................................................................................................................ 93 
Methods .................................................................................................................................. 95 

Model description ............................................................................................................. 95 
Testing SARS-CoV-2 transmission reduction strategies ................................................. 97 

Case scenario and model inputs ................................................................................. 97 
Running simulations and analyses ............................................................................. 99 

Evaluating drivers of transmission in indoor gatherings ................................................ 100 
Results & Discussion ........................................................................................................... 102 
Conclusions .......................................................................................................................... 106 
Acknowledgements .............................................................................................................. 106 



 

v 
 

Author contributions ............................................................................................................ 107 
References ............................................................................................................................ 108 
Tables  .................................................................................................................................. 113 
Figures .................................................................................................................................. 119 

 
Chapter 6: When can we stop wearing masks? Agent-based modeling to identify the level at 
which vaccine coverage makes nonpharmaceutical interventions for reducing SARS-CoV-2 
infections redundant in indoor gatherings ............................................................................. 122 

Abstract ................................................................................................................................ 122 
Introduction .......................................................................................................................... 124 
Methods ................................................................................................................................ 126 
Results & Discussion ........................................................................................................... 129 
Conclusions .......................................................................................................................... 133 
Acknowledgements .............................................................................................................. 134 
Author contributions ............................................................................................................ 134 
Data availability ................................................................................................................... 134 
References ............................................................................................................................ 135 
Tables  .................................................................................................................................. 139 
Figures .................................................................................................................................. 144 
 

Chapter 7: Conclusions ............................................................................................................ 148 
References ............................................................................................................................ 150 

 
Appendices ................................................................................................................................ 151 

Appendix C4-1: Comparison of point-location data quality between study periods ........... 152 
Appendix C4-2: Weekly trends in accelerated failure time model covariates ..................... 156 
Appendix C5-1: ODD model description ............................................................................. 159 
Appendix C5-2: Rationale for model parameterization to simulate a SARS-CoV-2 
superspreading event ............................................................................................................ 181  
Appendix C5-3: Sensitivity analysis .................................................................................... 189 
Appendix C7-1: Using the contact package ......................................................................... 194 

 



 

vi 
 

LIST OF TABLES 

Chapter 2 
Table 1 Glossary of network terms used in this chapter ........................................................ 32 
Table 2 Definitions and examples of common contact network edge criteria in infectious 

disease research ........................................................................................................ 33 
Table 3 Definitions and examples of common data-collection methods used to collect   

contact data in infectious disease research ............................................................... 34 
Table 4 Select examples of socio-contact network edges and the contacts they imply ......... 36 
Table 5 Terminology used to search for infectious-disease-related articles in the Web of 

Science database “Zoology” category ...................................................................... 37 
Table 6 Primary purposes of human- and animal-focused infectious disease studies    

utilizing contact networks ......................................................................................... 38 
 
Chapter 3 
Table 1 Glossary of terms used in {poly!} derivation ........................................................... 48 
Table 2 Selected contact function descriptions ...................................................................... 51 
Table 3 Mean network connectivity metrics for contact networks with and without RTLS 

accuracy adjustment .................................................................................................. 54 
 
Chapter 4 
Table 1 Description of covariates included in hazard models ............................................... 85 
Table 2 Candidate AFT models with AIC weights ≥5% ....................................................... 86 
Table 3 Coefficients and rate ratios associated with 1-unit increases in covariate values  

given by best-fitting pairwise AFT models .............................................................. 87 
 
Chapter 5 
Table 1 Parameter descriptions for simulations of the Skagit County, WA March 2020 

SARS-CoV-2 transmission case study ................................................................... 113 
Table 2 Parameter descriptions for ventilation-system effect evaluations .......................... 115 
Table 3 Logit scale estimates associated with 1-unit increases in covariate values given       

by our beta-regression model for evaluating intervention effects .......................... 117 
Table 4 Logit scale estimates associated with 1-unit increases in covariate values given       

by our logistic-regression model for evaluating effect on SARS-CoV-2   
transmission risk during an indoor gathering ......................................................... 118 

 
Chapter 6 
Table 1 Model parameter and scenario-specific input descriptions for transmission 

simulations  ............................................................................................................. 139 
Table 2 Covariate values used for prediction in our example ............................................. 142 
Table 3 Logit scale estimates associated with a 1-unit increases in covariate values given  

by our beta-regression model .................................................................................. 143 
 
 
 



 

vii 
 

LIST OF FIGURES 

Chapter 2 
Figure 1 Examples of egocentric social network models used for hypothesis testing in our 

hypothetical scenario ................................................................................................ 39 
Figure 2 Frequency of contact network use in infectious disease research increased      

between 2010 and 2020 ............................................................................................ 40 
Figure 3 Surveying and direct observation data-collection methods dominate human- and 

animal-centric studies, respectively, but the latter is relatively less ubiquitous ....... 41 
Figure 4 Most infectious disease studies utilizing contact networks do not evaluate social 

relationships between vertices .................................................................................. 42 
 
Chapter 3 
Figure 1 Point location-based methods for describing tracked animal contacts may not 

effectively capture or characterize commonly observed interactions ....................... 47 
Figure 2 Steps for deriving polygons representing calf physical space .................................. 48 
Figure 3 Pipeline to create time-aggregated contact and social networks using the contact 

package ..................................................................................................................... 50 
Figure 4 Planar models used to derive calf and baboon polygons .......................................... 51 
Figure 5 Implications for real-time location system accuracy on proximity-based contact 

determination ............................................................................................................ 52 
Figure 6 Potential interpretations of calf-polygon intersections ............................................. 53 
Figure 7 Extended 0.56-m contact thresholds around calf-head and calf-posterior polygons 53 
Figure 8 Calf network comparisons ........................................................................................ 55 
 
Chapter 4 
Figure 1 There were 25 environmental sampling points from which surface soil was   

collected each week .................................................................................................. 88 
Figure 2 Null contact models consistently underpredict per-capita contact durations and   

node degree during high-activity hours, but overpredict node degree at other      
times .......................................................................................................................... 89 

Figure 3 Survival curves show that E. coli transmission in 2017 and 2018 occurred at    
similar rates ............................................................................................................... 90 

Figure 4 Mean per-capita weekly hazard rates for susceptible individuals began high and 
decreased over time in 2017, but remained consistently low during the 2018       
study period .............................................................................................................. 91 

 
Chapter 5 
Figure 1 Model droplet dynamics ......................................................................................... 119 
Figure 2 In the absence of interventions to reduce transmission risk, the proportion of 

susceptible people infected in simulations can reflect the case study value and is 
more likely to do so when forced airflow is included ............................................ 120 

Figure 3 Predicted proportion of susceptible populations infected with SARS-CoV-2 for 
varied parameter sets suggest that concurrent deployment of multiple     
interventions is required to achieve near-zero transmission rates .......................... 121 

 



 

viii 
 

Chapter 6 
Figure 1 At low population densities and gathering duration limits, nonpharmaceutical 

interventions to prevent infection and elevated vaccination rates consistently 
decrease the probability of observing ≥ 1 successful SARS-CoV-2 transmission 
events in simulations ............................................................................................... 144 

Figure 2 Mean secondary attack rates in simulations indicate substantial variability in  
 risk .......................................................................................................................... 145 
Figure 3 Predicted secondary attack rates suggest that the combination of cloth face  
 masks and 2-m social distancing during indoor gatherings of varying durations 

consistently reduces secondary attack rates by 58-60% ......................................... 146 
Figure 4 Estimated absolute risk of being infected with SARS-CoV-2 during 60-minute 

gatherings of varied sizes ........................................................................................ 147 
 
 



   

1 
 

CHAPTER 1 

Introduction 

Epidemiology, the study of the distribution, determinants, and control of disease, is 

predicated on the notion that disease occurrence is not homogenous within and between affected 

populations (Macera et al. 2013). Disease onset in individuals can be influenced by genetic, 

environmental, socio-economic, comorbidity-related, and behavioral risk factors (Parham et al. 

2015; Li et al. 2018; Newman et al. 2020; Hailu & Ayele 2021; Kumar et al. 2021). Preventing 

diseases therefore necessitates a comprehensive understanding of the relative influence of these 

factors on disease occurrence. For infectious disease systems, the confounding influence of host 

behaviors on pathogen transmission can make isolating effects of specific driving factors 

difficult, impeding our ability to deploy timely and effective interventions in some cases (Parham 

et al. 2015; Li et al. 2018; Kumar et al. 2021). Furthermore, the relative contribution of each 

driving influence on pathogen transmission within groups of hosts is not homogenous between 

microparasite-host systems, as differing levels of strain transmissibility and potential 

transmission routes inform transmission mechanics (Lanzas et al. 2019). Thus, in order to 

understand broad trends in pathogen transmission dynamics, it is often pertinent to evaluate 

effects of driving forces in independent microparasite-host systems. 

Individual-level contact network and agent-based models are useful tools for evaluating 

effects of host behaviors on pathogen transmission and subsequent disease incidence (Chen & 

Lanzas 2016; Dawson et al. 2018; Dawson et al. 2019). These models explicitly describe 

complex host behaviors and dyadic interactions, and because detailed genetic, environmental, 

and socio-economic information can be appended to model structures or used to parameterize 

simulations, network and agent-based models facilitate the quantification of both disparate and 
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interrelated influences on pathogen transmission and disease incidence (Morgan et al. 2017; 

Dawson et al. 2018; Pasquale et al. 2020; Zivich et al. 2020). We describe these modeling 

techniques in greater detail in later chapters, and use them to test transmission-related hypotheses 

about two very different microparasite-host systems. Specifically, we use network modeling to 

study Escherichia coli transmission between feedlot cattle, and agent-based modeling to evaluate 

SARS-Coronavirus-2 transmission between people attending indoor gatherings. By doing so, we 

demonstrate the effectiveness of these methodologies for quantifying social and environmental 

drivers of transmission. 
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CHAPTER 2 

On using contact networks to infer social drivers of pathogen transmission – a systematic 
review of contact network usage in infectious disease research from 2010 to 2020. 

 
Trevor S. Farthing & Cristina Lanzas 

 
Abstract 

Contact and social network models are often used to test hypotheses in infectious disease 

research, but few previous works acknowledge the distinction between the two model types and 

their specific implications for studying disease spread. Here, we provide a detailed comparison 

of contact and social network implications for infectious disease research, and carry out a 

systematic review to characterize trends in individual-level contact network use for studying 

infectious disease spread in human and animal populations between December 2010 and 

December 2020. We identified 117 articles that met our inclusion criteria. We categorized each 

article based on species of interest (i.e., human or animal) and the primary purpose for which the 

contact network was created. We also recorded the method(s) of data collection used in each 

study, as well as if and how social information was appended to contact network edges. We 

observed an increasing trend in contact network usage during this decade. The majority (63/117) 

of studies were intended to evaluate the effects of network structures on empirical disease 

prevalence, incidence, or the presumed risk of pathogen transmission within study populations, 

but relatively few of these studies (8/117) actually generated directed transmission networks. We 

recorded only three instances of contact networks being used to derive dyadic social information, 

but we expect that methodologies allowing researchers to infer accurate social and individual-

level information from contact networks will become increasingly common as technological 

innovations in contact data collection continue to develop. 
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Introduction 

Network science is a cornerstone method for infectious disease research. Network 

models, also called “graphs” in mathematics, are representations of object interconnectedness in 

a system of interest (Barabási 2016). In network models, vertices – or nodes – can be connected 

to one another by edges – or links. Vertices can represent physical entities (e.g., individuals, 

locations, etc.) or abstract ones (e.g., ideas, words, etc.), and edges that connect them can 

similarly represent physical or abstract linkages (e.g., roads, friendship, etc.). A glossary of 

network terminology is given in Table 1. General network model structure and graph theory 

related to biological sciences have been described extensively elsewhere (Martínez-López 2009; 

Welch et al. 2012; Farine & Whitehead 2015; Gao et al. 2018), and are not the primary focus of 

this review. Instead, our objective is to describe the various uses of contact networks in recent 

infectious disease research, and highlight the ability of this network subtype to quantify social 

effects on disease spread.  

Historically, review articles summarizing contact network use in Epidemiology have 

focused on how contacts are defined or on available network analysis methods and software 

(Martínez-López 2009; Welch et al. 2011; Eames et al. 2015; Thang et al. 2019; Albery et al. 

2020), but there is an apparent lack of information on how contact networks have actually been 

used in this field. Furthermore, few articles have made the distinction between contact networks 

and social networks, two network subtypes commonly used in infectious disease research that 

have different implications for hypothesis testing (Chen & Lanzas 2016). Some articles confuse 

the two or conflate them without justification. Chen et al. (2011), even went so far as to state that 

“when applied to epidemiology, a social network is called a contact network.” In this work, we 

demonstrate that statements like this are unequivocally false.   
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Contact networks, which describe interactions between vertices, and social networks that 

indicate when vertices share a specific relationship, are both useful for evaluating observed 

trends in disease incidence, but only the former is relevant for testing hypotheses pertaining to 

pathogen transmission mechanisms (Welch et al. 2012; Chen & Lanzas 2016). Here, not only do 

we provide a detailed comparison of contact and social network implications for infectious 

disease research, but we also carry out a systematic review to characterize trends in individual-

level contact network use for studying infectious disease spread in human and animal 

populations during the preceding decade. We place special emphasis on historical usage of 

contact data for inferring social relationships among hosts. This work not only addresses the 

aforementioned knowledge gaps, but also seeks to convey the versatility of contact networks for 

studying disease systems. 

 

What is a contact network? 

Contact networks describe observed interactions between entities in space (Martínez-

López 2009; Welch et al. 2011; Chen & Lanzas 2016). In infectious disease research, these 

networks often represent interactions between individuals (VanderWaal et al. 2013; Sih et al. 

2018; Dawson et al. 2019; Liu et al 2020; Zivich et al. 2020), but vertices can also describe 

groups of individuals (e.g., animal herds, social units, etc.), proxies for these groups (e.g., farms, 

hospitals, etc.), or physical locations (Bower et al. 2019; Jones et al. 2019; Machado et al. 2020). 

The defining quality of contact networks that differentiates them from other network subtypes, is 

the implicit spatiotemporal nature of their edges. Edges in contact networks indicate instances of 

coexistence (i.e., vertices exist within the same space at the same time), colocation (i.e., vertices 

exist within the same space, but not necessarily at the same time), communication, or physical 
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interaction between vertices during distinct time periods. Essentially, at minimum these edges 

signify that connected vertices visited the same physical or virtual space (e.g., phone call or 

internet server) during a defined time period, and at most the edges express that vertices were 

directly interacting within the space, given they were coexisting therein. 

Deciding what phenomena should constitute a “contact” between vertices in a given 

system can be difficult, and is heavily dependent on data availability and the hypothesis that 

researchers intend to evaluate (Welch et al. 2011; Eames et al. 2015). For example, when 

studying a sexually-transmitted disease system (e.g., syphilis), we would expect a contact 

network wherein edges represent instances of sexual interaction between vertices to be more 

informative than one wherein edges represent colocation, simply because the former explicitly 

captures the mechanism of pathogen transmission. However, the latter network may still be 

informative if vertices are likely to have sexual interactions with others who visit the same 

spaces as themselves, and therefore may be relevant for studying such a disease system if the 

former information is unknown, or if researchers’ hypotheses specifically involve colocation 

(Fujimoto et al. 2013). Commonly-used contact edge criteria are described in Table 2, and 

popular data-collection methods are described in Table 3. 

 

How can contact networks be used to study infectious disease systems? 

Contact networks allow us to visualize and characterize patterns in infectious disease 

occurrence. Outside of experimental settings, we cannot directly observe transmission of a 

pathogen from an infectious individual to a susceptible one. We do know, however, that 

infection must precede disease onset, transmission must precede infection, and infectious contact 

– either direct or indirect – must precede transmission (Welch et al. 2011; Chen & Lanzas 2016). 
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Thus, infectious disease spread is driven by interactions between infectious agents and 

susceptible ones and can therefore be modeled using directed contact networks (Welch et al. 

2011; Chen & Lanzas 2016). Empirical transmission networks are contact networks wherein 

edges represent interactions between vertices that likely resulted in successful pathogen 

transmission from an infectious vertex to a susceptible one (Welch et al. 2011; Chen & Lanzas 

2016). These networks can only be created when the dynamic health status of vertices (e.g., 

diseased/not diseased, infected/uninfected, etc.) across time is known. When empirical health 

states are unknown, researchers may test transmission-related hypotheses by simulating 

transmission on contact networks (Colman et al. 2018; Laager et al. 2018; Dawson et al. 2019; 

Wilson-Aggarwal et al. 2019). In these cases, simulations are used to investigate what 

transmission patterns may look like over time given the observed contact structure of the 

experimental population. Characterizing assumed and simulated transmission routes allows 

researchers to effectively trace disease spread throughout affected populations, and inform 

intervention efforts to hopefully prevent further disease spread. Furthermore, annotating 

demographic information to network vertices allows researchers to correlate any individual-level 

variables (e.g., age, sex, etc.) with transmission risk or disease prevalence, and annotating 

environmental (e.g., geospatial location of infectious contact, disease prevalence at the time of 

contact, etc.) and social information (e.g., spouse, friend, etc.) to edges facilitates the 

quantification of driver effectiveness on transmission risk (Fujimoto et al. 2013; Murtanski et al. 

2019; Zivich et al. 2020). Thus, when transmission routes are known or estimated, network 

analysis can consequently be used to elucidate mechanisms or prominent driving forces of 

infectious disease incidence, prevalence, and transmission. 
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In the absence of empirical or simulated transmission information, insights from contact 

networks may still be used to indirectly explain potential trends in disease spread by 

characterizing high-risk behavior rates (Hahné et al. 2017; Smith et al. 2018; Liu et al. 2020). 

This requires making the assumption that the transmission risk attributable to certain contacts or 

network structures potentially represented within networks is heterogenous, with specific 

phenomena contributing relatively higher risk than others. For example, researchers using 

contact networks to investigate HIV transmission risk in the absence of empirical transmission 

information may assume that transmission risk is positively correlated with degree (i.e., more 

connections) or clustering in sexual contact networks because this is often the case for HIV 

prevalence (Konrad et al. 2019; Murtanski et al. 2019; Liu et al. 2020). Thus, hypotheses relating 

to vertex behavior can be proxies for transmission-related hypotheses. Insights from studies such 

as these can be supported by linking pathogen phylogenetic data (e.g., levels of pathogen sample 

genetic relatedness) to vertices and network structures (Munang et al. 2016; Campbell, E.M. et 

al. 2017; Morgan et al. 2017; Pasquale et al. 2020). Phylogenetic data are useful for 

supplementing contact data and subsequent analyses, but are often insufficient to generate 

directed transmission networks. For example, pathogen phylogenetic data may provide a rough 

timeline of infection if these microorganisms accrue mutations relatively quickly (Campbell et 

al. 2018). If mutations occur infrequently however, hosts may be colonized by strains that are 

effectively the same, making it difficult to distinguish individuals that were infected early on in 

outbreaks from those infected later. That said, even when genome samples allow for effective 

timeline reconstruction, reconstructing transmission networks from these data can be difficult if 

the pathogen of interest is also in circulation outside of the sampled hosts and/or reservoirs, as 

research subjects may have been infected by unknown sources (Campbell et al. 2018). Often 
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times, edges describing genetic similarity of pathogen strains cannot be used to identify who 

transmitted a pathogen to whom, and are effectively treated as social network edges that indicate 

vertices are hosting genetically-similar strains (Munang et al. 2016; et al. 2017; Pasquale et al. 

2020). Therefore, even when supplemented by phylogenetic data, in the absence of 

epidemiological and potentially-infectious contact data, infectious disease researchers using 

network models are frequently limited to testing behavior- and prevalence-related hypotheses. 

 

How are contact networks different from social networks? 

Now that we have made a distinction between general contact networks and transmission 

networks, we must also define “social networks,” which are often modeled together with or in 

place of contact networks (Chen & Lanzas 2016). Differentiating between contact and social 

networks can be nebulous at times, but making this distinction is critical because the two entities 

have different implications for infectious disease research (Chen & Lanzas 2016). Although 

vertices in social networks may remain identical to those of contact networks, social network 

edges indicate shared abstract relationships between vertices (e.g., family, friendship, etc.). 

While there may be an implicit temporal aspect to edges in social networks, they lack the spatial 

component that underlies contact network edges. For example, in a social network describing 

hierarchical linkages between employees at a company, a specific employee may be linked to 

others at the same hierarchical level via “coworker” edges from time t to t + 1, but unrelated (i.e., 

have no connecting edge) afterwards if one individual resigned at time t + 2. This example 

highlights the fact that network structures (i.e., specific arrangements of vertices and edges) in 

social networks clearly imply temporal dependencies, but not spatial ones.   
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Though contact and social networks are distinctly different entities, in certain scenarios 

they can be one and the same, sharing identical vertices and network structures. While this 

phenomenon may arise spuriously in egocentric networks with few vertices (e.g., newborns may 

only have contacts with their parents and close relations, with whom they plainly share a familial 

social relationship), it is often due to the fact that reported social relationships can necessitate 

direct contact between vertices. For example, “drug use” networks are often used to identify 

groups at high risk for bloodborne pathogen transmission (Young et al. 2013; Smith et al. 2018; 

Spelman et al. 2019). Edges in these networks connect vertices via the “drug use/injection 

partner” social relationship, a relationship that by definition implies individuals met at least once 

to participate in recreational drug use together. Thus, in instances such as these, constructed 

networks can be considered to be both contact and social networks simultaneously. We will 

henceforth refer to these networks as “socio-contact networks,” and we give examples of socio-

contact networks found in infectious disease literature in Table 4. 

Unlike contact networks, social networks that do not implicitly capture contact 

information are ill-suited for studying mechanisms or driving forces of infectious disease 

transmission because no transmission route can be established. Instead, analysis of social 

networks may be used to provide contextual information about the disease system to identify 

socioeconomic correlates with disease incidence. Below we use a combination of hypothetical 

and empirical examples to illustrate the difference between contact and social network analyses 

as they relate to infectious disease research.  
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Examples highlighting differences between networks 

In this hypothetical example, imagine a new respiratory disease was discovered and the 

causative agent is as of yet unknown. Researchers suspect there may be a genetic mechanism for 

disease expression and want to quickly test this hypothesis. To do so, they generate egocentric 

social networks describing familial relationships of index patients, and ascribe a binary variable 

to vertices indicating if they have been diagnosed with the disease (Fig 1). They use network 

randomization methods (Farine 2017) to compare the relative proportion of disease occurrence 

within family lines to disease occurrence in unrelated spouses and in-laws, and determine that 

individuals genetically related to index cases are more likely to be diseased. If the disease of 

interest were non-communicable, this would be enough to suggest a genetic predisposition to 

disease expression. If, however, the disease of interest is communicable, such conclusions could 

not be drawn without accounting for the potential confounding influence of direct and indirect 

contact rates between diseased individuals and their network members. In other words, at this 

point researchers could conclude that within-family disease occurrence is likely, but they would 

be unable to definitively state that a genetic mechanism exists in this case, as elevated prevalence 

may result from relatively greater direct or indirect contact rates between infectious individuals 

and family members. Thus, in order to identify potential genetic effects on disease outcomes in 

this case, it is imperative that researchers simultaneously assess the influence of genetic 

relatedness and contact rates on observed incidence.  

This is a simple example, but it highlights the fact that social networks like those in 

preceding example are only capable of providing contextual information pertaining to infectious 

disease incidence. That said, they are particularly useful for identifying groups at elevated risk 

for disease incidence (Sreeramoju et al. 2018; Packer et al. 2019). In the previous example, 
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individuals with familial ties to index patients represent such a group. In real-world examples, 

classmates of English university students with tuberculosis were 7.3 times more likely to develop 

tuberculosis themselves (Packer et al. 2019), and friends or individuals with social affinity 

towards influenza patients were likely to become infected themselves shortly following infection 

of index cases (Kishore et al. 2019; Zivich et al. 2020). Analyses of social networks in these 

cases are useful because they allow researchers to identify groups for targeted intervention 

efforts, or form hypotheses about transmission mechanisms through which individuals with 

specific social relationships may transmit or receive pathogens (e.g., if the spouse of an HIV-

positive individual becomes HIV-positive themselves, a viable hypothesis would be that the first 

individual transmitted the virus to the second one via sexual contact). Any transmission-related 

hypotheses or assumptions may require further testing, however. 

 

Deriving contact networks from social networks and vice versa 

When social edges do not imply prerequisite contacts, represented relationships merely 

suggest that contact rates between connected vertices are likely heterogeneous and may differ 

according to relationship levels (e.g., vertices connected by a “spouse” edge likely have more 

sexual contacts with each other than those connected by a “friendship” edge, or relative to 

unconnected vertices). There is a growing effort to quantify socioeconomic influence on 

interpersonal contact rates to support the derivation of pseudo-contact networks from social 

networks, which assign these rates as weighted values to edges (Campbell, P.T. et al. 2017; Prem 

et al. 2017; Strömgren et al. 2017; Smith et al. 2018). The term “weighted” here indicates that 

the “strength” of ties between vertices, in this case the assumed number of contacts between 

them, is heterogenous (Farine & Whitehead 2015). If researchers assume that contact rates are 
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heterogenous between social relationship types, social edges may be used as proxies for contact 

networks for transmission-related hypothesis testing, and may be particularly effective for 

studying disease systems wherein successful transmission requires prolonged or frequent 

contacts with infectious agents to occur. 

Just as weighted pseudo-contact networks can be derived from social networks, pseudo-

social networks can likewise be derived from weighted contact networks that count the number 

of interactions between vertex pairs (Wang et al. 2016; Ray et al. 2018; Balasubramaniam et al. 

2019; Kishore et al. 2019). In these cases, by setting thresholds for contact weights, researchers 

can conjecture that a social relationship exists between vertices (e.g., if a relatively large number 

of dyadic contacts exists, we may assume that these individuals have a social affinity for one 

another). These pseudo networks are useful for generating network-specific hypotheses when 

relevant data types are unavailable (e.g., testing transmission-related hypotheses when only 

social relationships are known). However, it is important to note that pseudo-contact and -social 

networks represent assumed interactions and relationships, respectively, and not observed or 

confirmed phenomena. Researchers should therefore recognize that any analytical results are 

speculative, and may necessitate empirical validation. 

 

Methods 

We conducted a systematic review of articles in the Web of Science (WoS) database to 

identify trends in contact network usage for infectious disease research over the last decade. This 

review was carried out in accordance with Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses protocols (PRISMA) (Shamseer et al. 2015). 
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Search strategy 

All queries were carried out on December 15th 2020, so all returned articles were 

published no later than this date, and we limited our search to articles published no earlier than 

December 1st 2010. We queried WoS to identify articles in the WoS “Infectious Diseases” 

category that contain the terms: “contact network*” or “social network*.” The asterisks here 

indicate Boolean wildcard characters that instruct the search to also return articles that may 

include variations of “network” (e.g., “contact networks”, “social networking,” “social network 

analysis,” etc.). “Transmission network*” was excluded from search criteria due to the 

association with molecular methodologies for linking disease cases (i.e., infected vertices). This 

was done because we were interested in reviewing papers that utilized methods allowing 

researchers to confirm spatiotemporal links existed between vertices (i.e., one or more method 

described in Table 3), rather than assuming connections between diseased individuals must exist 

due to genetic similarities of pathogen samples. This search returned 666 articles. Web of 

Science category designations, like “Infectious Diseases,” are dictated by the publishing journal 

(Abrizah et al. 2013). The “Infectious Diseases” category is comprised of journals like: 

American Journal of Infection Control, International Journal of STD & Aids, Clinical Infectious 

Diseases, and many other human-centric sources. Thus, the returned 666 articles were heavily 

biased towards human-related systems. In order to incorporate more infectious disease studies 

pertaining to animal populations, we conducted a secondary search within the “Zoology” 

category. Because this category does not implicitly dictate that articles pertain to infectious 

disease research, we added additional search criteria to this query (Table 5). This query returned 

83 additional articles for review.  
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Inclusion and exclusion criteria 

Not all of the 749 returned articles were relevant for our review. Articles that did not 

collect data from cohorts of individual organisms and use these data to generate ≥ 1 contact or 

socio-contact network(s) linking cohort members (e.g., articles that only offhandedly mention a 

specific network, articles with only simulated populations, etc.) were discarded prior to analysis. 

Additionally, though we recognize that abiotic entities (e.g., farms, lakes, etc.) may be used as 

proxies for populations (e.g., farm animals) to study population-level disease spread, we were 

only interested in reviewing individual-level networks. Articles describing only population-level 

networks or those containing only abiotic vertices (e.g., waterbodies, abstract concepts, etc.) 

were excluded. Furthermore, some studies technically generated individual-level networks, but 

were limited to egocentric networks that could not connect all cohort members (e.g., cohort 

members were surveyed about their social networks, but no identifying information was 

collected to allow for links to other cohort members), or edges only represented assumed 

contacts with no verified information (e.g., networks with edges based on genetic relatedness of 

pathogens which assumed shared transmission sources). These were also removed prior to 

analysis. Finally, to ensure that “Zoology” studies were directly related to infectious disease 

research, we only included articles that specifically identified ≥ 1 pathogen, vector, or disease of 

interest, those that explicitly simulated pathogen transmission between individuals, and those 

wherein the authors otherwise state that a primary goal of the study is to estimate disease or 

transmission risk. Our final, post-filtering article set contained 117 unique research articles. 
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Data extraction 

Because these articles utilized a wide-array of methodologies for data-collection and 

analysis, and “contact” definition criteria and disease systems of interest were not consistent 

between studies, we were unable to systematically assess bias within study results. We did, 

however, categorize each article based on species of interest (i.e., human or animal) and the 

primary purpose for which the contact network was created (Table 6). We also identified the 

method of data collection (e.g., review of historical records, telemetry, etc.), and determined if 

vertices were connected in a social network as well. We report summary statistics describing 

observed trends in network usage, and discuss these trends below. 

 

Results & Discussion 

Assuming the included articles included in our literature review comprise a representative 

sample of trends in the overall population of contact-network-containing infectious disease 

studies authored over the previous decade, it is clear that articles of this nature are being 

published more frequently over time (Fig 2). There are no discernable patterns in the proportion 

of studies attributed to specific purposes over time (Fig 2), but the number of animal studies 

collecting data through location tracking and direct observation have increased in recent years 

(Fig 3). The rise in animal-related studies may therefore be attributable to the increasing 

accessibility and functionality of location-tracking devices (Kays et al. 2015; Smith et al. 2020). 

Similarly, the number of human studies that collect data via surveys appears to have increased 

over time as well (Fig 3). It is interesting to see that there were zero animal studies represented 

here which sought to evaluate the efficacy of implemented transmission interventions (Table 6). 

Furthermore, of the 12 animal studies that simulated pathogen transmission on networks, only 
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two explicitly tested effects of interventions – specifically vaccination – on observed disease 

incidence (Reynolds et al. 2015; Laager et al. 2018). These findings could suggest there is a 

disproportionate amount of interest in preventing disease occurrence in human populations 

compared to animal populations. However, a more-likely explanation is that network-based 

intervention-related studies in animal populations are often conducted at the population or 

community level, with vertices representing aggregated population-level units (e.g., farms, herds, 

etc.) and edges representing between-group animal movements (Jones et al. 2019; Saleetid et al. 

2019; Machado et al. 2020), which are outside the scope of this review. Additionally, it may be 

the case that intervention deployment in animal populations is often not directly related to 

individual-level contact networks (e.g., vaccine-inoculated bait distribution), thereby obscuring 

related studies from our review. Because there appears to be significant interest in studying 

pathogen-transmission potential in disease systems with animal hosts, given the number of risk-

assessment studies we observed (Table 6), we suspect the latter two explanations to be more 

plausible than the first. 

Of the 117 articles we examined, 74 did not generate any social edges or append social 

information to contact edges. There were 24 articles that contained social edges which implicitly 

required direct contacts of some sort (i.e., “socio-contact networks”), 22 that contained social 

edges independent of the contact network, and only three derived a pseudo-social network from 

weighted contact network edges (Fig 4). However, there is no discernable pattern in social edge 

inclusion by network purpose.  

The ability to contextualize observed transmission-related metrics via analysis of social 

network information is incredibly beneficial for understanding forces driving disease spread. For 

example, Friant et al. (2016) was one of the 3 articles we reviewed that derived social 
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information from contact data. They observed specific agonistic and affiliative interactions 

between red-capped mangabey (Cercocebus torquatus) dyads, and used an established contact 

weighting procedure based on the observed number of specific interactions (e.g., directed 

grooming, biting, etc.), to identify directed dominant-subordinate relationships (De Vries et al. 

2006). They ultimately found that dominant individuals tended to be more connected in 

spatiotemporal-overlap contact networks than subordinates, but trends in enteric parasite 

infection were unrelated to positioning in the social hierarchy. Though Friant et al. (2016) did 

not find a significant social effect on infection prevalence, their work highlights the fact that the 

ability to accurately infer social information from contact data represents a drastic expansion in 

the usefulness of these data for infectious disease research. Unfortunately, it seems to be the case 

that when weight thresholding is used to infer specific relationships, or relationship strength 

(e.g., how much individual i likes or dislikes individual j), there is often high amounts of 

associated uncertainty (Farine & Whitehead 2015). We observed this in the other two pseudo-

social network studies identified here. 

Both of the remaining studies utilizing pseudo-social edges set seemingly-arbitrary rules 

for assigning social relationships. Kishore et al. (2019) assigned edges between vertices i and j if 

vertex j was one of i’s 30-most frequently contacted individuals during the study period. Wang et 

al. (2016) defined affiliation social edges between i and j if vertex i reported > 6 face-to-face 

contacts within 3 months, or otherwise noted a “close relationship” with j, and assigned 

“minimal contact” social edges between the vertices if < 6 face-to-face contacts were observed 

within 3 months and neither individual reported a “close relationship” with one another, or one 

individual indicated they had never met the other. Neither study provides further reasoning or 

explanation for describing edges as such, or makes an effort to justify their definitions. If these 
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articles represent the majority of pseudo-social network studies, then Farine and Whitehead 

(2015) are right to advise caution when thresholding contact weights to derive ancillary 

information, because no estimate of uncertainty can be obtained.  

Fortunately, Spiegel et al. (2016) devise a method that may allow for pseudo-social 

information to be derived from contact networks within acceptable confidence limits. They used 

GPS devices to track individuals in a population of 60 sleepy lizards (Tiliqua rugosa), and 

subsequently defined contacts between lizards as instances when tracked individuals were within 

14 m of one another. They demonstrate that by randomizing individuals’ unique movement paths 

(i.e., sequential GPS relocation coordinates) in such a way that maintains the temporal integrity 

of relocation events within pre-defined time units (e.g., if “day” is the pre-defined time unit, in 

an individuals’ randomized movement path they visit the same locations at the same sub-day 

time stamp as in their empirical path, but not necessarily on the same day), they derive null 

contact models that account for environmental drivers of contact. Spiegel et al. (2016) 

statistically compared observed degrees of egocentric empirical contact networks to that of null 

models generated using their procedure, and determined that there were more edges in empirical 

networks than would be expected at random, suggesting a social intent premediated contact 

events in this population. 

Though Spiegel et al. (2016) used their procedure to evaluate if sociality drives contacts 

in their test population, their methods can easily be adapted to identify if social intent underlies 

contacts for specific dyads. Of course, a primary limitation of their method is that it requires 

researchers to track the location of research subjects. Other forms of data collection are 

inappropriate because null contact models like those described by Spiegel et al. (2016), that 

account for environmental influences on contact rates, cannot be constructed from other data 
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streams which do not provide insight into subject activities outside of observed contact events. 

Historically, these data were more likely to be collected from animal studies than human ones, 

and in fact, we only observed one instance of data collection via location tracking in human 

studies during our review (Fig 3). Nevertheless, research articles utilizing location tracking 

efforts to inform contact networks for studying disease spread in human systems do exist (Qi & 

Du 2013; Klepac et al. 2018), and will likely become more prevalent given technological 

advances and increased acceptance of data collection via personal smart devices (Xiong et al. 

2016, Kuk et al. 2017; Klepac et al. 2018; Emden et al. 2020; Utz et al. 2021). Through 

technological and methodological innovations, it is likely that contact network models will not 

only become more prevalent over the next decade, but also increasingly versatile for hypothesis 

development and testing in infectious disease research. 

 

Conclusions 

Contact network usage in infectious disease research serves numerous purposes, but the 

majority of studies we reviewed were intended to evaluate the effects of network structures on 

disease prevalence, incidence, or the presumed risk of pathogen transmission within study 

populations. However, relatively few studies generated transmission networks, and thus the 

majority were unable to test hypotheses related to transmission mechanisms and underlying 

forces that drive transmission. In many cases, the number of animal-focused studies using 

contact networks for specific purposes was not proportional to network usage in human-centric 

studies.  

We observed an increasing trend in contact network usage over the preceding decade, and 

this trend is likely to continue into the future given recent technological innovations that improve 
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data collection efforts. Increased frequency of location-tracking data-collection will increase the 

average versatility of contact networks by allowing researchers to use statistical methods to infer 

social information from contact data with presumably more accuracy than arbitrary weight 

thresholding methods. However, there is a need for methodological innovations in processing 

contact data collected via other methods, specifically those that do not allow for confirmation of 

specific interactions or behaviors outside of contact events, into pseudo-social networks able to 

accurately capture dyadic social relationships with any statistical certainty. 
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Tables 
 
Table 1. Glossary of network terms used in this chapter. 

Term Simple definition 

Contact network 
A network wherein edges describe interactions between entities in 
physical or virtual space. Vertices can represent individuals, groups, or 
locations. Edges represent contact events between vertices.  

Directed edge 
An edge describing a directional relationship or interaction between 
vertices. Edges without specific directionality are referred to as 
“undirected.” 

Edge A building block of networks, representative of linkages between 
vertices. Also called a “tie” or “link.” 

Edge/network/vertex 
attribute 

Qualitative or quantitative information appended to edges, vertices, or 
the overall network, respectively.  

Network model A representation of object interconnectedness; comprised of “vertices” 
and “edges.” Also called a “graph.” 

Network analysis 

Statistical assessment to determine the probability that specific 
network structures exist. Commonly referred to as “social network 
analysis” regardless of whether or not the network of interest is 
actually a “social” network. 

Network structure A specific arrangement of vertices and edges. 

Null network model A network model comprised of randomized network structures. Can be 
compared to empirical networks in network analyses. 

Social network A network wherein edges describe relationships between vertices. 

Socio-contact network 
A network wherein edges describe relationships between vertices, but 
the relationship(s) of interest implicitly require some form of contact 
between vertices.  

Transmission network A network wherein edges are directed and describe pathogen 
transmission between vertices. 

Vertex 
A building block of networks, representative of discrete entities. 
Vertices can represent physical or abstract entities. Also called a 
“node.” 

Weighted edge A quantitative attribute is appended to edges and used to indicate the 
“strength” of ties between vertices. 
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Table 2. Definitions and examples of common contact network edge criteria in infectious disease 

research. 

Contact criteria Description Infectious disease research implications Examples 

Colocation 

Vertices were observed within the same space (e.g., room, 
venue, burrow, etc.), but not necessarily at the same time. 
Colocation networks may be bipartite, with vertices 
representing either locations and individuals both present in 
networks, and like vertex types only connected indirectly. 
Edges in colocation networks are often undirected. However, 
directed edges in non-bipartite colocation networks can denote 
the temporal order of location sharing (i.e., edges are directed 
from vertices who appeared first in a specific location to 
vertices that appeared in the same location at a later time). 

Useful for assessing environmental exposure 
effects on disease incidence/prevalence. 
These networks can also be used to evaluate 
indirect transmission risk if researchers 
assume location contamination is the direct 
result of pathogen deposition by surveilled 
infectious vertices. 

 
No direct transmission mechanism can be 
inferred from colocation data alone, but a 
transmission network may be inferred if 
temporal resolution of the data is 
sufficiently high. 

Colocation at trapping 
sites (VanderWaal et 
al. 2013) 

 
Shared office building, 
floor, or room 
(Kawatsu et al. 2015) 

 
Frequently visited 
locations (Munang et 
al. 2016) 

Indirect contact 

Vertices have contact with a specific non-location entity, but do 
not interact directly with one another. The non-location entity 
may be biotic (e.g., a third-party individual), abiotic (e.g., a tool 
or utensil), or even intangible (e.g., a company or organization). 
Indirect contact networks may be bipartite if vertices represent 
different kinds of entities. Edges in indirect contact networks 
are often undirected. 

Useful for studying risks associated with 
contacting specific or contaminated entities, 
and for studying fomite-mediated 
transmission.  

 
Transmission mechanisms and networks 
may be inferred. 

Needle sharing 
(Verdery et al. 2017) 

Physical 
contact 

Vertices were observed in physical contact with one another. 
These edges may be undirected or directed. Directed edges may 
exist from individuals initiating the contact to other vertices. 

Useful for studying pathogens for which 
close proximity is required for transmission 
(e.g., direct droplet transmission).  

 
Transmission mechanisms and networks 
may be inferred. 

Manlove et al. 2017 
 

Strömgren et al. 2017 

Spatiotemporal 
overlap 

Vertices were observed coexisting in the same space at the 
same time. Often times edges in these networks represent 
instances when entities were within specified distances of one 
another, but this is not a universal requirement. Edges in these 
networks are undirected. 

Useful for studying pathogens for which 
close proximity is required for transmission 
(e.g., direct droplet transmission).  

 
Transmission mechanisms and networks 
may be inferred. 

Within 10 cm from one 
another (Aiello et al. 
2016) 

 
Within 1-1.5 m from 
one another (Wilson-
Aggarwal et al. 2019) 

 
Coexisting within the 
same hospital ward 
(Eichel et al. 2020) 

Specific 
interactions 

Vertices were observed carrying out a specific interaction (e.g., 
face-to-face conversation, sexual activity, grooming, etc.). This 
can be considered a subtype of other contact criteria types, with 
the differentiating factor being that additional prerequisite 
conditions must be met to form edges between vertices. 

Useful for studying the risk associated with 
specific activities, and studying diseases 
with activity-specific transmission routes 
(e.g., sexually-transmitted diseases). 

Grooming/huddling 
(Raulo et al. 2018) 

 
Sexual contact (Liu et 
al 2020) 

 
Face-to-face 
conversations (Zivich 
et al. 2020) 

Virtual contact Vertices communicate within a virtual space (e.g., phone call, 
social networking site, etc.). 

Though this is the most important contact 
criteria for modeling computer virus 
transmission, no biological transmission 
mechanism or route can be inferred from 
virtual contact data alone.  

 
From a biological disease perspective, 
virtual contact networks are useful for 
correlating information flow rates and 
availability with disease and transmission 
metrics.  

 
Virtual contact networks may also be used 
as proxies for social networks. 

Telephone calls 
(Kishore et al. 2019) 
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Table 3. Definitions and examples of common data-collection methods used to collect contact 

data in infectious disease research. 

Method Description Viable contact definitions Pros Cons Examples 

Contact 
diaries 

Individuals record the time, date, and nature 
of interactions with other entities. Reports 
of recorded interactions are sent to or 
otherwise shared with researchers. 

Contact diaries may be used to 
generate contact data for all contact 
criteria types reported in Table 1. 

Highly detailed contact and 
contextual information can 
be retrieved. 

 
Relatively inexpensive to 
collect data. 

 
Data collection does not 
require a significant time 
investment on the part of 
researchers. 

 
Researchers can quantify 
the number and duration of 
contact events with 
individuals outside of the 
recruited cohort. 

Self-reported 
information is subject 
to inherent biases on 
the part of the 
recording individuals. 

 
Data can only be 
collected from entities 
able to recall and 
report contact events. 

Campbell, 
P.T.  et al. 
2017 
 
Hahné et al. 
2017 
 
Strömgren et 
al. 2017 

 

Direct 
observation 

Researchers visually monitor a cohort of 
research subjects without direct interacting 
with the subjects or purposefully 
influencing their behavior. Researchers 
record the time, date, and nature of 
interactions between subjects in real time. 

Direct observation may be used to 
generate data for all contact criteria 
types presented in Table 1, however 
virtual contacts may only be 
observed in real time with the use 
of specialized equipment and 
software. 

Highly detailed contact and 
contextual information can 
be retrieved. 

Data collection 
requires a significant 
time investment on the 
part of researchers. 

 
Interactions occurring 
outside the view of 
researchers cannot be 
recorded. 

Romano et al. 
2016 
 
Williams et al. 
2017 
 
Maruping-
Mzileni et al. 
2020 

Historical 
record 
review 

In this case, researchers utilize records 
indicating that entities met contact criteria 
(e.g., hospital admittance records, phone 
call records, insurance claim forms, etc.). 
These records are often collected to meet 
another objective and repurposed to identify 
interactions between entities of interest. 

Historical record review may be 
used to generate contact data for all 
contact criteria types reported in 
Table 1 

Researchers do not need to 
invest time into cohort 
recruitment or data 
collection. 

 
Inexpensive if access to 
historical data sets does not 
need to be purchased. 

 
Researchers may repurpose 
previously generated data 
sets to test new hypotheses. 

Methodological issues 
with data collection 
cannot be corrected or 
improved because data 
collection has already 
completed. 

 
If data are anonymized, 
demographic or 
contextual information 
may be difficult or 
impossible to include 
in network analyses. 

Uddin et al. 
2013 

 
Kishore et al. 
2019 

 
Degala et al. 
2020 

Location 
tracking 

Researchers outfit a cohort of research 
subjects with location-tracking devices – 
typically global positioning system (GPS) 
or radio frequency identification (RFID) 
technologies – that record subjects’ 
locations in physical space at predetermined 
intervals. Following data collection, 
researchers construct contact networks by 
assessing the distance between individuals 
at each time point and/or identifying 
locations visited by research subjects. 

For the most part, location tracking 
is only appropriate for constructing 
contact networks representing 
instances of colocation or 
spatiotemporal overlap. As 
demonstrated by Farthing et al. 
(2020) however, under special 
circumstances specific interactions 
(e.g., visual contact) may be 
inferred from location data as well. 

Allows researchers to 
collect data on research 
subjects 24 hours a day. 

 
Researchers can modify 
definitions of contact 
following data collection. 

 
Technological advances are 
leading to tracking devices 
that are more accurate and 
less burdensome to research 
subjects, minimizing effects 
of monitoring on research 
subject behavior and 
apprehension to enrollment. 

Requires specialized 
equipment that may be 
expensive. 

 
Tracking devices may 
be lost, fail completely, 
or generate erroneous 
location data. 

 
Nodes in contact 
networks are limited to 
tracked individuals. 

 
Researchers must 
assume that contacts 
between devices are 
appropriate proxies for 
contacts between 
research subjects. 

 

Kuk et al. 
2017 
 
Sih et al. 2018 
 
Dawson et al. 
2019 
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Table 3 (continued). 
 

Proximity loggers 

Researchers outfit a 
cohort of research 
subjects with location-
proximity logging 
devices – typically RFID 
or Bluetooth 
technologies – that 
record when subjects are 
nearby to or within a 
prespecified distance of 
one another. 

Data from proximity loggers are primarily useful for 
constructing contact networks representing instances 
of spatiotemporal overlap. However, proximity 
loggers can be used to construct colocation or 
indirect contact networks if studies involve attaching 
proximity loggers to abiotic entities in addition to 
mobile research subjects. Additionally, due to the 
fact that radio wave movement is impeded by 
physical entities, RFID proximity loggers may only 
register one another when they are facing each other. 
Therefore, proximity loggers may be used to generate 
face-to-face specific contact networks as well. 

Allows researchers to 
collect data on research 
subjects 24 hours a day. 

 
Technological advances 
are leading to tracking 
devices that are more 
accurate and less 
burdensome to research 
subjects, minimizing 
effects of monitoring on 
research subject behavior 
and apprehension to 
enrollment. 

 

Requires 
specialized 
equipment that 
may be expensive. 

 
Proximity loggers 
may be lost, fail 
completely, or 
generate 
erroneous contact 
data. 

 
Nodes in contact 
networks are 
limited to tracked 
individuals. 

 
Researchers must 
assume that 
contacts between 
devices are 
appropriate 
proxies for 
contacts between 
research subjects. 

Voirin et al. 
2015 
 
Poletti et al. 
2017 
 
Wilson-
Aggarwal et 
al. 2019 

Surveying 

This method is the same 
as the contact diary, 
except that researchers 
actively interview or 
survey research subjects 
about their interactions. 

Surveying may be used to generate contact data for 
all contact criteria types reported in Table 1. 

Highly detailed contact and 
contextual information can 
be retrieved. 

 
Relatively inexpensive to 
collect data. 

 
Researchers can quantify 
the number and duration of 
contact events with 
individuals outside of the 
recruited cohort. 

 
Relative to contact diaries, 
researchers can more 
thoroughly clarify their 
intentions to research 
subjects when directly 
communicating with them. 

Self-reported 
information is 
subject to inherent 
biases on the part 
of the recording 
individuals. 

 
Data can only be 
collected from 
entities able to 
recall and report 
contact events. 

 
Relative to contact 
diaries, data 
collection may 
require a greater 
time investment 
on the part of 
researchers. 
 

Morgan et al. 
2018 

 
Liu et al 2020 
 
Zivich et al. 
2020 

Trapping 
(exclusive to 

animal 
populations) 

Researchers set traps to 
catch members of a 
wildlife population. 
Caught individuals are 
recorded as being 
present at the study site. 
Contact networks are 
later derived from these 
location data. 

Trapping is only appropriate for constructing contact 
networks representing instances of colocation or 
spatiotemporal overlap 

Relatively inexpensive and 
quick compared to other 
methods allowing for the 
identification of contacts in 
animal populations. 

Requires 
interactions 
between 
researchers and 
animals, which 
may directly 
influence their 
behaviors. 

 
Only trapped 
animals can be 
included in 
contact networks. 

VanderWaal 
et al. 2013 

Video/photograph 
review 

Researchers make video 
recordings or take 
photographs of a cohort 
of research subjects. 
Videos and photographs 
are later reviewed by 
researchers to identify 
interactions between 
research subjects. 

Video/photograph review may be used to generate 
contact data for all contact criteria types reported in 
Table 1 except virtual contacts. 

Minimizes interactions 
between researchers and 
research subjects. 

 
Highly detailed contact and 
contextual information can 
be retrieved. 

 
Researchers can quantify 
the number and duration of 
contact events with 
individuals outside of the 
recruited cohort. 

Reviewing the 
data requires a 
significant time 
investment on the 
part of 
researchers. 

 
Requires 
specialized 
equipment that 
may be expensive. 

 
Interactions 
occurring off 
camera cannot be 
included in 
contact networks. 

Croft et al. 
2011 
 
Stockmaier 
et al. 2020 
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Table 4. Select examples of socio-contact network edges and the contacts they imply. 

Socio-contact 
edge Implied contact event(s) Examples in 

literature 

Confidant 
Specific interactions like face-to-face and/or virtual 
conversations between people with high social affinity towards 
one another. 

Dennis et al. 
2018 
 
Morgan et al. 
2018 

Drug use 
partner 

At minimum, spatiotemporal overlap. These edges may also 
imply indirect contact via needle sharing or drug pooling. 

Young et al. 
2013 
 
Smith et al. 
2018 
 
Spelman et al. 
2019 

High-risk 
activity 
partner 

This definition is context specific and may change between 
disease systems. For bloodborne/sexually-transmitted diseases 
like HIV, these edges imply sexual contact and/or indirect 
contact via needle sharing or drug pooling. 

Rothenberg et 
al. 2017 
 
Williams et 
al. 2019 

Migratory 
group 

member 

Spatiotemporal overlap when groups of animals are observed 
traveling together. 

VanderWaal 
et al. 2014 
 
Manlove et al. 
2017 
 
Powell et al. 
2020 

Patient-
doctor, 
student-

teacher, and 
similar 

relationships 

Specific interactions like face-to-face and/or virtual 
conversations between individuals. 

Moldovan et 
al. 2019 
 
Degala et al. 
2020 
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Table 5. Terminology used to search for infectious-disease-related articles in the Web of Science 

database “Zoology” category. †Each primary term was joined with each secondary term using the 

“AND” Boolean link (e.g., “contact network*” AND “*disease*”) to create 16 unique complete 

queries. 

Terminology 

Primary terminology†  

 “contact network*” 

 “social network*” 

Secondary terminology  

 “*bacteria” 

 “*disease*” 

 “*fung*” 

 “*infect*” 

 “*parasite*” 

 “*pathogen*” 

 “*prion*” 

 “*virus*” 
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Table 6. Primary purposes of human- and animal-focused infectious disease studies utilizing 

contact networks. 

Network purpose Description NHuman NAnimal 

Contact tracing / 
intervention testing 

The primary goal of the study was to improve 
contact tracing efforts as a means of tracking 

disease incidence within a population and/or to 
evaluate the efficacy of deployed interventions. 

14 0 

Data-collection method 
comparison / evaluation 

The primary goal of the study was to evaluate the 
ability of ≥1 data-collection method to accurately 

capture mixing rates within study populations. 
6 3 

Incidence/transmission risk 
assessment – inferred 

transmission 

The primary goal of the study was to quantify the 
effects of network characteristics on disease 

prevalence, incidence, or the risk of pathogen 
transmission within study populations. Authors 

construct a directed empirical transmission 
network to assist in achieving this goal. No 

transmission simulations were run over contact 
networks. 

6 2 

Incidence/transmission risk 
assessment – no inferred 

transmission 

The primary goal of the study was to quantify the 
effects of network characteristics on disease 

prevalence, incidence, or the risk of pathogen 
transmission within study populations. Authors 

DO NOT construct any directed empirical 
transmission networks to assist in achieving this 
goal. No transmission simulations were run over 

contact networks. 

37 18 

Transmission simulation Contact networks were created for the purpose of 
simulating transmission within study populations. 5 12 

Other The primary goal of the study does not fit into 
any other category. 11 3 

 Total 79 38 
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Figures 
 

 
Figure 1. Examples of egocentric social network models used for hypothesis testing in our 

hypothetical scenario. 
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Figure 2. Frequency of contact network use in infectious disease research increased between 

2010 and 2020. *No articles published prior to December 1st 2010 are represented here. § No 

articles published after December 15th 2020 are represented here.  
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Figure 3. Surveying and direct observation data-collection methods dominate human- and 

animal-centric studies, respectively, but the latter is relatively less ubiquitous. *No articles 

published prior to December 1st 2010 are represented here. § No articles published after 

December 15th 2020 are represented here.  
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Figure 4. Most infectious disease studies utilizing contact networks do not evaluate social 

relationships between vertices.  
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CHAPTER 3 

Accounting for space and uncertainty in real-time location system-derived contact 
networks (with corrigendum) 

 
Farthing TS, Dawson DE, Sanderson MW, & Lanzas C. (2020). Accounting for space and 

uncertainty in real-time location system-derived contact networks. Ecol & Evol 10:4702-4715. 
doi: 10.1002/ece3.6225.  
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CO R R I G E NDUM

CORRIGENDUM

In our paper, “Accounting for space and uncertainty in real-time location system-derived contact networks” (Ecol & Evol 10(11):4702–4715), 

we presented a procedure for updating spatial threshold definitions to identify proximity-based contacts from real-time location data while 

accounting for real-time location system accuracy. This is a simulation-based procedure whereby researchers generate a distribution of n in-

ter-point distances between in-contact point pairs, and choose an appropriate contact distance threshold that ensures a desired percentage 

of true positives are represented in generated contact networks. In our paper, we incorrectly state at the end of paragraph 3 in Section 2.2.3 

|_-|�-�vr-|b-Ѵ�|_u;v_oѴ7�0-v;7�om�|_;��rr;u�ƖƖѷ����=ou�-m�;�r;1|;7Ŋ7bv|-m1;�7bv|ub0�|bom�ľѴbh;Ѵ��1-r|�u;v�ƾƖƖѷ�o=�1om|-1|vķ�-v�ru;�bo�vѴ��7;-

fined.” This is an erroneous statement because the CI describes the probability that the mean of the expected-distance distribution falls within 

CI bounds. Thus, the statement should read that a spatial threshold based on the upper 99% CI for an expected-distance distribution “likely 

1-r|�u;v�|_;�l-foub|��o=�|u�;�1om|-1|vķ�-v�ru;�bo�vѴ��7;v1ub0;7ĺĿ��=�u;v;-u1_;uv��-m|�|o�1-r|�u;�ƾƖƖѷ�o=�|u�;�1om|-1|vķ�-m���r7-|;7�vr-|b-Ѵ�
threshold should take the value of the distribution maximum, or the mean + 3 standard deviations. Researchers should note, however, that 

maximizing the true positive rate for contact identification may greatly inflate the false positive rate as well.
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EcolEvol. 2020;10:4702–4715. https://doi.org/10.1002/ece3.6225

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited.
© 2020 The Authors. Ecology and Evolution published by John Wiley & Sons Ltd.



   

45 
 

ƓƕƏƑ�Պ|Պ    Ecology and Evolution. 2020;10:4702–4715.www.ecolevol.org

 

!;1;b�;7Ĺ�Ƒƒ���]�v|�ƑƏƐƖՊ |Պ !;�bv;7Ĺ�Ƒƕ��o�;l0;u�ƑƏƐƖՊ |Պ �11;r|;7Ĺ�Ѷ��-u1_�ƑƏƑƏ
DOI: 10.1002/ece3.6225  

O R I G I N A L  R E S E A R C H

Accounting for space and uncertainty in real-time location 
system-derived contact networks

Trevor S. Farthing1 Պ|   Daniel E. Dawson1 Պ|   Michael W. Sanderson2Պ|    
Cristina Lanzas1

$_bv�bv�-m�or;m�-11;vv�-u|b1Ѵ;��m7;u�|_;�|;ulv�o=�|_;��u;-|b�;��ollomv��||ub0�|bom��b1;mv;ķ��_b1_�r;ulb|v��v;ķ�7bv|ub0�|bom�-m7�u;ruo7�1|bom�bm�-m��l;7b�lķ�
ruo�b7;7�|_;�oub]bm-Ѵ��ouh�bv�ruor;uѴ��1b|;7ĺ
š�ƑƏƑƏ�$_;���|_ouvĺ�Ecology and Evolution�r�0Ѵbv_;7�0���o_m�)bѴ;��ş�"omv��|7ĺ

1	;r-u|l;m|�o=��or�Ѵ-|bom��;-Ѵ|_�-m7�
�-|_o0boѴo]�ķ��oѴѴ;];�o=�(;|;ubm-u��
�;7b1bm;ķ��ou|_��-uoѴbm-�"|-|;�&mb�;uvb|�ķ�
!-Ѵ;b]_ķ���ķ�&"�
2	;r-u|l;m|�o=�	b-]mov|b1��;7b1bm;�
-m7��-|_o0boѴo]�ķ��oѴѴ;];�o=�(;|;ubm-u��
�;7b1bm;ķ��;m|;u�=ou���|1ol;v�!;v;-u1_�
-m7��rb7;lboѴo]�ķ��-mv-v�"|-|;�&mb�;uvb|�ķ�
�-m_-||-mķ��"ķ�&"�

Correspondence
�ubv|bm-��-m�-vķ�	;r-u|l;m|�o=��or�Ѵ-|bom�
�;-Ѵ|_�-m7��-|_o0boѴo]�ķ��oѴѴ;];�o=�
(;|;ubm-u���;7b1bm;ķ��ou|_��-uoѴbm-�"|-|;�
&mb�;uvb|�ķ�!-Ѵ;b]_ķ���ķ�&"�ĺ
�l-bѴĹ�1Ѵ-m�-vŠm1v�ĺ;7�

Funding information
&ĺ"ĺ��-|bom-Ѵ��mv|b|�|;�o=��;-Ѵ|_�Ő���őķ�
�u-m|ņ��-u7���l0;uĹ�!ƏƐ��ƐƐƕѵƐѶ

Abstract
Ɛĺ� �obm|�7-|-�o0|-bm;7�=uol�u;-ѴŊ|bl;�Ѵo1-|bom�v�v|;lv�Ő!$�"vő�1-m�0;�ruo1;vv;7�bm|o�
-mbl-Ѵ�1om|-1|�m;|�ouhvķ�7;v1ub0bm]�bmv|-m1;v�o=�bm|;u-1|bom�0;|�;;m�|u-1h;7�bmŊ
7b�b7�-Ѵvĺ��uo�blb|�Ŋ0-v;7�7;=bmb|bomv�o=� bm|;u-mbl-Ѵ�ľ1om|-1|ķĿ�_o�;�;uķ�l-��0;�
bm-7;t�-|;� =ou� 7;v1ub0bm]� ;rb7;lboѴo]b1-ѴѴ�� -m7� vo1boѴo]b1-ѴѴ�� u;Ѵ;�-m|� bm|;u-1Ŋ
|bomv� bm�oѴ�bm]� 0o7��r-u|v� ou� o|_;u� r_�vb1-Ѵ� vr-1;v� u;Ѵ-|b�;Ѵ�� =-u� =uol� |u-1hbm]�
7;�b1;vĺ�$_bv��;-hm;vv�1-m�0;�o�;u1ol;�0���vbm]�roѴ�]omvķ�u-|_;u�|_-m�robm|vķ�|o�
u;ru;v;m|�|u-1h;7�bm7b�b7�-Ѵv�-m7�7;=bmbm]�ľ1om|-1|Ŀ�-v�roѴ�]om�bm|;uv;1|bomvĺ

Ƒĺ� );�ru;v;m|�mo�;Ѵ�ruo1;7�u;v�=ou�7;ub�bm]�roѴ�]omv�=uol�!$�"�robm|�7-|-��_bѴ;�
l-bm|-bmbm]� 7bv|-m1;v� -m7� oub;m|-|bomv� -vvo1b-|;7� �b|_� bm7b�b7�-Ѵvŝ� u;Ѵo1-|bom�
;�;m|vĺ�);�7;lomv|u-|;�|_;��;uv-|bѴb|��o=�|_bv�l;|_o7oѴo]��=ou�m;|�ouh�lo7;Ѵbm]�
�vbm]�|�o�1om|-1|�m;|�ouh�1u;-|bom�;�-lrѴ;vķ��_;u;bm��;��v;�|_bv�ruo1;7�u;�|o�
1u;-|;�Ő-ő�bm|;u-mbl-Ѵ�r_�vb1-Ѵ�1om|-1|�m;|�ouhv�-m7�Ő0ő�-��bv�-Ѵ�1om|-1|�m;|�ouhĺ�
�77b|bom-ѴѴ�ķ�bm�1u;-|bm]�o�u�m;|�ouhvķ��;�;v|-0Ѵbv_�-mo|_;u�ruo1;7�u;�|o�-7f�v|�
7;=bmb|bomv�o=�ľ1om|-1|Ŀ�|o�-11o�m|�=ou�!$�"�rovb|bom-Ѵ�-11�u-1�ķ�;mv�ubm]�-ѴѴ�|u�;�
1om|-1|v�-u;�Ѵbh;Ѵ��1-r|�u;7�-m7�u;ru;v;m|;7�bm�o�u�m;|�ouhvĺ

ƒĺ� &vbm]�|_;�l;|_o7v�7;v1ub0;7�_;u;bm�-m7�|_;�-vvo1b-|;7�!�r-1h-];��;�_-�;�7;Ŋ
�;Ѵor;7ķ� 1-ѴѴ;7� contactķ� u;v;-u1_;uv� 1-m� 7;ub�;� roѴ�]omv� =uol� !$�"� robm|vĺ�
�u|_;ulou;ķ��;�v_o��|_-|�|_;v;�roѴ�]omv�-u;�_b]_Ѵ���;uv-|bѴ;�=ou�1om|-1|�m;|Ŋ
�ouh�1u;-|bom�-m7�1-m�0;��v;7�|o�-mv�;u�-��b7;��-ub;|��o=�;rb7;lboѴo]b1-Ѵķ�;|_oŊ
Ѵo]b1-Ѵķ�-m7�vo1boѴo]b1-Ѵ�u;v;-u1_�t�;v|bomvĺ

Ɠĺ� ���bm|uo7�1bm]�|_;v;�l;|_o7oѴo]b;v�-m7�ruo�b7bm]�|_;�l;-mv�|o�;-vbѴ��-rrѴ��|_;l�
|_uo�]_�|_;�contact�!�r-1h-];ķ��;�_or;�|o��-v|Ѵ��blruo�;�m;|�ouhŊlo7;Ѵ�u;-Ѵbvl�
-m7�u;v;-u1_;uvŝ�-0bѴb|��|o�7u-��bm=;u;m1;v�=uol�!$�"�7-|-ĺ

K E Y W O R D S

-mbl-Ѵ�0;_-�bouķ�0bo|;Ѵ;l;|u�ķ�1om|-1|�m;|�ouhķ�]Ѵo0-Ѵ�rovb|bombm]�v�v|;lķ�lo�;l;m|�
;1oѴo]�ķ�!�r-1h-];ķ�u-7bo�|;Ѵ;l;|u�ķ�u;-ѴŊ|bl;�Ѵo1-|bom



   

46 
 

ՊՍ Պ |�ՊƓƕƏƒFARTHING eT Al.

ƐՊ |Պ��$!�	&�$���

!;-ѴŊ|bl;�Ѵo1-|bom�v�v|;lv�Ő!$�"vő�-ѴѴo��=ou�vr-|b-Ѵ�rovb|bombm]�-m7�
|u-1hbm]� o=� -mbl-|;� -m7� bm-mbl-|;� o0f;1|v� bm� u;-Ѵ� |bl;� Ő�bķ� �_-mķ�
)om]ķ� ş� "hb|lou;ķ� ƑƏƐѵőĺ� 	-|-� v;|v� ];m;u-|;7� 0�� !$�"v� -u;� bmŊ
1u;7b0Ѵ�� �;uv-|bѴ;� -m7� 1-m�0;� �v;7� bm� 1omf�m1|bom��b|_� o|_;u� ];oŊ
]u-r_b1�7-|-�Ő;ĺ]ĺķ�u;lo|;Ѵ��v;mv;7�7-|-ő�|o�-mv�;u�-��b7;��-ub;|��o=�
;1oѴo]b1-Ѵ�u;v;-u1_�t�;v|bomv�r;u|-bmbm]�|o�bm7b�b7�-ѴŊ�-m7�ror�Ѵ-Ŋ
|bomŊѴ;�;Ѵ�-mbl-Ѵ�0;_-�bouv�Ő�-�vķ��uo=oo|ķ��;|�ķ�ş�)bh;Ѵvhbķ�ƑƏƐƔőĺ�
�u;�bo�v� v|�7b;v� _-�;� �v;7� !$�"� 7-|-� |o� 7u-�� bm=;u;m1;v� -0o�|�
Ő-ő� -mbl-Ѵvŝ� lo�;l;m|� vr;;7� -m7� |ou|�ovb|�� Ő�-v|bѴѴ;Ŋ!o�vv;-��
;|�-Ѵĺķ�ƑƏƐƖĸ��b�ķ�*�ķ�ş��b-m]ķ�ƑƏƐƔĸ�"1_b==m;uķ��_ul-mmķ�!;bl-mmķ�
ş�)bѴ|v1_hoķ�ƑƏƐѶőķ�Ő0ő�;m;u]��;�r;m7b|�u;v�Ő)bѴѴb-lv�;|�-Ѵĺķ�ƑƏƐƓőķ�
Ő1ő�_-0b|-|��v;�Ő�;;Ѵ;�ķ��;b;uķ�ş��-]momķ�ƑƏƐѵĸ�$_olvom�;|�-Ѵĺķ�ƑƏƐƕĸ�
$v-Ѵ��hķ��bѴb-mķ�!;bm;hbm]ķ�ş��-u1�vķ�ƑƏƐƖőķ�Ő7ő�v�u�b�-Ѵ�-m7�lou|-Ѵb|��
u-|;v�Ő�Ѵ--vv;m�;|�-Ѵĺķ�ƑƏƐƒőķ�Ő;ő�u;vromv;v�|o�;m�buoml;m|-Ѵ�v|bl�Ѵb�
Ő�-v|bѴѴ;Ŋ!o�vv;-�� ;|� -Ѵĺķ� ƑƏƐƖĸ� $v-Ѵ��h� ;|� -Ѵĺķ� ƑƏƐƖőķ� -m7� Ő=ő� bm|;uŊ
-1|bomv��b|_�o|_;u� bm7b�b7�-Ѵvķ�vr;1b=b1� Ѵo1-|bomvķ�ou�;m�buoml;m|-Ѵ�
v�0v|u-|;v�Ő�_;mķ�"-m7;uvomķ�)_b|;ķ��lubm;ķ�ş��-m�-vķ�ƑƏƐƒĸ��_;m�
ş� �-m�-vķ� ƑƏƐѵĸ� 	-�vomķ� -u|_bm]ķ� "-m7;uvomķ� ş� �-m�-vķ� ƑƏƐƖĸ�
"rb;];Ѵķ��;�ķ�"b_ķ�ş���ѴѴķ�ƑƏƐѵĸ�$_;�u;u�;|�-Ѵĺķ�ƑƏƐƑőĺ

$_;�lov|�=u�b|=�Ѵ�-u;-v�o=�!$�"�7-|-�-rrѴb1-|bom�_-�;�0;;m�7bvŊ
;-v;�;1oѴo]�� -m7�;rb7;lboѴo]�ĺ�(-ub-|bom� bm� 1om|-1|� bv� om;�o=� |_;�
lov|� blrou|-m|�7ub�;uv�o=�7bv;-v;� |u-mvlbvvbomĺ����t�-m|b=�bm]� bmŊ
|;u-mbl-Ѵ�-m7�;m�buoml;m|-Ѵ�Őbĺ;ĺķ�u;Ѵ-|bm]�|o�-0bo|b1�1olrom;m|v�o=�-�
]b�;m�-u;-ő�1om|-1|vķ�u;v;-u1_;uv�1-m�;�-lbm;�1om|-1|��-ub-|bom�-m7�
|_;� uoѴ;� |_-|� vo1b-Ѵ�0;_-�bou�-m7�vr-|b-Ѵ�ruo�blb|��_-�;� bm�v_-rbm]�
7bv;-v;�|u-mvlbvvbom�bm�v|�7��ror�Ѵ-|bomv�Ő�_;m�;|�-Ѵĺķ�ƑƏƐƒĸ�	-�vom�
;|� -Ѵĺķ� ƑƏƐƖĸ� �-uubvķ� �o_mvomķ� �1	o�]-Ѵ7ķ� ş� �;ou];ķ� ƑƏƏƕĸ� �;�ķ�
�-rr;Ѵ;uķ�ş���ѴѴķ�ƑƏƐƐĸ��;uv1_ķ��u;vrbķ�ş��;ѴѴ;uķ�ƑƏƐƒĸ��-]�ķܬ�hovķ�
�buoķ�ş�(b1v;hķ�ƑƏƐƏĸ�"rb;];Ѵ�;|�-Ѵĺķ�ƑƏƐѵőĺ�$_;�bm|;]u-|bom�o=�1om|-1|�
7-|-��b|_�m;|�ouh�-m-Ѵ�vbv�_-v�Ѵ;7�|o�bm1u;-v;7��m7;uv|-m7bm]�o=�|_;�
7ub�;uv�o=�1om|-1|�-m7�v�0v;t�;m|�7bv;-v;�|u-mvlbvvbom�Ő"bѴhķ��uo=|ķ�
	;Ѵ-_-�ķ��o7]vomķ��oo|vķ�;|�-Ѵĺķ�ƑƏƐƕĸ�"bѴhķ��uo=|ķ�	;Ѵ-_-�ķ��o7]vomķ�
);0;uķ� ;|� -Ѵĺķ� ƑƏƐƕőĺ��-uѴ���ouh�0���-l;7;ķ��-v_=ou7ķ��1�-ѴѴ�lķ�
-m7��om;v�ŐƑƏƏƖő�v_o�;7�|_-|�1om|-1|�-lom]�$-vl-mb-m�7;�bѴv��-uŊ
b;v�0;|�;;m�l-|bm]�-m7�moml-|bm]� v;-vomķ�0�|� -ѴѴ�l;l0;uv��;u;�
1omm;1|;7� bm� -� vbm]Ѵ;� 1olrom;m|ķ� l-hbm]� |_;� ror�Ѵ-|bom� _b]_Ѵ��
v�v1;r|b0Ѵ;�|o�7bv;-v;�vru;-7ĺ��77b|bom-Ѵ�v|�7b;v�_-�;�=�u|_;u�bm�;vŊ
|b]-|;7� |�r;v� o=� vo1b-Ѵ� 0;_-�bou� -m7�o|_;u� bm|;u-1|bomv� �m7;uѴ�bm]�
|u-mvlbvvbom�Ő�Ѵ�|omķ��-mhvķ��;-h-ѴѴķ��bm7;ml-�;uķ�ş��ou7omķ�ƑƏƐƓĸ�
"bѴhķ�	u;�;ķ�	;Ѵ-_-�ķ�ş�);0;uķ�ƑƏƐѶőĺ

!;1;m|�-7�-m1;v�bm�!$�"�|;1_moѴo]b;v�_-�;�ruo�b7;7�u;v;-u1_Ŋ
;uv��b|_�|_;�|ooѴv�|o�lou;�;-vbѴ�ķ�-11�u-|;Ѵ�ķ�-m7�1omvbv|;m|Ѵ��b7;m|b=��
�_;m�-m7�=ou�_o��Ѵom]�bm7b�b7�-Ѵv�-u;�bm�1om|-1|��b|_�om;�-mo|_;u�
Ő�-�v� ;|� -Ѵĺķ� ƑƏƐƔĸ��;uv1_� ;|� -Ѵĺķ� ƑƏƐƒĸ� �=;b==;u� ş� "|;�;mvķ� ƑƏƐƔĸ�
"|u-m70�u]Ŋ�;v_hbmķ�-ubm;ķ��o��bmķ�ş��uo=oo|ķ�ƑƏƐƔőĺ�!;-ѴŊ|bl;�ѴoŊ
1-|bom�v�v|;lv�0-v;7�om�u-7boŊ=u;t�;m1�� b7;m|b=b1-|bom� Ő!�	ő�-m7�
]Ѵo0-Ѵ�rovb|bombm]�v�v|;l�Ő��"ő�|;1_moѴo]b;v�-u;�0;1olbm]�bm1u;-vŊ
bm]Ѵ�� -11�u-|;ķ��b|_� rovb|bom-Ѵ� -11�u-1b;v� o=|;m�ƺƑ�l� Ő�_;m� ;|� -Ѵĺķ�
ƑƏƐƒĸ�	-�vom�;|�-Ѵĺķ�ƑƏƐƖĸ��bm]�;|�-Ѵĺķ�ƑƏƐƑĸ�"1_b==m;u�;|�-Ѵĺķ�ƑƏƐѶőķ�
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-mbl-Ѵ�1om|-1|�m;|�ouh�lo7;Ѵbm]�bv�0;1olbm]�bm1u;-vbm]Ѵ��1ollom�
Ő�u-�v;�;|�-Ѵĺķ�ƑƏƐƒĸ�)_b|;ķ�ou;v|;uķ�ş��u-=|ķ�ƑƏƐƕőĺ��m�|_;v;�m;|�ouh�
lo7;Ѵvķ�mo7;v�Ő;ĺ]ĺķ�bm7b�b7�-Ѵv�-m7�vr;1b=b1�Ѵo1-|bomvő�-u;�1omm;1|;7�
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�_;u;�|_;�|u-1hbm]�7;�b1;�robm|�Ѵo1-|bom�;�bv|v�om�|_;�bm7b�b7�-Ѵŝv�0o7�ĺ�Ő0ő�	;v1ub0;�|_;�Ѵo1-|bom�o=�;-1_��;u|;��bm�|_;�7;vbu;7��;u|;��v;|�
u;Ѵ-|b�;�|o�|u-1hbm]�7;�b1;�Ѵo1-|bomĺ��;u;ķ��;��v;��;u|;��Ɛ�-v�-�vr;1b=b1�;�-lrѴ;ĺ�Ő1ő�&vbm]�|_;�u;Ѵ-|b�;�Ѵo1-|bom�bm=oul-|bom�-v1ub0;7�|o�;-1_�
�;u|;��bm�|_;�rѴ-m-u�lo7;Ѵķ�bm|;uroѴ-|;�;lrbub1-Ѵ��;u|;��1oou7bm-|;v

$���� �ƐՊ�Ѵovv-u��o=�|;ulv��v;7�bm�{polyi}�7;ub�-|bom

Notation Definition

{loci} ��v;|�1om|-bmbm]�-ѴѴ�Őxķ�yőŊ1oou7bm-|;�r-buv�7;v1ub0bm]�u;-ѴŊ|bl;�Ѵo1-|bomv�o=�bm7b�b7�-Ѵ�i�o0v;u�;7�7�ubm]�|_;�v|�7��r;ubo7ĺ

locit 	;mo|;v�-�vbm]Ѵ;�Őxķ�yőŊ1oou7bm-|;�r-bu�Őbĺ;ĺķ�Őxlocitķ�ylocitőő��b|_bm�{loci}�7;v1ub0bm]�|_;�Ѵo1-|bom�o=�bm7b�b7�-Ѵ�i�-|�|bl;�t.

i �7;m|b=b;v�vr;1b=b1�bm7b�b7�-Ѵv��_ov;�Ѵo1-|bomv�-u;�ru;v;m|;7�bm�-�]b�;m�u;-ѴŊ|bl;�Ѵo1-|bom�7-|-�v;|ĺ�$-h;v��-Ѵ�;v�Ɛ�|o�n.

t �7;m|b=b;v�vr;1b=b1�|bl;�robm|v�u;ru;v;m|;7�bm�-�]b�;m�u;-ѴŊ|bl;�Ѵo1-|bom�7-|-�v;|ĺ�$-h;v��-Ѵ�;v�Ɛ�|o�T.

T $_;�|o|-Ѵ�m�l0;u�o=��mbt�;�|bl;�robm|v�ru;v;m|;7�bm�-�]b�;m�u;-ѴŊ|bl;�Ѵo1-|bom�7-|-�v;|ĺ

ŔVit} ��v;|�1om|-bmbm]�|_;�Őxķ�yőŊ1oou7bm-|;�r-buv�o=��;u|b1;v�|_-|�7;=bm;�roѴ�itĺ��ѴѴ��;u|b1;v��b|_bm�-�]b�;m�ŔVitŕ�-u;�7;ub�;7�=uol�-�vbm]Ѵ;�
robm|ķ�Ѵo1it.

Vitl 	;mo|;v�-�vbm]Ѵ;�Őxķ�yőŊ1oou7bm-|;�r-bu�Őbĺ;ĺķ�Őxitlķ�yitlőő��b|_bm�ŔVit}.

l �7;m|b=b;v��mbt�;��;u|b1;v�1om|-bm;7�bm�;-1_�ŔVitŕĺ�$-h;v��-Ѵ�;v�Ɛ�|o�L.

L �m�bm|;];u�ƾ�ƒ�7;v1ub0bm]�|_;�Ѵ;m]|_�o=�ŔVit}.

roѴ�it �u;-�1om|-bm;7��b|_bm��;u|b1;v�7;v1ub0;7�bm�ŔVit}|L.

loci! $_;�lov|Ŋu;1;m|�ru;�bo�vѴ��u;rou|;7�Ѵo1-|bom�=ou�bm7b�b7�-Ѵ�i��b|_�-�7b==;u;m|�Őxķ�yőŊ1oou7bm-|;�r-bu�|_-m�Ѵo1it�Őbĺ;ĺķ�!! t!1őĺ

!it �=�]�uov1orb1�7-|-�-u;�-�-bѴ-0Ѵ;Ĺ�|_;�o0v;u�;7�-m]Ѵ;�o=�lo�;l;m|�u;rou|;7�0��-�]�uov1orb1�l;-v�u;l;m|�7;�b1;�Ő;ĺ]ĺķ�]�uov1orb1�
-11;Ѵ;uol;|;uő�-|�|bl;�t.
�=�mo�]�uov1orb1�7-|-�-u;�-�-bѴ-0Ѵ;Ĺ�|_;�-0voѴ�|;�-m]Ѵ;�o=�Ѵbm;�loci!locit�l;-v�u;7�=uol�-�_oub�om|-Ѵ�-�bv�bm|;uv;1|bm]�loci!.

loc
!
it

�m�Őxķ�yőŊ1oou7bm-|;�r-bu�bm�-�rѴ-m-u�lo7;Ѵĸ�bm7b1-|;v�|_;�Ѵo1-|bom�o=�Ѵo1it�om�bm7b�b7�-Ѵ�i�-|�|bl;�t.

loc
!
i!

$_;�rѴ-m-uŊlo7;Ѵ�1o�m|;ur-u|�|o�loci!ĸ�7;v1ub0;v�-m�-vv�l;7�Ѵo1-|bom�o=�loc
!
it
�-|�|bl;�!ķ�-m7�bv��v;7�|o�b7;m|b=��|_;�-m]�Ѵ-u�oub;m|-|bom�

o=�|_;�lo7;Ѵ;7�bm7b�b7�-Ѵĺ

{V!
it
} ��v;|�1om|-bmbm]�|_;�Őxķ�yőŊ1oou7bm-|;�r-buv�o=��;u|b1;v�7;v1ub0;7�bm�-�rѴ-m-u�lo7;Ѵĸ�bm7b1-|;v��_;u;��;u|b1;v�v_o�Ѵ7�;�bv|�u;Ѵ-|b�;�|o�

loc
!
it
.

V!
itl 	;mo|;v�-�vbm]Ѵ;�Őxķ�yőŊ1oou7bm-|;�r-bu�Őbĺ;ĺķ�Őx!

itl
ķ�y!

itl
őő��b|_bm�

!
V!
it

"
.

!! $_;�rѴ-m-uŊlo7;Ѵ�1o�m|;ur-u|�|o�!ĸ�7;v1ub0;v�|_;�-0voѴ�|;�-m]Ѵ;�o=�Ѵbm;�loc!
i!
loc

!
it
�l;-v�u;7�=uol�-�_oub�om|-Ѵ�-�bv�bm|;uv;1|bm]�loc!

i!
.

distitl $_;���1Ѵb7;-m�7bv|-m1;�0;|�;;m�locit�-m7�Vitl.

!!
l $_;�-0voѴ�|;�-m]Ѵ;�o=�Ѵbm;�V!

itl
loc

!
it
�l;-v�u;7�=uol�-�_oub�om|-Ѵ�-�bv�bm|;uv;1|bm]�loc!

it
.
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�;u|;�őĺ��m1;��;�hmo��|_;�7bv|-m1;�0;|�;;m�Ѵo1it�-m7�|_;��;u|;��o=�
bm|;u;v|ķ��;�1-m�Ő1ő�b7;m|b=��Őxķ�yőŊ1oou7bm-|;�r-buv�|_-|�Ѵb;�7bv|itl�rѴ-m-u�
�mb|v�Ő;ĺ]ĺķ�l;|;uvő�=uol�Ѵo1it�bm�-�360

!! (!" ! (""
l
+!it))�1o�m|;uŊ1Ѵo1hŊ

�bv;� 7bu;1|bom� u;Ѵ-|b�;� |o� -� _oub�om|-Ѵ� -�bv� bm|;uv;1|bm]� Ѵo1it 
Őb]�u;�Ƒ1őĺ�$_bv�bv�|_;�|u-mv=oul-|bomĺ�Ő7ő�!;r;-|�v|;rv�Ƒ�-m7�ƒ�=ou�
;-1_��;u|;��l.

�m�|_;�-0o�;�=oul�Ѵ-ķ�!!
l
�bv�|_;�-0voѴ�|;�-m]Ѵ;�o=�Ѵbm;�V!

itl
loc!

it
�l;-Ŋ

v�u;7�=uol�-�_oub�om|-Ѵ�-�bv�bm�loc!
it
ĺ�$_;��-ub-0Ѵ;�!it�bv�|_;�o0v;u�;7�

-m]Ѵ;�o=�lo�;l;m|�u;rou|;7�0��-�]�uov1orb1�l;-v�u;l;m|�7;�b1;�
Ő;ĺ]ĺķ�]�uov1orb1�-11;Ѵ;uol;|;uő�-|� |bl;�t�-m7�-ѴѴo�v��v�|o�-11o�m|�
=ou�1_-m];v�bm�|_;�oub;m|-|bom�o=�-mbl-Ѵvŝ�0o7b;v�-||ub0�|;7�|o�lo�;Ŋ
l;m|��_bѴ;�h;;rbm]�!!

l
�=b�;7ĺ��m1ourou-|bm]�|_bv��-ub-0Ѵ;�bm|o�|_;�ŔVit} 

7;ub�-|bom�=oul�Ѵ-�;mv�u;v�|_-|�ŔroѴ�iŕ�-rruorub-|;Ѵ��u;ru;v;m|v�-mŊ
bl-Ѵvŝ�r_�vb1-Ѵ�oub;m|-|bom� Őbĺ;ĺķ��_-|�7bu;1|bom�|_;�� =-1;�-|� |bl;� tőķ�
�_b1_�l-��1_-m];�0;|�;;m�|bl;v�t�-m7�t�Ƴ�Ɛĺ��m�l-m��1-v;vķ�!it�l-��
0;� �mhmo�mĺ� ou� ;�-lrѴ;ķ� b=� ]�uov1orb1� -m7� !$�"� 7-|-��;u;� mo|�
1oѴѴ;1|;7�1om1�uu;m|Ѵ��Ő;ĺ]ĺķ�-mbl-Ѵv��;u;�o�|=b||;7��b|_���"�|u-mvŊ
lb||;uvķ�0�|�mo|�]�uov1orb1�-11;Ѵ;uol;|;uvőķ�u;v;-u1_;uv��o�Ѵ7�mo|�
bm|ubmvb1-ѴѴ��hmo��-mbl-Ѵvŝ�oub;m|-|bomvĺ��m�|_;v;�1-v;vķ�!it�1-m�0;�;vŊ
|bl-|;7�0��1-Ѵ1�Ѵ-|bm]�|_;�-0voѴ�|;�-m]Ѵ;�o=�Ѵbm;�loci!locit�l;-v�u;7�
=uol�-�_oub�om|-Ѵ�-�bv�bm|;uv;1|bm]�loci!ķ�|_;�lov|Ŋu;1;m|�ru;�bo�vѴ��
u;rou|;7� Ѵo1-|bom� =ou� bm7b�b7�-Ѵ� i��b|_� -�7b==;u;m|� Őxķ�yőŊ1oou7bm-|;�
r-bu�|_-m�Ѵo1it�Őbĺ;ĺķ�!! t!1őĺ�$_;��-ub-0Ѵ;�!!�bv�|_;�rѴ-m-uŊlo7;Ѵ�1o�mŊ
|;ur-u|�|o�!it�-m7�7;v1ub0;v�|_;�v_-r;ŝv�oub]bm-Ѵ�oub;m|-|bomĺ

ƑĺƐĺƑՊ|Պ�vv�lr|bomv�-m7�Ѵblb|-|bomv�o=�
polygon derivation

$_;u;� -u;� -� 1o�rѴ;� Ѵblb|-|bomv� |_-|� u;v;-u1_;uv�l�v|� |-h;� bm|o� -1Ŋ
1o�m|��_;m��vbm]�|_bv�ruo1;7�u;ĺ�buv|Ѵ�ķ��_;m�7;ub�bm]�roѴ�]om��;uŊ
|b1;v�=uol�!$�"�robm|vķ�u;v;-u1_;uv�l�v|�f�v|b=��_o��roѴ�]omv�u;Ѵ-|;�
|o�u;-ѴŊ�ouѴ7�r_�vb1-Ѵ�vr-1;�0��1Ѵ;-uѴ��;�rѴ-bmbm]�u-|bom-Ѵ;v�=ou�roѴ�Ŋ
]omvŝ�v_-r;vķ�vb�;vķ�-m7�0;_-�bouvĺ��v�ru;�bo�vѴ��mo|;7ķ�-u;-v�u;rŊ
u;v;m|;7�0��roѴ�]omv�-u;�ub]b7�-m7�u;v|ub1|;7�|o�v_-r;v�7;v1ub0;7�bm�
rѴ-m-u�lo7;Ѵvĺ�$_o�]_�|_;v;�v_-r;v�1-m�0;��r7-|;7�o�;u�|bl;ķ�|o�;ѴŊ
;�-|;�|_;�Ѵbh;Ѵb_oo7�|_-|�roѴ�]omv�|u�Ѵ��u;ru;v;m|�u;-ѴŊ�ouѴ7�vr-|b-Ѵ�
=;-|�u;vķ�o�u�roѴ�]om�7;ub�-|bom�l;|_o7oѴo]��bv�0;v|��v;7�|o�lo7;Ѵ�
vr-1;��b|_�m;�;uŊ1_-m]bm]�ou�bm=u;t�;m|Ѵ��1_-m]bm]�7bl;mvbomvĺ�ou�
;�-lrѴ;ķ�0;1-�v;�|_;�vb�;�-m7�v_-r;�o=�-�0-0oomŝv�0o7��=u;t�;m|Ѵ��
1_-m];v�0-v;7�om� b|v� -1|b�b|b;v� Ő;ĺ]ĺķ��-Ѵhbm]�0-0oomv� -u;�t�-7u�Ŋ
r;7-Ѵķ�0�|�|_;��o=|;m�vb|�om�|_;bu�_-�m1_;v��_;m�v|-|bom-u�őķ��vbm]�
o�u� l;|_o7oѴo]�� |o� 1u;-|;� roѴ�]omv� u;ru;v;m|-|b�;� o=� 0-0oomvŝ�
r_�vb1-Ѵ�0o7b;v�l-��ruo7�1;�bm-11�u-|;�u;v�Ѵ|vĺ��om�;uv;Ѵ�ķ�-v��mŊ
]�Ѵ-|;vŝ�0o7��v_-r;v�-m7�vb�;v�-u;�];m;u-ѴѴ���m1_-m]bm]�o�;u�v_ou|�
|bl;� r;ubo7vķ� �_;m� lo7;Ѵbm]� |_;v;� vr;1b;vķ� �;� 1-m� 0;� u;Ѵ-|b�;Ѵ��
1om=b7;m|�|_-|�roѴ�]omv�];m;u-|;7��vbm]�o�u�l;|_o7oѴo]��1omvbv|Ŋ
;m|Ѵ�� u;=Ѵ;1|� u;-ѴŊ�ouѴ7� r_�vb1-Ѵ� vr-1;ĺ� $_bv� bv� mo|� |o� v-�� |_-|� o�u�
l;|_o7oѴo]��1-mmo|�0;��v;7� |o�lo7;Ѵ� u;]�Ѵ-uѴ�� 1_-m]bm]� v_-r;vķ�
_o�;�;uĺ� �m� |_;v;� 1-v;vķ� u;v;-u1_;uv� l�v|� �|bѴb�;� l�Ѵ|brѴ;� rѴ-m-u�
lo7;Ѵv�Őbĺ;ĺķ�om;�=ou�;-1_�vr-|b-Ѵ�=oulőķ�7;|;ulbm;�1ub|;ub-�=ou�v�b|1_Ŋ
bm]�0;|�;;m�|_;l�Ő;ĺ]ĺķ��v;�om;�lo7;Ѵ��_;m�-mbl-Ѵv�-u;�o0v;u�;7�
lo�bm]�vѴo�;u�|_-m�-�vr;1b=b;7�vr;;7ķ�-m7�-mo|_;u��_;m�|_;bu�vr;;7�

;�1;;7v�|_;�v|-|;7�Ѵblb|őķ�-m7�-11;r|�|_-|�|_;�-77;7�1olrѴ;�b|��o=�
|_;�v�v|;l�l-��bm1u;-v;�ubvh�o=�;uuom;o�v�bm=;u;m1;ĺ

";1om7Ѵ�ķ� bm� |_;� -0v;m1;� o=� r-bu;7� ]�uov1orb1� 7-|-ķ� �_;m� !it 
l�v|� 0;� ;v|bl-|;7ķ� �;� l�v|� l-h;� =o�u� -vv�lr|bomv� |o� -11o�m|�
=ou�7bu;1|bom-Ѵb|�� 1_-m];v�-vvo1b-|;7��b|_�-mbl-Ѵ�lo�;l;m|��_bѴ;�
l-bm|-bmbm]� rovb|bom-Ѵ� u;Ѵ-|bomv_brv� 0;|�;;m�

!
Vit

"
� -m7� locit. First 

-m7�=ou;lov|ķ�Ő-ő��;�-vv�l;�|_-|�!$�"�=b��bm|;u�-Ѵv�-u;�v�==b1b;m|Ѵ��
vl-ѴѴ�-m7�-ѴѴo��!$�"v�|o�1-r|�u;�-ѴѴ�1_-m];v�bm�-mbl-Ѵvŝ�lo�;l;m|�
7bu;1|bom� Őbĺ;ĺķ�-mbl-Ѵv�7o�mo|�=-1;��mhmo�m�7bu;1|bomv� bmŊ0;|�;;m�
=b�� bm|;u�-Ѵvőĺ� $_;�lbmbl�l� u;t�bu;7� |;lrou-Ѵ� u;voѴ�|bom��bѴѴ� �-u��
0-v;7�om�|_;�v�v|;l�0;bm]�lo7;Ѵ;7ĺ�ou�;�-lrѴ;ķ�b=�lo7;Ѵbm]�-m�-mŊ
bl-Ѵ�|_-|�bv�Ѵ-u];Ѵ��v;vvbѴ;�-m7�vѴo��lo�bm]ķ��;�l-��-vv�l;�|_-|�ƐƏŊ
lbm� =b�� bm|;u�-Ѵv� -u;� v�==b1b;m|� =ou� 1-r|�ubm]�lo�;l;m|�7bu;1|bomvĺ�
)_;m� lo7;Ѵbm]� =u;t�;m|Ѵ�� lo�bm]� -mbl-Ѵvķ� _o�;�;uķ� v�0Ŋlbm�|;�
=b�� bm|;u�-Ѵv� -u;� Ѵbh;Ѵ�� u;t�bu;7� |o� 1-r|�u;� -ѴѴ� 7bu;1|bom-Ѵ� 1_-m];vĺ�
�77b|bom-ѴѴ�ķ�Ő0ő�0;1-�v;��;�u;Ѵ��om�o0v;u�;7�-mbl-Ѵ�lo�;l;m|v�|o�
7;=bm;�!itķ��;�1-mmo|�hmo���_b1_�7bu;1|bom�-mbl-Ѵv�-u;�=-1bm]��m|bѴ�
|_;�=buv|�u;Ѵo1-|bom�;�;m|�o11�uvĺ�$_�vķ��;�1-mmo|�1u;-|;�roѴ�]omv�
u;ru;v;m|-|b�;� o=� -mbl-Ѵvŝ� r_�vb1-Ѵ� oub;m|-|bomv� -|� |_;� =buv|� |bl;�
robm|ķ�ou�-m��|bl;�robm|v�0;=ou;�u;Ѵo1-|bomv�o11�u�Őbĺ;ĺķ�bm�polyitķ�t!2őĺ�
�u|_;ulou;ķ�Ő1ő��;�-vv�l;�|_-|�bm7b�b7�-Ѵv�omѴ��lo�;�=ou�-u7�-m7�
bm�-�v|u-b]_|�Ѵbm;ķ�-v�bv�1ollom�ru-1|b1;��_;m�1-Ѵ1�Ѵ-|bm]�l-m��r-|_Ŋ
0-v;7�lo�;l;m|�l;|ub1v�Ő;ĺ]ĺķ�-m]Ѵ;�o=�lo�;l;m|�-m7�v|;r�Ѵ;m]|_ĸ�
�bѴѴ;uķ�ƑƏƐƔőĺ�bm-ѴѴ�ķ� Ő7ő��_;m�1u;-|bm]�roѴ�]omv�u;ru;v;m|-|b�;�o=�
vr-1;�o11�rb;7�0��-mbl-Ѵvŝ�0o7b;vķ��;�-vv�l;�|_-|��_;m�|_;�Ѵ;m]|_�
o=�Ѵbm;�loci(t!1)locit�bv�0;Ѵo��-�1;u|-bm�|_u;v_oѴ7�Ő;ĺ]ĺķ�ƏĺƐ�lőķ�bm7b�b7�Ŋ
-Ѵvŝ�r_�vb1-Ѵ�Ѵo1-|bomv�-m7�oub;m|-|bomv�u;l-bm��m1_-m];7ĺ�$_bv�blŊ
lo0bѴb|��|_u;v_oѴ7�-ѴѴo�v��v�|o�7bv1o�m|�oub;m|-|bom�1_-m];v�7�;�|o�
o0v;u�;7�lo�;l;m|v�vo�lbmbv1�Ѵ;�|_-|�|_;�l-foub|��o=�|_;�lo7;Ѵ;7�
r_�vb1-Ѵ�vr-1;�bv�Ѵbh;Ѵ���m-==;1|;7�Ő;ĺ]ĺķ�_;-7�v_-hbm]őķ�ou�lo�;l;m|v�
1-�v;7�0��bm-11�u-|;�!$�"�u;rou|bm]ĺ

ƑĺƑՊ|Պ�;|�ouh�1u;-|bom

ƑĺƑĺƐՊ|Պ	-|-�v;|v

�m� |_;� =oѴѴo�bm]� v�0v;1|bomvķ� �;� ];m;u-|;� 7bu;1|� 1om|-1|� Őv;;�
";1|bom�Ƒĺƒĺƒő�-m7��bv�-Ѵ�1om|-1|�Őv;;�";1|bom�ƑĺƒĺƓő�m;|�ouhv��vbm]�
|�o�ru;�bo�vѴ��r�0Ѵbv_;7�!$�"Ŋ];m;u-|;7�7-|-�v;|vķ��_b1_��;�u;=;u�
|o�-v�calves�-m7�baboonsĺ��;b|_;u�o=�|_;v;�7-|-�v;|v�bm1Ѵ�7;�-m��]�Ŋ
uov1orb1�bm=oul-|bom�-0o�|�-mbl-Ѵvŝ�lo�;l;m|vĺ�$_;u;=ou;ķ�-v�r-u|�
o=�|_;�roѴ�]om�7;ub�-|bom�ruo1;7�u;ķ��;�;v|bl-|;7�!it��-Ѵ�;v��vbm]�
|_;�ru;�bo�vѴ��7;v1ub0;7�1-Ѵ1�Ѵ-|bom�-m7�-11;r|;7�|_;�-vvo1b-|;7�-vŊ
v�lr|bomv�-m7�Ѵblb|-|bomvĺ

�m�-�ru;�bo�v�r-r;u�Ő	-�vom�;|�-Ѵĺķ�ƑƏƐƖőķ��;�r�0Ѵbv_;7�|_;�calves 
7-|-�v;|ķ��_b1_�1om|-bmv�!$�"�7-|-�=ou�n�Ʒ�ƕƏ�0;;=�1-||Ѵ;�ŐBos tau-
ruső� 1-Ѵ�;v� 1om=bm;7� bm� -� =;;7Ѵo|� r;mĺ� �-Ѵ�;v� �;u;� -rruo�bl-|;Ѵ��
ƐĺƔ��;-uv�oѴ7��b|_�;v|bl-|;7�ƐĺƔŊl�mov;Ŋ|oŊ|-bѴ� Ѵ;m]|_v�-m7�ƏĺƔŊl�
v_o�Ѵ7;u��b7|_vĺ�	-|-��;u;�o0|-bm;7��vbm]�-�u-7bo�|;Ѵ;l;|u�Ŋ0-v;7�
!$�"ķ��_;u;�ƖƏѷ�o=�robm|v�=;ѴѴ��b|_bm�ƼƏĺƔ�l�o=�bm7b�b7�-Ѵvŝ�|u�;�ѴoŊ
1-|bomvķ�-|�-�|;lrou-Ѵ�u;voѴ�|bom�o=�ƔŋƐƏ�v�Őbĺ;ĺķ�=b�;v�=ou�;-1_�bm7b�b7Ŋ
�-Ѵ��;u;�o0|-bm;7�;�;u��ƔŋƐƏ�vő�om�Ƒ��-��ƑƏƐѵĺ�$o�v|-m7-u7b�;�|_;�
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|;lrou-Ѵ�u;voѴ�|bom�o=�|_bv�7-|-�v;|�-|�ƐƏ�vķ��;�vloo|_;7�bm7b�b7�-Ѵvŝ�
lo�;l;m|�r-|_v� Őbĺ;ĺķ� o0v;u�;7� 1omv;1�|b�;� u;Ѵo1-|bomvő� �vbm]� |_;�
l;|_o7oѴo]���;�ru;�bo�vѴ��7;v1ub0;7�bm�	-�vom�;|�-Ѵĺ�ŐƑƏƐƖőķ�-m7�
0��7obm]�vo��;�o0|-bm;7�Őxķ�yő�1oou7bm-|;v�u;ru;v;m|-|b�;�o=�bm7b�b7Ŋ
�-Ѵvŝ�-�;u-];�Ѵo1-|bom�-|�;-1_�ƐƏŊv�bm|;u�-Ѵ�bm�|_;�v|�7��r;ubo7ĺ

$_;� baboons� 7-|-� v;|ķ� 1oѴѴ;1|;7� 0�� "|u-m70�u]Ŋ�;v_hbm� ;|� -Ѵĺ�
ŐƑƏƐƔő�-m7�l-7;�r�0Ѵb1Ѵ��-�-bѴ-0Ѵ;�bm�|_;��o�;0-mh�	-|-�!;rovb|ou��
Ő�uo=oo|ķ��-�vķ�ş�)bh;Ѵvhbķ�ƑƏƐƔőķ�1om|-bmv�];o]u-r_b1�Ѵo1-|bomv�Őbĺ;ĺķ�
Ѵom]b|�7;� -m7� Ѵ-|b|�7;� 1oou7bm-|;� r-buvő� o=� n� Ʒ� Ƒѵ� oѴb�;� 0-0oomv�
ŐPapio anubiső� Ѵb�bm]� bm� -� vbm]Ѵ;� |uoor� o=� Ɠѵ� bm7b�b7�-Ѵvĺ�	-|-��;u;�
1oѴѴ;1|;7� 0;|�;;m� Ɛ� ��]�v|� -m7� ƐƓ� ��]�v|� ƑƏƐƑ� 7�ubm]� 7-�|bl;�
_o�uv�Őbĺ;ĺķ�0;|�;;m�ƏƒĹƏƏĹƏƏ�-m7�ƐƓĹƔƖĹƔƖ�&$�ő��vbm]���"�1oѴѴ-uvķ�
�b|_�ƹƐŊv� =b�� bm|;u�-Ѵv� -m7�-� u;rou|;7�-�;u-];�-11�u-1��o=�ƏĺƑѵ�l�
Ő"|u-m70�u]Ŋ�;v_hbm�;|�-Ѵĺķ�ƑƏƐƔőĺ�$o�u;lo�;�0-0oom�1-r|�u;Ŋ�-m7�
_-m7Ѵbm]Ŋbm7�1;7� bm=Ѵ�;m1;v� =uol� |_;� 7-|-ķ� �;� u;lo�;7� |_;� =buv|�
-m7�Ѵ-v|�7-�v�o=�7-|-�bm�baboonsĺ��77b|bom-ѴѴ�ķ��;�u;lo�;7�|_;�=buv|�
-m7�Ѵ-v|�_o�uv�=uol�;-1_�7-��bm�|_;�7-|-�v;|�Őbĺ;ĺķ�ƏƒĹƏƏĹƏƏŋƏƒĹƔƖĹƔƖ�
&$�� -m7�ƐƓĹƏƏĹƏƏŋƐƓĹƔƖĹƔƖ�&$�őĺ�);�7b7� |_bv� 0;1-�v;� |_;� m�lŊ
0;u�o=�bm7b�b7�-Ѵv�o0v;u�;7�7�ubm]�;-1_�v;1om7�o=�|_;v;�_o�uv��-v�
_b]_Ѵ�� �-ub-0Ѵ;ķ� -m� ;==;1|� ro|;m|b-ѴѴ�� 1-�v;7� 0�� |u-1hbm]� 7;�b1;v�
ro�;ubm]�omņo==�-|�7b==;u;m|�u-|;v�7�ubm]�|_;v;�r;ubo7vĺ�bm-ѴѴ�ķ��;�
v|-m7-u7b�;7�|_;�|;lrou-Ѵ�u;voѴ�|bom�o=�o�u�v�0v;|�-|�ƐŊv�=b�� bm|;uŊ
�-Ѵv�0��vloo|_bm]�bm7b�b7�-Ѵvŝ�7-bѴ��lo�;l;m|�r-|_v�Ő	-�vom�;|�-Ѵĺķ�
ƑƏƐƖőĺ�$_�vķ��;��;u;�-0Ѵ;�|o�1u;-|;�-�baboons�v�0v;|�1om|-bmbm]�Ƒƒ�
-mbl-Ѵvŝ�];o]u-r_b1�Ѵo1-|bomv�-|�ƐŊv�=b��bm|;u�-Ѵv�0;|�;;m�ƏƓĹƏƏĹƏƏ�
-m7�ƐƒĹƔƖĹƔƖ�&$��=uol�Ƒ���]�v|�|o�Ɛƒ���]�v|�ƑƏƐƑĺ�);��v;7�|_bv�
v�0v;|�=ou�roѴ�]om�7;ub�-|bom�-m7�v�0v;t�;m|�m;|�ouh�1u;-|bomĺ��v�
o�u�roѴ�]om�7;ub�-|bom�l;|_o7oѴo]��u;t�bu;v�-mbl-Ѵvŝ� Ѵo1-|bomv�|o�
0;�;�ru;vv;7�-v�rѴ-m-u�1oou7bm-|;vķ��;�|u-mv=oul;7�|_;�7-|-��vbm]�
-m�-�bl�|_-Ѵ�;t�b7bv|-m|�ruof;1|bom�1;m|;u;7�om� |_;�7-|-�1;m|uob7�
Ő�-ulou;ķ�ƐƖƖƐőĺ

ƑĺƑĺƑՊ|Պ�uo1;vvbm]�vo=|�-u;

$o� vblrѴb=�� roѴ�]om� 7;ub�-|bom� -m7� m;|�ouh� 1u;-|bomķ� �;� 7;�;ѴŊ
or;7�|_;�contact�r-1h-];�=ou�!�Ő�ĺ�ƒĺѵĺƏķ�!�o�m7-|bom�=ou�"|-|bv|b1-Ѵ�
�olr�|bm]őĺ� $_bv� r-1h-];� bv� -�-bѴ-0Ѵ;� =ou� 7o�mѴo-7�om� |_;��!���
u;rovb|ou��-m7��-v�vr;1b=b1-ѴѴ��0�bѴ|�|o�ruo1;vv�vr-|bo|;lrou-Ѵ�7-|-�
bm|o�robm|Ŋ�ou�roѴ�]omŊ0-v;7�1om|-1|�-m7�vo1b-Ѵ�m;|�ouhv�Őb]�u;�ƒőĺ�
�|�1om|-bmv�ƑƏ�Ƴ� =�m1|bomv� =ou�1Ѵ;-mbm]ķ� bm|;uroѴ-|bm]ķ� u-m7olb�bm]ķ�
-m7�1u;-|bm]�m;|�ouhv�=uol�vr-|bo|;lrou-Ѵ�7-|-ķ�-m7�|_;�rubm1br-Ѵ�
=�m1|bomv�-u;�0ub;=Ѵ��7;v1ub0;7�bm�$-0Ѵ;�Ƒĺ��ѴѴ�!$�"�7-|-�ruo1;vvbm]�
�-v�1-uub;7�o�|�bm�!��vbm]�!"|�7bo�Ő�ĺ�ƐĺƐĺƓѵƒķ�!"|�7bo�$;-lőķ��|bѴb�;7�
contact�=�m1|bomvķ�-m7�bv�7;v1ub0;7�bm��rr;m7b1;v�"Ɛ�-m7�"Ƒĺ

ƑĺƑĺƒՊ|Պ	bu;1|�1om|-1|�m;|�ouh�1u;-|bom

);� hmo�� |_-|� bm� -mbl-Ѵ� ror�Ѵ-|bomvķ� vo1b-Ѵ� bm|;u-1|bomv� 1-m� bmŊ
1u;-v;� |_;� ubvh� o=� r-|_o];m� |u-mvlbvvbom� �b|_bm� 7�-7v� Ő	u;�;ķ�
ƑƏƐƏĸ��Ѵ�|om�;|�-Ѵĺķ�ƑƏƐƓőĺ� �m�-mbl-Ѵ�ruo7�1|bom�v�v|;lvķ�;m|;ub1�
r-|_o];mv� Ő;ĺ]ĺķ�E. coli� -m7�Salmonella vrrĺő� -u;�o=|;m�ru;v;m|�om�
-mbl-Ѵvŝ� _b7;vķ� �_;u;� |_;�� 1-m� 0;� 7bu;1|Ѵ�� |u-mvlb||;7� |o� _ov|v�
7�ubm]� vo1b-Ѵ� bm|;u-1|bomv� ou� 0�lrbm]� Ő�;;m� ş� �Ѵ7;uķ� ƑƏƏƑĸ�
�-v|-vbfb�;1ķ� �b|uo�b1ķ� ş� ��m1b1ķ� ƑƏƐƒĸ� (bѴѴ-uu;-ѴŊ"bѴ�-� ;|� -Ѵĺķ�
ƑƏƐѵőĺ��;1-�v;�vo1b-Ѵ�u;Ѵ-|bomv_brv�0;|�;;m�1-||Ѵ;�=u;t�;m|Ѵ��bmŊ
�oѴ�;� bm1u;-v;7� r_�vb1-Ѵ� 1om|-1|v� 0;|�;;m� 7�-7�l;l0;uv� Ő;ĺ]ĺķ�
]uoolbm]ķ�lo�m|bm]ķ�-m7�0�||bm]ĸ��b00omvķ��-�u;m1;ķ�ş��-vh;ѴѴķ�
ƑƏƏƖĸ��ou�-|_�ş��bѴѴ;uŊ�o�v_omķ�ƑƏƐƖĸ��-1�-�ķ�$�um;uķ���vѴorķ�
	;-]ķ�ş��-vh;ѴѴķ�ƑƏƐƒőķ� |_;u;� bv� Ѵbh;Ѵ��-m� bm1u;-v;7�ubvh�=ou�_b7;Ŋ
|oŊ_b7;� ou� _b7;Ŋ|oŊlo�|_� r-|_o];m� |u-mv=;u� 0;|�;;m� vo1b-ѴѴ��
bm|;u-1|bm]� bm7b�b7�-Ѵv� Ő�Ѵ�|om� ;|� -Ѵĺķ� ƑƏƐƓőĺ�);� -bl;7� |o� 1u;-|;�
m;|�ouhv� u;ru;v;m|-|b�;� o=� 7bu;1|� 1om|-1|v� 0;|�;;m� 1-Ѵ�;v� Őiő�

 ��&!� �ƒՊ�br;Ѵbm;�|o�1u;-|;�|bl;Ŋ-]]u;]-|;7�1om|-1|�-m7�vo1b-Ѵ�m;|�ouhv��vbm]�|_;�1om|-1|�r-1h-];ĺ��Ѵ�;�o�-Ѵv�7;v1ub0;�m;1;vv-u��
-1|bomv�-m7�u;Ѵ;�-m|�r-1h-];�=�m1|bomvĺ�!;7�u;1|-m]Ѵ;v�bm7b1-|;�=�m1|bom�o�|r�|
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|_uo�]_� �_b1_� -� 0-1|;ub-Ѵ� r-|_o];m� Ő;ĺ]ĺķ� E. coliő� l-�� 0;� |u-mvŊ
lb||;7� =uol� |_;� _b7;� o=� om;� bm7b�b7�-Ѵ� |o� |_;�lo�|_� o=� -mo|_;u�
7�ubm]� |_;� ƑƓŊ_u� v|�7�� r;ubo7ĺ� �o7;v� bm� o�u� 1om|-1|� m;|�ouhv�
-u;�u;ru;v;m|-|b�;�o=�r_�vb1-Ѵ�vr-1;v�o11�rb;7�0��-mbl-Ѵv�-|�-m��
]b�;m� |bl;� Őtőĺ� �oѴ�]omv�7;Ѵbm;-|bm]�r_�vb1-Ѵ� vr-1;�o11�r-m1��o=�
1-Ѵ�;vŝ� _;-7v� ŐƏĺƒƒƒ�l�Ƶ�Əĺƒƒƒ�lőķ� -m|;ubou� 0o7b;v� ŐƐ�l�Ƶ�Ɛ�lőķ�
-m7�rov|;ubou�0o7b;v�ŐƐ�l�Ƶ�Ɛ�lőķ�u;vr;1|b�;Ѵ�ķ�u;ru;v;m|;7�0��|_;�

|;ulvĹ�{PolyHit
}ķ�{PolyAit

}ķ�-m7�{PolyPit}ķ��;u;�7;ub�;7�=uol�!�	�ѴoŊ
1-|bomv�-m7�fobm;7�|o];|_;u�|o�1u;-|;�1-Ѵ=�roѴ�]omvķ�{PolyCalfit}�Őbĺ;ĺķ�
PolyCalfit =PolyHit

!PolyAit
!PolyPit )� Őb]�u;� Ɠ-őĺ�);� v;|� -m� bllo0bѴŊ

b|��|_u;v_oѴ7�o=�ƏĺƐ�l�Őbĺ;ĺķ�b=�|_;�7-|-�bm7b1-|;7�bm7b�b7�-Ѵv�lo�;7�
ƺƏĺƐ�lķ�|_;bu�-vvo1b-|;7�roѴ�]omvŝ�rovb|bomv�u;l-bm;7��m1_-m];7őĺ�
);�v;|�-m�bllo0bѴb|��|_u;v_oѴ7�o=�ƏĺƐ�l�Őbĺ;ĺķ�b=�|_;�7-|-�bm7b1-|;7�
bm7b�b7�-Ѵv� lo�;7� ƺƏĺƐ� lķ� |_;bu� -vvo1b-|;7� roѴ�]omvŝ� rovb|bomv�

$���� �ƑՊ";Ѵ;1|;7�1om|-1|�=�m1|bom�7;v1ubr|bomvĺ��m1|bomv�=oѴѴo�;7�0��;ѴѴbrv;v�_-�;�l�Ѵ|brѴ;��-ub-m|v�u;=;u;m1;7�bm�|;�|

Function Description

Confine �om=bm;l;m|�=bѴ|;uĸ�u;lo�;�u;Ѵo1-|bom�;�;m|v�o0v;u�;7�o�|vb7;�-�vr;1b=b;7�-u;-ĺ

dup 	�rѴb1-|;�=bѴ|;uĸ�u;lo�;�7�rѴb1-|;7�u;Ѵo1-|bom�;�;m|vĺ

mps �;|;uvŊr;uŊv;1om7�=bѴ|;uĸ�u;lo�;�u;Ѵo1-|bom�;�;m|v�|_-|�v�]];v|�blrovvb0Ѵ;ņ�mѴbh;Ѵ��lo�;l;m|�vr;;7vĺ

tempAggregate �m|;uroѴ-|;�|u-1h;7�bm7b�b7�-Ѵvŝ�Ѵo1-|bomv�-|�vr;1b=b;7�|;lrou-Ѵ�bm|;u�-Ѵvĺ

contactDur… �7;m|b=���_;m�-m7�=ou�_o��Ѵom]�bm7b�b7�-Ѵv��;u;��b|_bm�-�vr;1b=b;7�7bv|-m1;�|_u;v_oѴ7�o=�om;�-mo|_;u�(contactDur.allő�
ou�=b�;7�Ѵo1-|bomv�(contactDur.area).

dist2… �-Ѵ1�Ѵ-|;�rѴ-m-u�ou�]u;-|Ŋ1bu1Ѵ;�7bv|-m1;v�0;|�;;m�bm7b�b7�-Ѵ�r-buv�(dist2All),�ou�=b�;7�Ѵo1-|bomv�Ődist2Areaő�-|�;�;u��
|bl;�robm|ĺ��o1-|bomv�l-��0;�u;ru;v;m|;7�-v�robm|v��!�roѴ�]omvĺ

findDistThresh-Ք "-lrѴ;�=uol�-�l�Ѵ|b�-ub-|;�moul-Ѵ�7bv|ub0�|bom�|o�1u;-|;�ŞbmŊ1om|-1|Ş�robm|�r-buv�0-v;7�om�!$�"�-11�u-1�ķ�-m7�
];m;u-|;�-�7bv|ub0�|bom�7;v1ub0bm]�-�;u-];�7bv|-m1;v�0;|�;;m�robm|�r-buvĺ

randomizePaths �;m;u-|;�u-m7olb�;7�lo�;l;m|�r-|_v�o�;u�7;=bm;7�|;lrou-Ѵ�bm|;u�-Ѵv�=ou�;-1_�bm7b�b7�-Ѵ�-11ou7bm]�|o�l;|_o7v�
7;v1ub0;7�0��"rb;];Ѵ�;|�-Ѵĺ�ŐƑƏƐѵőĺ

u;=;u;m1;�obm|Ƒ�oѴ�]om-Ք �;m;u-|;�-�v;|�o=�roѴ�]om��;u|b1;v�=ou�;-1_�robm|�Ѵo1-|bom�bm�-�7-|-�v;|��_bѴ;�l-bm|-bmbm]�bm7b�b7�-Ѵvŝ�-m]�Ѵ-u�
oub;m|-|bom�Őbĺ;ĺķ��_-|�7bu;1|bom�bm7b�b7�-Ѵv�-u;�=-1bm]ő�-|�;-1_�|bl;�v|;rĺ

repositionReferencePoint-Ք $u-mvѴ-|;v�rѴ-m-u�robm|�Ѵo1-|bomv�|o�-�7b==;u;m|�Ѵo1-|bom�=b�;7�7bv|-m1;v�-�-�ķ�]b�;m�-�hmo�m�-m]�Ѵ-u�o==v;|ķ��_bѴ;�
l-bm|-bmbm]�-m]�Ѵ-u�oub;m|-|bomv�o=�lo�;l;m|vĺ�$_bv�=�m1|bom�bv�|_;�0-vbv�=ou�roѴ�]om�7;ub�-|bom�=uol�robm|�
Ѵo1-|bomvķ�-v�b|�-ѴѴo�v�=ou��;u|;��rѴ-1;l;m|�-uo�m7�rѴ-m-u�lo7;Ѵvĺ

contactTest �olr-u;�;lrbub1-Ѵ�1om|-1|�7bv|ub0�|bomv�|o�m�ѴѴ�lo7;Ѵv��vbm]��-ubo�v�|;v|bm]�l;|_o7v�Ő;ĺ]ĺķ�!2�]oo7m;vvŊo=Ŋ=b|ķ�
�-m|;Ѵķ�ƐƖѵƕő�|o�;�-Ѵ�-|;�b=�o0v;u�;7�1om|-1|v�o11�u�lou;�ou�Ѵ;vv�=u;t�;m|Ѵ��|_-m��o�Ѵ7�0;�;�r;1|;7�-|�u-m7olķ�
u;vr;1|b�;Ѵ�ĺ

-�m7b1-|;v�=�m1|bomv�0-v;7�om�mo�;Ѵ�ruo1;7�u;v�7;v1ub0;7��b|_bm�|_bv�l-m�v1ubr|ĺ�

 ��&!� �ƓՊ�Ѵ-m-u�lo7;Ѵv��v;7�|o�7;ub�;�1-Ѵ=�-m7�0-0oom�roѴ�]omvĺ�Ő-ő��o7;Ѵ�o=�roѴ�]omv�u;ru;v;m|-|b�;�o=�1-Ѵ�;vŝ�0o7��v;1|bomvĺ�Ő0ő�
�o7;Ѵ�o=�roѴ�]omv�u;ru;v;m|bm]�0-0oomvŝ�0bmo1�Ѵ-u��bv�-Ѵ�=b;Ѵ7v��r�|o�ƐƏƏ�lĺ�Ő1ő�!;ru;v;m|-|bom�o=�0-0oom��bv�-Ѵ�1om|-1|vĺ��u-m];�1bu1Ѵ;v�
u;ru;v;m|�robm|�Ѵo1-|bomv�o=�|uoor�l;l0;uv
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u;l-bm;7��m1_-m];7ő� |o� -11o�m|� =ou� _;-7Ŋv_-hbm]� ;�;m|vķ��_bѴ;�
-ѴѴo�bm]�Ѵbh;Ѵ��|u�;�u;Ѵo1-|bom�;�;m|v�|o�u;l-bm��m-Ѵ|;u;7ĺ

);� u;1o]mb�;� |_-|� ]b�;m� |_;� rovb|bom-Ѵ� -11�u-1�� o=� |_;� calves 
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l-��;�bv|�bm�|_;�|u-1h;7�ror�Ѵ-|bom�-m7�
-u;�mo|�l�|�-ѴѴ��;�1Ѵ�vb�;

��&!��ƕՊ��|;m7;7�ƏĺƔѵŊl�1om|-1|�|_u;v_oѴ7v�-uo�m7�1-Ѵ=Ŋ_;-7�
-m7�1-Ѵ=Ŋrov|;ubou�roѴ�]omvĺ��m�ľ;�r;1|;7Ŀ�1om|-1|�m;|�ouhvķ�1om|-1|v�
o11�u��_;m�roѴ�]om�;7];v�-u;��b|_bm�ƏĺƔѵŊl�o=�om;�-mo|_;u
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u;v�Ѵ|v�-u;�v_o�m� bm�$-0Ѵ;�ƒĺ��m�-�;u-];ķ� ľ;�r;1|;7Ŀ�1om|-1|�m;|Ŋ
�ouhv�1omvbv|;m|Ѵ��_-7�]u;-|;u�1om|-1|�7�u-|bomv�-m7�r;uŊ1-rb|-�v�l�
1om|-1|v�|_-m�|_;bu�ľru;1bv;Ŀ�1o�m|;ur-u|vķ�_b]_Ѵb]_|bm]�|_;�;==;1|�o=�
u;Ѵ-|b�;Ѵ��Ѵ-u];�"r$_��-Ѵ�;v�om�m;|�ouh�u;-Ѵb�-|bomĺ���u�u;v�Ѵ|v�v�]Ŋ
];v|�|_-|�|_;v;�l;|ub1v�v1-Ѵ;��b|_�roѴ�]om�vb�;ĺ�$_-|�bv�|o�v-�ķ�f�v|�-v�
bm1u;-vbm]�"r$_��-Ѵ�;v� Ѵ;-7�|o� bm=Ѵ-|;7�1om|-1|�=u;t�;m1��bm�robm|Ŋ
0-v;7�ruo�blb|��1om|-1|�m;|�ouhv� Ő	-�vom�;|�-Ѵĺķ�ƑƏƐƖőķ�o�u��ouh�
_;u;� v�]];v|v� |_-|� |_;� ru;v;m1;� o=� Ѵ-u];u� roѴ�]omv� |u-mvѴ-|;v� |o�
bm1u;-v;7�ruo0-0bѴb|�� |_-|�roѴ�]omv� bm|;uv;1|ķ�-m7�|_;u;=ou;�lou;Ŋ
=u;t�;m|�-m7�Ѵom];uŊ7�u-|bom�1om|-1|�;�;m|vĺ���;u-];�mo7;�7;]u;;�
];m;u-ѴѴ�� =oѴѴo�;7� |_;� v-l;� |u;m7ķ� 0�|� -ѴѴ� ]u-r_v� -vb7;� =uol� |_;�
ru;1bv;Ŋv;|�ľ_;-7ĺ_;-7Ŀ�om;��;u;�m;-uѴ��1olrѴ;|;ĺ

);�-Ѵvo�o0v;u�;7�v|uom]�1ouu;Ѵ-|bomv�0;|�;;m�bm|u-Ŋv;|�]u-r_v�
Őb]�u;� Ѷőĺ��-m|;Ѵ� |;v|v� v�]];v|;7� |_-|� -ѴѴ� bm|u-Ŋv;|�l-|ub1;v��;u;�
u;Ѵ-|;7ķ��b|_�-�pŊ�-Ѵ�;�ƺ�ĺƏƏƐĺ�);�=o�m7�|_-|�ľ=�ѴѴ�o7�Ŀ�]u-r_v��;u;�
1omvbv|;m|Ѵ�� lo7;u-|;Ѵ�� |o� _b]_Ѵ�� 1ouu;Ѵ-|;7� �b|_� o|_;uvķ� �_b1_�
bv� mo|� v�urubvbm]� ]b�;m� |_-|� |_;� ľ_;-7ĺ_;-7Ŀ� -m7� ľ_;-7ĺrov|;ub;uĿ�
]u-r_v��;u;�v�0v;|v�o=�|_;�=oul;uĺ��u|_;ulou;ķ�bm�|_;�1-v;�o=�|_;�
;�r;1|;7Ŋv;|�ľ_;-7ĺ_;-7Ŀ�-m7�ľ_;-7ĺrov|;ub;uĿ�]u-r_vķ��_;m�]u-r_v�
�;u;�mo|�v�0v;|v�o=�om;�-mo|_;u�0�|�roѴ�]omv�bm�oѴ�;7�bm�1om|-1|v�
o�;uѴ-rr;7� Őb]�u;� ƕőķ� �;� o0v;u�;7� -� u;Ѵ-|b�;Ѵ�� _b]_� 1ouu;Ѵ-|bom�
�-Ѵ�;ĺ

$_;�ru;v;m1;�o=�-�lo7;u-|;�1ouu;Ѵ-|bom�0;|�;;m�|_;�ru;1bv;Ŋv;|�
ľ_;-7ĺ_;-7Ŀ�-m7�ľ_;-7ĺrov|;ub;uĿ�]u-r_vķ��_b1_�7b7�mo|�o�;uѴ-rķ� bv�
;vr;1b-ѴѴ�� bm|;u;v|bm]ĺ� $_o�]_��;�7b7� mo|� ;�-lbm;� vr;1b=b1� 7�-7b1�
u;Ѵ-|bomv_brv�-m7�ro|;m|b-Ѵ�1ouu;Ѵ-|bomv�-|�|_;�7�-7� Ѵ;�;Ѵķ�o�u�=bm7Ŋ
bm]v�v�]];v|�|_-|�-mbl-Ѵv��b|_�lou;�_;-7Ŋ|oŊ_;-7�1om|-1|v��bѴѴ�Ѵbh;Ѵ��
u;rou|�bm1u;-v;7�_;-7Ŋ|oŊrov|;ubou�1om|-1|v�-v��;ѴѴĺ�$_bv�l;-mv�|_-|�
�_;m�lo7;Ѵbm]�vo1b-Ѵ�u;Ѵ-|bomv_brv�bm�1-||Ѵ;�ror�Ѵ-|bomvķ� b|�l-��0;�
v�==b1b;m|�|o��v;�_;-7Ŋ|oŊ_;-7�bm|;u-1|bomv�-Ѵom;�|o� b7;m|b=��7�-7v�
�b|_�_b]_�vo1b-Ѵ�-==bmb|�ĺ��m�|_;�o|_;u�_-m7ķ�|_bv�bv�mo|�m;1;vv-ubѴ��|_;�
1-v;�=ou�lo7;Ѵbm]�r-|_o];m�|u-mvlbvvbomĺ��vv�lbm]�|_-|�o�u�ľru;Ŋ
1bv;Ŀ� -m7� ľ;�r;1|;7Ŀ�m;|�ouhv� u;=Ѵ;1|� |u�;� bm|;u-1|bomv�-|� Ѵ;-v|� |o�
vol;�;�|;m|�-m7�|_-|�o0v;u�;7�1om|-1|v�-u;�mo|�voѴ;Ѵ��-�=�m1|bom�o=�
7b==;u;m1;v�bm�roѴ�]om�vb�;vķ�o�u�u;v�Ѵ|v�v�]];v|�|_-|�_;-7Ŋ|oŊ_;-7�
1om|-1|v�o11�u�Ѵ;vv�=u;t�;m|Ѵ��|_-m�_;-7Ŋ|oŊrov|;ubou�1om|-1|vķ�0�|�
|_;�|�o�1om|-1|�|�r;v�-u;� bm|;uŊu;Ѵ-|;7� bm�|_bv�v�v|;lĺ��u;v�l-0Ѵ��

|_;mķ� �m7;u� |_;� -vv�lr|bom� |_-|� ruo0-0bѴb|�� o=� |u-mvlbvvbom� ]b�;m�
1om|-1|�bv�v|-0Ѵ;ķ�!$�"Ŋ7;ub�;7�7bu;1|�r-|_o];m�|u-mvlbvvbom�lo7Ŋ
;Ѵv�o=�vblbѴ-u�v�v|;lv��_;u;bm�omѴ��_;-7Ŋ|oŊ_;-7�1om|-1|v�-u;�;==;1Ŋ
|b�;Ѵ��u;ru;v;m|;7�Ő�_;mķ��Ѵ-m�ķ�)_b|;ķ�"-m7;uvomķ�ş��-m�-vķ�ƑƏƐƔĸ�
	-�vom� ;|� -Ѵĺķ� ƑƏƐƖő� Ѵbh;Ѵ�� �m7;uŊu;ru;v;m|� 7�-7b1� bm|;u-1|bomv�
�_;u;�r-|_o];mv�l-��0;�|u-mv=;uu;7�=uol�|_;�rov|;ubou�o=�om;�-mbŊ
l-Ѵ�|o�|_;�lo�|_�o=�|_;�o|_;uķ�ou��b1;��;uv-ĺ

);�l�v|� mo|;� _;u;� |_-|� |_;v;� =bm7bm]v� -u;� 0-v;7� om� -m-Ѵ�v;v�
o=�7-|-�1oѴѴ;1|;7�o�;u�-�vbm]Ѵ;�7-��-m7�|_;u;=ou;�l-��mo|�0;��_oѴѴ��
u;=Ѵ;1|b�;�o=�1om|-1|�r-||;umv�bm�|_bv�ror�Ѵ-|bomĺ�$_-|�v-b7ķ��;�_-�;�
7;lomv|u-|;7� |_-|� |u-mv=oulbm]� robm|� Ѵo1-|bomv� bm|o� 0o7bѴ�� roѴ�Ŋ
]omv� Ő;ĺ]ĺķ� -mbl-Ѵ� _;-7vķ� -m7� rov|;ubouvő� -ѴѴo�v� �v� |o� 1_-u-1|;ub�;�
o0v;u�;7� 1om|-1|� ;�;m|v� 0-v;7� om� �_-|� roѴ�]omv� bm|;uv;1|� Ő;ĺ]ĺķ�
_;-7Ŋ|oŊ_;-7őĺ����7obm]� voķ��;�]-bm� |_;� -0bѴb|�� |o� -vv;vv�_o��7b=Ŋ
=;u;m|�lo7;v�o=�1om|-1|ķ��_b1_�l-��0;�bm7b1-|b�;�o=�7b==;u;m|�vo1b-Ѵ�
0;_-�bouv�Őb]�u;�ѵőķ�l-��-==;1|�r-|_o];m�|u-mvlbvvbomĺ�$_�vķ�1omŊ
|-1|v�bm�oѴ�bm]�!$�"Ŋ7;ub�;7�roѴ�]omv�1-m�ruo�b7;�bmvb]_|�bm|o�0o|_�
r_�vb1-Ѵ� 1om|-1|Ŋl;7b-|;7� 7bu;1|� r-|_o];m� |u-mvlbvvbom� ;�;m|vķ�
�_b1_�-u;�7b==b1�Ѵ|ķ�b=�mo|�blrovvb0Ѵ;ķ�|o�o0v;u�;�bm�l-m��=b;Ѵ7�v|�7b;v�
Ő�Ѵ�|om�;|�-Ѵĺķ�ƑƏƐƓőĺ

ƒĺƑՊ|Պ�-0oom�m;|�ouh

);�=o�m7�|_-|ķ�om�-�;u-];ķ�0-0oomv�o0v;u�;7�ƔĺƒƖ�ŐSD�Ʒ�ƐĺƏƑő�o|_;u�
|-]];7�bm7b�b7�-Ѵv�-|�-m��]b�;m�v;1om7�-m7��bv�-Ѵ�1om|-1|v�Ѵ-v|;7�-m�
-�;u-];� o=� ƒĺѵƕ� ŐSD� Ʒ� ƓĺƖƔő� v;1om7vĺ� $_;�l-�bl�l�7�u-|bom� o=� -�
�bv�-Ѵ�1om|-1|��-v�ƕƏƐ�v�Őbĺ;ĺķ�ƹƐƑ�lbmőķ�-m7�|_;�-�;u-];�7-bѴ��7;]u;;�
�-v�ƐѶĺƐƒ�ŐSD�Ʒ�ƐĺƕƓőĺ��|�bv�m;1;vv-u��|o�mo|;�|_-|ķ�|_o�]_��;�7;=bm;7�
ľ�bv�-Ѵ�1om|-1|vĿ�-v� bmv|-m1;v��_;m�0-0oom�robm|v��;u;�o0v;u�;7�
�b|_bm� �bv�-Ѵ� =b;Ѵ7� roѴ�]omvķ� bm� -1|�-Ѵb|�ķ� o0v;u�;uv� l-�� mo|� _-�;�
m;1;vv-ubѴ�� 0;;m� -1|b�;Ѵ�� �-|1_bm]� ľ1om|-1|;7Ŀ� bm7b�b7�-Ѵv� 7�ubm]�
|_;v;�|bl;�robm|v�Ő;ĺ]ĺķ�o0v;u�;uvŝ�;�;v�l-��_-�;�0;;m�1Ѵov;7ķ�|_;��
l-��_-�;�0;;m�o|_;u�bv;�=o1�v;7�om�o|_;u�o0f;1|vőĺ��u|_;ulou;ķ�
�;� -vv�l;7� |_-|� 0-0oomvŝ� �b;�v��;u;� �mo0v|u�1|;7� -m7� �b;�bm]�
7bv|-m1;v��;u;�v|-0Ѵ;�7�ubm]�|_;�v|�7��r;ubo7ķ��_b1_�bv�-Ѵlov|�1;uŊ
|-bmѴ�� -m� o�;uvblrѴb=b1-|bom� o=� u;-ѴŊѴb=;� �bvbomĺ� �|�u;� v|�7b;v� l-��

$���� �ƒՊ�;-m�m;|�ouh�1omm;1|b�b|��l;|ub1v�=ou�1om|-1|�m;|�ouhv��b|_�-m7��b|_o�|�!$�"�-11�u-1��-7f�v|l;m|�Őbĺ;ĺķ�ľ;�r;1|;7Ŀ�-m7�
ľru;1bv;Ŀ�m;|�ouh�v;|vķ�u;vr;1|b�;Ѵ�ő

Contact networks Network density Node degreeaՔ Contact durationaՔ
�;uŊ1-rb|-�v�l�
contactsaՔ

�u;1bv;

=�ѴѴ�o7� 1.00 ѵѶĺѶѵ-�ŐƏĺƓƒő ƔƓĺƑѶ-�ŐƐƑƒĺƏѶő ƒķƕƒƕĺƑƒ-�ŐƐķƑƖƐĺƔƐő

_;-7ĺ_;-7 ƏĺѶѶ ѵƐĺƏѵ0�ŐƓĺƑƓő ƕĺƏƐ0�ŐƐƔĺƏƏő ƓƑѶĺƐƐ0�ŐƓĺƑƓő

_;-7ĺrov|;ubou 0.99 ѵѶĺƓƑ1�ŐƏĺѶѶő ƑƕĺƓƓ1�ŐѶѶĺƑƒő ƐķѶƕƕĺƔƐ1�ŐƏĺѶѶő

��r;1|;7

=�ѴѴ�o7� 1.00 ѵѶĺƖƕ-�ŐƏĺƐƕő ƐƒƑĺƓƏ7�ŐƑƑƏĺƔő ƖķƐƒƐĺƖƕ7�ŐƑķƕѶƑĺƓƑő

_;-7ĺ_;-7 1.00 ѵѶĺѶƏ-�ŐƏĺƔƏő ƓƏĺƒƒ;�ŐѶѶĺƕƔő ƑķƕƕƓĺѶƏ;�ŐƏĺƔƏő

_;-7ĺrov|;ubou 1.00 ѵѶĺƖƕ-�ŐƏĺƐƕő ƐƐƐĺƒƏ=�ŐƑƏƒĺƑѵő ƕķѵƕѵĺƓƒ=�ŐƏĺƐƕő

-�;-mv�=oѴѴo�;7�0��7b==;u;m|�Ѵ;||;uv�7b==;u�Őp�ƽ�ĺƏƔő�=uol�o|_;u��-Ѵ�;v��b|_bm�|_;�v-l;�1oѴ�lm�-11ou7bm]�|o�rov|�_o1��-l;vŋ�o�;ѴѴ�|;v|vĺ�"|-m7-u7�
7;�b-|bomv�-u;�u;rou|;7�bm�r-u;m|_;v;vĺ�
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bm1ourou-|;�u;lo|;Ŋv;mvbm]ķ�ou�o|_;u�];ovr-|b-Ѵ�7-|-�bm|o��bv�-Ѵ�=b;Ѵ7�
roѴ�]om�];m;u-|bom�ruo1;7�u;v�|o�0;||;u�-vv;vv�ro|;m|b-Ѵ��bv�-Ѵ�=b;Ѵ7�
o0v|u�1|bomĺ�ou�;�-lrѴ;ķ�u;1;m|��ouh�_-v�7;lomv|u-|;7�|_-|��b	�!�
|;1_moѴo]��1-m�0;��v;7�|o�7;Ѵbm;-|;�|_;�vb�;�-m7�v_-r;�o=�bm7b�b7�-Ѵ�
|u;;v� bm�-�=ou;v|� Ő"1_;m7u�hķ��uob1_ķ�$�Ѵ0�u;ķ�ş��Ѵ;�-m7uo�ķ�ƑƏƐѵőĺ�
���o�;uѴ-�bm]��bv�-Ѵ�=b;Ѵ7�roѴ�]omv�om|o�ƒ	�v�u=-1;v�v�1_�-v�|_ov;�
7;v1ub0;7�0��"1_;m7u�h�;|�-Ѵĺ�ŐƑƏƐѵőķ�b|�l-��0;�rovvb0Ѵ;�|o�bm|uo7�1;�
�bv�-Ѵ� =b;Ѵ7�o0v|u�1|bom�0��-u;-��;];|-|bom� bm��bv�-Ѵ�1om|-1|�;�-Ѵ�Ŋ
-|bom�-m7�-m-Ѵ�vbvĺ�)b|_�|_-|� bm�lbm7ķ�_o�;�;uķ�o�u�1�uu;m|�u;v�Ѵ|v�
v�]];v|� 0-0oomv�l-�� 1Ѵov;Ѵ��lomb|ou� -� Ѵ-u];� ruorou|bom� o=� |uoor�
l;l0;uv��b|_o�|� =o1�vbm]� |oo� Ѵom]�om� vr;1b=b1� bm7b�b7�-Ѵvķ� -m�-1|�
�_b1_��o�Ѵ7�]u;-|Ѵ��-vvbv|��b|_�l-hbm]�|_;�1oѴѴ;1|b�;Ŋlo�;l;m|�7;Ŋ
1bvbomv�7;v1ub0;7�bm�ru;�bo�v��ouh�Ő"|u-m70�u]Ŋ�;v_hbm�;|�-Ѵĺķ�ƑƏƐƔőĺ

);� 7b7� mo|� ;�-lbm;��_;m� u;vo�u1;v� Ő;ĺ]ĺķ� =oo7� -m7��-|;uő� ou�
o0v;u�;7� bm|;u-1|bomv� Ő;ĺ]ĺķ� bm|;u0-0oom� 1om|-1|vő� o11�uu;7��b|_bm�
bm7b�b7�-Ѵvŝ��bv�-Ѵ�=b;Ѵ7vķ�0�|�o�u�l;|_o7v�1-m�;-vbѴ��0;��v;7�|o�7o�
voĺ��u|_;ulou;ķ��bv�-Ѵ�1om|-1|�m;|�ouhvķ�Ѵbh;�|_;�om;�7;lomv|u-|;7�
_;u;ķ�1-m�ruo�b7;�u;v;-u1_;uv��b|_�|_;�l;-mv�|o�;�-Ѵ�-|;��bv�-Ѵ�1�;v�
ru;1;7bm]�-mbl-Ѵ�0;_-�bouvĺ�����|bѴb�bm]�ruo1;7�u;v�=ou�1u;-|bm]�1omŊ
|-1|�m;|�ouhv�=uol�!$�"�7-|-�bm�1omf�m1|bom��b|_�l;|_o7oѴo]b;v�=ou�
-m-Ѵ��bm]�-mbl-Ѵ�lo�;l;m|�r-||;umv� Ő�b��;|�-Ѵĺķ�ƑƏƐƔĸ�"|u-m70�u]Ŋ
�;v_hbm�;|�-Ѵĺķ�ƑƏƐƔĸ��_-hu-�-u|�ķ��o��bķ���]�Ѵķ�ş��lbmb-mķ�ƑƏƐƖő�ou�
7bv|-m1;�v-lrѴbm]�ruo1;7�u;v�Ő$_ol-v�;|�-Ѵĺķ�ƑƏƐƏőķ�u;v;-u1_;uv�1-m�
|;v|�_�ro|_;v;v�r;u|-bmbm]�|o�-mbl-Ѵvŝ�u;-1|bomv�|oķ�ou�-�-u;m;vv�o=ķ�
�bv�-Ѵ�v|bl�Ѵbĺ

ƒĺƒՊ|Պ	-|-�ruo1;vvbm]�1omvb7;u-|bomv

�u;�bo�v��ouh�_-v�7;v1ub0;7�bm�7;|-bѴ�_o��7b==b1�Ѵ|�7;=bmbm]�-mbl-Ѵ�
bm|;u-1|bomv� =uol�!$�"�robm|�7-|-� 1-m�0;ķ� -v� ľ1om|-1|Ŀ�7;=bmb|bomv�
l�v|�0;�vr;1b=b1�|o�|_;�v�v|;l�u;v;-u1_;uv�-u;�-||;lr|bm]�|o�lo7;Ѵ�
Ő�u-=|ķ�ƑƏƐƔĸ�-ubm;�ş�)_b|;_;-7ķ�ƑƏƐƔĸ�)_b|;�;|�-Ѵĺķ�ƑƏƐƕőĺ�)_;m�
7;=bmbm]� robm|Ŋ0-v;7� 1om|-1|vķ� u;v;-u1_;uv� l�v|� 1Ѵ;-uѴ�� 7;v1ub0;�
|_;bu� u-|bom-Ѵ;� =ou� v;Ѵ;1|bm]� 1om|-1|� 7;=bmb|bomvķ� -m7�0;1-�v;�;-1_�
7;=bmb|bom�bm_;u;m|Ѵ��l-h;v�-�m�l0;u�o=�-vv�lr|bomv�Ő;ĺ]ĺķ�-mbl-Ѵv�
o�|vb7;� -� ]b�;m� 7bv|-m1;� |_u;v_oѴ7� 7o� mo|� rov;� -m� bm=;1|bom� ubvhőķ�
m;|�ouh� lo7;Ѵ;uv� l�v|� -Ѵvo� -1hmo�Ѵ;7];� |_;v;� �mbt�;� -vv�lrŊ
|bomv�-m7�-vvo1b-|;7�Ѵblb|-|bomv�bm�|_;bu��ouh�Ő	-�vom�;|�-Ѵĺķ�ƑƏƐƖőĺ�
	;=bmbm]�roѴ�]omŊ0-v;7�1om|-1|v�bv�Ѵ;vv�-l0b]�o�vķ�-v�bm|;u-1|bomv�
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CHAPTER 4 

Combining epidemiological and ecological methods to quantify environmental and social 
effects on E. coli transmission 

 
Trevor S. Farthing, Daniel E. Dawson, Michael W. Sanderson & Cristina Lanzas 

 
Abstract 
 

Enteric microparasites like Escherichia coli utilize multiple transmission pathways to 

propagate within and between host populations. Understanding the relative transmission risk 

attributable to local environmental conditions, host social relationships, and direct physical 

contact between individuals is paramount for designing intervention strategies to control 

colonization rates in affected communities. To measure these effects, we carried out E. coli 

transmission experiments in two cattle (Bos taurus) herds, wherein all individuals were equipped 

with real-time location tracking devices. Following transmission experiments in this model 

system, we derived temporally dynamic social and contact networks from location data. 

Environmental conditions, observed social relationships, and dyadic contact frequencies during 

E. coli outbreaks informed pairwise accelerated failure time models that we used to 

simultaneously quantify effects of varied drivers on transmission risk in these populations. We 

found that when environmental conditions drive colonization rates, transmission risk is highly 

variable over time. When social behaviors drive colonization, transmission risk is generally low 

and relatively stable during the outbreak. We show that dominant transmission routes utilized by 

E. coli are not consistent even in similar populations.  
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Introduction 

Heterogenous pathogen transmission, the unequal contribution of infectious individuals 

to new infection cases in susceptible populations, and its extreme manifestation in the form of 

“super-spreading” are commonly observed in human and animal infectious diseases (Drewe 

2010; Spencer et al. 2015; Zelner et al. 2020). For enteric microparasites like Salmonella Spp. 

and Escherichia coli, which have multiple transmission pathways and reservoirs outside of host 

organisms (Lopman et al. 2012; Mathijs et al. 2012; Chen et al. 2013; Lanzas et al. 2019), the 

relative transmission risk attributable to direct and indirect (i.e., environmental) contacts with 

infectious individuals or contaminated environments are not wholly understood (Lopman et al. 

2012; Silk et al. 2017a; Lanzas et al. 2019). Understanding and accounting for drivers of 

coexistence (i.e., individuals exist in the same space at the same time), colocation (i.e., 

individuals exist in the same space but at different times), and resource-sharing heterogeneity are 

paramount to quantifying the contribution of different transmission pathways for estimating 

enteric pathogen transmission risk to susceptible individuals (VanderWaal & Ezenwa 2016; 

Hosseini et al. 2017).  

Contact- and social-network epidemiology have given us the ability to study drivers of 

both direct and indirect pathogen transmission in unprecedented detail (White et al. 2015; Jones 

et al. 2018). By constructing networks describing observed interactions or relationships between 

susceptible and infectious agents, and annotating demographic, social, weather or season data to 

network components, researchers can readily examine how these drivers affect pathogen 

transmission (Hamede et al. 2009; Drewe 2010; Rimbach et al. 2015; Keiser et al. 2016; Silk et 

al. 2017a; Silk et al. 2017b). Contact networks and social networks are both valuable models for 

studying pathogen transmission, but they are distinctly different entities (Rimbach et al. 2015; 
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Chen & Lanzas 2016). Edges in contact networks represent observed coexistence, colocation, or 

physical interactions between nodes over a defined time period (Chen & Lanzas 2016). Edges in 

social networks, however, denote the existence of specific relationships between nodes (e.g., 

shared home range, shared parentage, rivalry, friendship, etc.).  

In recent years, researchers have attempted to infer effects of heterogenous contact and 

social networks on pathogen transmission through studies linking observed commensal strain 

similarity to network edges (Bull et al. 2012; Blyton et al. 2014; VanderWaal et al. 2014a; 

VanderWaal et al. 2014b; Balasubramaniam et al. 2019). These studies collectively suggest that 

direct contact mediated by social interactions are important drivers of enteric microparasite 

transmission for most species, but often consider genetic similarity of bacterial commensal 

isolates to be a proxy for transmission between sampled individuals. However, because animals 

are often colonized with commensal enteric organisms shortly after birth (Hoyle et al. 2005; 

Harada et al. 2011; Malmuthuge et al. 2015), contemporaneous social interactions studied in 

these cases may be less relevant to the pattern of strain sharing than long-term stable social 

interactions. Furthermore, these studies quantified social or contact network influence on 

transmission, but not effects of both networks simultaneously. Social interactions are not the 

only driver of direct or indirect contacts through which pathogens may be transferred between 

individuals. Resource and environment sharing also drive contact rates (Chen et al. 2015; 

Spiegel et al. 2016), and pathogen exposure risk (Dawson et al. 2018). It is therefore imperative 

that effects of environmental conditions, social relationships, and direct contact rates on enteric-

pathogen transmission risk be estimated simultaneously. 

In this paper, we aim to reevaluate drivers of enteric microparasite transmission by 

applying different methods. The use of transmission experiments is an alternative approach for 
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studying enteric pathogen transmission that does not share the limitations discussed above 

(Lanzas et al., 2010). In transmission experiments, researchers challenge select animals with an 

infectious agent and release them back into susceptible study populations (Cohen et al. 2018; 

Trang et al. 2019; Nguyen-Van-Tam et al. 2020). Study populations are closely surveilled to 

capture infection or disease incidence over a defined time period. This allows for 

contemporaneous observation of pathogen transmission between individuals. Because real-time 

location tracking methods can be used to generate inter-animal contact networks (Dawson et al. 

2019) and comparisons of observed contact rates can be used to predict sociality within tracked 

populations (Spiegel et al. 2016; Farthing et al. 2020), combining transmission experiments with 

real-time location data collection provides a powerful framework for gaining inference into 

environmental and social drivers of transmission. 

We carried out an experiment to investigate drivers of transmission for a common enteric 

organism (E.coli) in cattle (Bos taurus). Cattle frequently display social behaviors (Šárová et al. 

2016; Haskell et al. 2019) and commonly host a wide array of enteric pathogens (Olson et al. 

2004; Spencer et al. 2015; Holschbach & Peek 2018), making them ideal model populations for 

studying drivers of enteric pathogen transmission. We challenged a few individuals with a 

traceable commensal E. coli strain and subsequently allowed transmission to occur naturally in 

the field. By combining continuous real-time location tracking and longitudinal sampling 

procedures to frequently evaluate strain prevalence within the herd, we were able to link 

colonization incidence to temporally-dynamic contact and social networks derived from 

observed animal locations. Because we were able to observe the spread of E. coli through our 

study population, we could infer transmission directionality from known colonized individuals to 

susceptible ones at every sampling interval. We utilize these data to quantify how proximity-
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based contact rates, social relationships, and environmental variables contributed to the risk of E. 

coli colonization.  

 

Methods 

Study population and data collection 

Study population 

Two transmission experiments were carried out over two distinct study periods, between 

5/22/2017 – 7/10/2017 and 5/21/2018 – 7/30/2018. During each of these periods, 70 1.5-year old 

beef cattle were introduced to and kept in a single 30.5 X 38 m2 outdoor pen at the Kansas State 

University Beef Cattle Research Center in Manhattan, KS. All individuals were castrated males 

that were unfamiliar with the enclosure prior to entering the study. The number of individuals 

included in each transmission experiment (i.e., n = 70) was intended to mimic stocking rates 

observed in U.S. concentrated animal feeding operations. All animal care, handling, and 

monitoring procedures were approved by the Kansas State University Institutional Animal Care 

and Use Committee.  

 

Longitudinal E. coli prevalence data 

 At the beginning of each study period, five randomly selected steers from the pen of 70 

individuals were orally inoculated daily for five consecutive days with 109 colony forming units 

(CFU) of E. coli made resistant to nalidixic acid and rifampicin. The rest of the animals (n = 65) 

were screened for E. coli with the dual resistance prior to the experiment. Only animals that 

tested negative were used in the study. We chose to inoculate 5 individuals because preliminary 

data suggested that this number would successfully trigger an E. coli outbreak in the remaining, 
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non-inoculated population. Fecal samples from all steers and 25 10-g pen surface soil samples 

(Figure 1) were collected weekly for the duration of each study period. Samples were spiral 

plated on MacConkey agar supplemented with nalidixic acid (50 µg/ml) and rifampicin (50 

µg/ml) to quantify the concentration of E. coli. Samples negative by spiral plating were enriched 

and plated to detect the inoculated strain and establish shedding status. Any positive (i.e., CFU > 

0) fecal samples obtained from individuals that were not initially challenged with E. coli were 

assumed to be the result of successful field transmission of the inoculated strain.  

 

Point-location data 

To facilitate continuous location tracking over the course of each study period, all calves 

were outfitted with radio-transmitting ear tags (Smartbow GmbH, Weibern, Austria) that 

communicated with receivers around the pen. System software triangulated calves’ (x, y) 

positions during each communication event and logged positional data in a central server. The (x, 

y) coordinate pairs obtained through this real-time location system were 90% accurate to within 

± 0.5 m of individuals’ true locations. To lessen error-induced noise and standardize the temporal 

resolution of our data at 10 seconds, we filtered and smoothed the data following the procedure 

we previously outlined in Dawson et al. (2019). In accordance with this procedure, prior to 

smoothing, points that fell outside of pen area or suggested that individuals were moving in 

excess of 10 m/s speeds were assumed to be erroneous and removed from the data set. We 

generated a smoothed data set to be used in subsequent network production, where (x, y) 

coordinates represented individuals’ average location at each 10-second interval over the course 

of the study period. Properties of the 2017 and 2018 location data are described in Appendix C4-

1. 
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Precipitation data 

Daily precipitation data were downloaded from the National Oceanic and Atmospheric 

Administration' National Centers for Environmental Information (NOAA 2020). The data set 

details daily precipitation (in cm) in Manhattan, KS over the course of both study periods. Other 

weather variables provided by NOAA for this location (e.g., daily air temperature, wind speed, 

etc.) were not considered for inclusion in any analyses because recorded values were too sparse. 

 

Network creation 

Contact networks 

Prior to creating contact networks, we removed point locations observed during the first 

three days (i.e., when RFID tags initiate transmission at different times, and calves are 

acclimating to their new environment) and the last day (i.e., when tags are removed at different 

times) of each study period from the data set to prevent abnormal contact patterns associated 

with these times from biasing results. The spatial threshold for identifying contact has been 

shown to be influential in transmission models using point-based locational data, and represents 

a tradeoff between the inclusion of biologically relevant behavior and non-contact noise that can 

obscure actual contact patterns (Dawson et al. 2019). Here we chose 0.71 m as our proximity-

based contact threshold because it approximates the estimated maximum distance between two 

calves’ tags during shoulder or chest allogrooming events (0.5 m), while accounting for the 

positional accuracy of our system (Farthing et al. 2020). Using location-data processing 

procedures described by Dawson et al. (2019), we accepted a temporal sampling window of 10 

seconds, and created 1104 and 1608 hourly-aggregated contact networks for our 2017 and 2018 

herds, respectively. Edges in these networks were weighted by the sum of contacts observed 
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between each hourly dyad. Hourly contact networks were used to derive social networks, and 

later aggregated up to the day level for hazard modelling.  

 

Social networks 

We derived social networks from contact networks using randomized-path-based 

methods modified from those described by Spiegel et al. (2016). In contrast to our contact 

networks, where edges describe instances of observed node coexistence, edges in our social 

networks denote a likely social relationship that explains relatively high contact rates between 

node pairs (e.g., social affinity). To create social networks, we first generated 100 randomized 

location data sets by shuffling observed 24-hr-length individual-level movement paths across the 

entirety of the empirical data set (i.e., in randomized sets, calves visited the same locations as 

they did in the empirical one, but not necessarily on the same day). We then created hourly-

aggregated null contact graphs by applying our contact-network creation procedure to each 

randomized location set, and averaging observed dyadic contact weights in each hour-length 

graph across the random replicates. These null graphs were representative of the contact 

distribution we would expect when all contact events occurred solely due to random chance in 

any given hour (Spiegel et al. 2016).  

 Due to the relative sparsity in location-data reporting during daytime hours compared to 

nighttime (see Appendix C4-1) and differences in the frequency of social behaviors associated 

with increased dyadic contact rates (e.g., allogrooming, headbutting, etc.) during these times, we 

decided to examine social relationships between calves during daytime hours only, when animals 

were most active. Figure 2 shows the hourly contact distributions for the 2017 and 2018 herds, 

and denotes where thresholds for “active” hours exist each year. Given observed trends in data 
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sparsity and contact behavior each year, we chose to define active hour sets for 2017 and 2018 as 

timepoints between 06:00:00 to 21:59:59 UTM and 06:00:00 to 19:59:59 UTM respectively, and 

subset empirical and null contact models accordingly. Active-hour subsets were then aggregated 

up to the week level to allow for elucidation of weekly social relationships between calves at the 

same temporal resolution of E. coli sample collection. 

For each week-length graph in empirical and null sets, we calculated the maximum 

number of potential contacts that could possibly exist between dyadic pairs using the equation 

𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝐶𝑜𝑛𝑡𝑎𝑐𝑡𝑠!"# = ∑ 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒!# ∗ 	𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒"#$
#%& 	  ( 1 ) 	 

where, 𝑡 ∈ 𝑇, the sum number of 10-second windows during “active” hours over the 

week, 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒!# is a binary variable taking the value 0 if individual 𝑖 was not observed during 

at time 𝑡, and 1 if they were, and 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒"# is a binary variable taking the value 0 if individual 

𝑗 was not observed during at time 𝑡, and 1 if they were. We subtracted the number of realized 

dyadic contacts from potential ones to estimate the number of time points when both dyad 

members were represented in our empirical and randomized point-location sets, but were not in 

contact with one another. We used a series of binomial exact tests to compare dyadic in-contact 

and out-of-contact time point counts in weekly empirical graphs to their null model counterparts. 

We chose to use binomial exact tests rather than Chi-square goodness of fit tests because 2018 

empirical graphs and all null models include instances when expected contact values are very 

small, and therefore approximations of p given by a Chi-square test may not be correct. To 

control for the type-I error rate associated with running so many tests, we used a Bonferroni-

corrected α-level to determine “significant” deviations from null-distribution contact rates. We 

set a = 2.07e-05 (i.e., '.')
(+'∗-.)/1

 , where the denominator is the number of potential unique dyads in 

the empirical data). For each empirical week-length “active” graph, we identified when 
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individuals had more contacts than would be expected at random (p ≤ 2.07e-05). When node pairs 

(i.e., cattle) had more contacts with one another than would be expected at random in a given 

week, we assigned an edge between them in the weekly social network. Thus, edges in our social 

networks are indicative of underlying social relationships or behaviors that increased contact 

frequency between node pairs.  

 

Hazard modelling and analysis 

We used the parametric pairwise accelerated failure time (AFT) regression modelling 

procedure presented by Kenah (2019) to estimate the effect of various environmental and social 

covariates on individual-level weekly E. coli colonization hazard. To generate pairwise survival 

data for our system, we defined failures (i.e., events of interest – here, observed E. coli 

colonization – in survival analysis) as instances when individuals were first observed having a 

positive fecal sample. Therefore, the discrete contact interval unit for which we evaluate pairwise 

hazard rate ratios was one week. Individuals were said to be susceptible at interval 𝜏 if they had 

not presented a positive culture at any previous time. We assumed a latent period of < 6 days, so 

individuals observed failing are assumed to have been colonized at some point following the 

previous sampling date. Because individuals could have been colonized at any point during a 

given week, we defined shedding individuals at interval 𝜏 as those that had a positive fecal 

sample in the current week (i.e., interval 𝜏) or in the previous week (i.e., interval 𝜏 − 1). We 

assume these individuals were shedding CFU into the environment between sample collections. 

Because who-infected-whom could not be known in detail, all susceptible individuals at any 

given 𝜏 were assumed to have an equal probability of being colonized by any other known 

shedding individuals at that interval. Susceptible individuals observed failing at interval 𝜏, 
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however, had a 0% probability of colonizing themselves. In the rare event that no sample was 

collected from specific individuals in a given week, their survival status was truncated from 

interval 𝜏 − 1 to 𝜏 +1. Though we technically monitored individuals for 6 and 10 weeks in 2017 

and 2018, respectively, due to how we define shedding individuals we can only use this pairwise 

procedure to model hazard rates prior to the timepoint when there were 0 positive fecal samples 

observed two weeks in a row. This occurred in week 6 of 2017, but was not observed at all in 

2018. Therefore, for 2017 we were only able to model hazard rates through week 5.   

For each shedding individual – susceptible individual pair, 𝑖𝑗, the pairwise hazard rate 

parameter, λ!", describing risk of successful transmission of a pathogen from 𝑖 to 𝑗 is  

lnλ!"(𝜏, 𝑋) = lnλ'(𝜏)	𝛽23𝑋!".   ( 2 ) 

In this equation, λ' is an unknown baseline dyad-level hazard rate, 𝛽2 is an unknown coefficient 

vector of length 𝑋!", and 𝑋!" is a covariate vector that can contain any combination of 

infectiousness covariates (i.e., relating solely to individual 𝑖), susceptibility covariates (i.e., 

relating solely to individual 𝑗), and pairwise covariates (Sharker & Kenah 2019). Each 

coefficient in 𝛽2 can be considered to be the log rate ratio, relative to lnλ', associated with a one-

unit increase of the corresponding covariate in 𝑋!". 

We used parametric Weibull survival functions to fit the data, where trends in pairwise 

hazard rates were explained by 1 to 7 covariates of interest. A description of each covariate is 

given in Table 1. The 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 covariate was included to test the hypothesis that E. coli 

transmission is driven by physical contacts with shedding individuals, and 𝑠𝑜𝑐𝑖𝑎𝑙 was included 

to determine if the effect of each direct contact on transmission risk varies in accordance with the 

social relationship between dyad members. 𝑃𝑒𝑛𝑆𝑎𝑚𝑝𝑙𝑒 and 𝐼" were intended to be proxies for 

environmental transmission and were included to test the hypotheses that colonization risk 
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correlates with the number of positive soil samples and fecal samples observed each week, 

respectively. 𝑃𝑟𝑒𝑐𝑖𝑝 was included to test the hypothesis that rainfall interacts with 

environmental bacterial load to modulate colonization risk. Finally, we included the 𝑑𝑒𝑔𝑟𝑒𝑒! and 

𝑑𝑒𝑔𝑟𝑒𝑒" covariates to test the respective hypotheses that shedding individuals’ probability of 

infecting others, and susceptible individuals’ probability of being colonized correlates with their 

weekly social network degree. 

We used an AIC-based model selection approach to evaluate the assembled hypotheses. 

First, we fit the model including all terms: 

λ!"(𝜏) = λ'(𝜏)𝑒^(𝛽&𝑝𝑒𝑛𝑆𝑎𝑚𝑝𝑙𝑒 +	𝛽1𝐼" +	𝛽4𝑝𝑟𝑒𝑐𝑖𝑝	 +	𝛽5𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 + 𝛽)𝑠𝑜𝑐𝑖𝑎𝑙	 +

	𝛽-𝑑𝑒𝑔𝑟𝑒𝑒! 	+ 	𝛽+𝑑𝑒𝑔𝑟𝑒𝑒" 	+ 	𝛽6𝑝𝑒𝑛𝑆𝑎𝑚𝑝𝑙𝑒 ∗ 𝐼" +	𝛽.𝑝𝑒𝑛𝑆𝑎𝑚𝑝𝑙𝑒 ∗ 	𝑝𝑟𝑒𝑐𝑖𝑝	 +	𝛽&'𝐼" ∗

	𝑝𝑟𝑒𝑐𝑖𝑝	 +	𝛽&&𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 ∗ 	𝑠𝑜𝑐𝑖𝑎𝑙	 +	𝛽&1𝑝𝑒𝑛𝑆𝑎𝑚𝑝𝑙𝑒 ∗ 𝐼" ∗ 𝑝𝑟𝑒𝑐𝑖𝑝).  ( 3 ) 

Then we fit all potential nested variants (n = 626). We used the Nelder-Mead algorithm (Nelder 

& Mead 1965) to estimate maximum likelihood for model parameters. For all Weibull 

distributions, the probability density function was 

𝑓(𝑥) = 	𝜆𝜃(𝜆𝜏)78&𝑒9(:;)!,   ( 4 ) 

 where the shape parameter (𝜃) was assumed to be the same for all 𝑖𝑗 pairs, but the rate 

parameter (𝜆) was allowed to vary (Kenah 2019). Due to aforementioned differences in point-

location data quality between 2017 and 2018 study periods, observed contact and social metrics 

are not directly comparable. Thus, we modeled hazard rates in each year separately. For each 

year, we report models with AIC weights ≥ 5% and describe Wald 95% confidence intervals and 

p-value estimates for pairwise hazard ratios determined from best-fitting models (i.e., model with 

the greatest weight each year). 

We define candidate model sets for 2017 and 2018 data as 𝑀& and 𝑀1, respectively. 
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For each of the 313 models in our two yearly candidate sets, 𝑚 ∈ 𝑀, we calculated the mean per-

capita pairwise hazard rate for E. coli transmission estimates predicted each week, λQ;". The 

equation used to calculate λQ;" for each interval 𝜏 was 

λQ;" = &
<
∑ R&

=
∑ λS!";=
!%& T<

"%& ,   ( 5 ) 

where λS!"; is the predicted pairwise hazard rate for dyad 𝑖𝑗 at during interval 𝜏. We used model 

averaging (Anderson 2008) to compile a most-likely weekly pairwise hazard rate distribution for 

each study period:  

λQ;# =	∑ λQ;"
>
?%& 𝑤?,    ( 6 ) 

where 𝑤? is the model-specific AIC weight. These averaged estimates can be considered to be 

the mean weekly probabilities that each susceptible individual will be colonized prior to interval 

𝜏 + 1, given that they had already survived to 𝜏. 

 

Software 

All data processing and analyses were carried out in RStudio (v. 1.1.463, RStudio Team, 

Boston, MA) running R (v. 3.6.2, R Foundation for Statistical Computing, Vienna, Austria). We 

used the contact package (v.1.2.5), introduced in Farthing et al. (2020) to clean point-location 

data and create contact and social networks. We utilized the transtat package (v. 0.3.3, available 

at github.com/ekenah/transtat (Kenah 2019)) for all pairwise hazard modelling and analysis.  

 

Results 

Yearly metric comparisons 

Weekly colonization rates were similar in both study periods (Figure 3). Despite similar 

survival curves, there were stark differences in most covariates of interest between the two years. 
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Yearly trends in all covariates of interest are shown in Appendix C4-2. On average, the 2018 

study period had 1.94 cm/day more precipitation than the 2017 period, with a difference of 11.22 

cm between maximum daily average precipitation levels each year. Observed proximity-based 

contact rates between 𝑖𝑗 pairs were also much lower in 2018 compared to 2017, with respective 

averages of 2.38 and 21.01 contacts/day. Average weekly node degree in social networks, 

however, tended to be much greater in 2018. In 2018, 𝑖𝑗 node pairs were about ≈ 4 times more 

likely to be connected by edges in weekly social networks than in 2017, on average.  

 

Pairwise AFT models 

Of the 626 models we evaluated, 8 failed to converge due to hessian singularities that 

arose in certain data arrangements. From the remaining candidate models, we report those with 

AIC weights (𝑤?) ≥ 5%. Tables of AIC metrics for all candidate models in 2017 and 2018 can 

be found at https://github.com/lanzaslab/EcoliRisk. We found that colonization rates in 2017 

were best explained by the model: 

λ!"(𝜏) = λ'(𝜏)	e^(𝛽&I" + 𝛽1𝑝𝑟𝑒𝑐𝑖𝑝 + 𝛽4I" ∗ 𝑝𝑟𝑒𝑐𝑖𝑝). ( 7 ) 

The 𝑤? for this model is 1.00, and evidence ratios indicate that there is 1.02 x 1074 and 6.48 x 

1024 times more empirical support for this model than for the NULL or second-best-fitting 

model, respectively. Regarding 2018 data, there were a number of candidate models with 𝑤? ≥ 

5%. (Table 2). The candidate with the greatest 𝑤? was: 

λ!"(𝜏) = λ'(𝜏)	e^(𝛽&𝑑𝑒𝑔𝑟𝑒𝑒! + 𝛽1𝑑𝑒𝑔𝑟𝑒𝑒").  ( 8 ) 

In 2017, 4 individuals were found to be colonized at the first sampling period (𝑡 = 1), 

thus hazard rate estimates are based on potential E. coli transmission to the remaining 61 

susceptible calves. We found that the number of shedding individuals susceptible ones were 
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exposed to (I"), and the average daily amount of precipitation (𝑝𝑟𝑒𝑐𝑖𝑝) increased weekly 

colonization risk during this year (Table 3). The effect of average daily precipitation was 

particularly severe, increasing risk by more than 600% per cm*day each week. We also observed 

a significant interaction between these two covariates that had a slight protective effect on 

colonization risk, indicated by the rate ratio less than 1. In 2018, 32 individuals were found to be 

colonized at the first sampling period. In subsequent weeks, we observed that susceptible 

individuals with greater social degrees (𝑑𝑒𝑔𝑟𝑒𝑒") were at greater risk of being colonized (Table 

3). However, shedding individuals with greater social degrees (𝑑𝑒𝑔𝑟𝑒𝑒!) were less likely to 

transmit E. coli to others.  

The 2017 trend in weekly mean per-capita hazard rates for E. coli colonization in 

susceptible individuals was characterized by an initially high value (90% week-1) with steep 

declines in probability of successful transmission from a shedding individual over time, 

culminating with a final λQ;#$value of 0.09 (Figure 4). In contrast to the 2017 trend, 2018 

λQ;#%values were relatively constant over the study period, ranging from 0.01 to 0.03. Weekly 

2018 rates were always dramatically lower than their 2017 counterparts.  

 

Discussion 

This study evaluates drivers of E. coli transmission within the time scale of an outbreak 

(< year). We used pairwise AFT modelling on an integrated data set generated from a 

combination of E. coli field transmission studies and continuous animal point-location tracking 

to quantify relative effects attributable to social and environmental covariates on E. coli 

colonization risk among cattle. Our results show that the primary transmission routes through 

which E. coli propagates within a population are not consistent across years even in similar 
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populations. The best-fitting 2017 model did not contain any covariates intended to evaluate 

physical-contact or social effects on transmission rates, but did contain the environmental 

covariates I" and 𝑝𝑟𝑒𝑐𝑖𝑝. This suggests that environmental conditions primarily contributed to 

transmission risk, potentially through indirect means. 

This was not the case in 2018, however. Models with relatively high AIC weights for 

2018 suggested that E. coli colonization was primarily driven through direct contacts with 

shedding individuals, and that social structure within the population modulates colonization risk. 

The exclusion of covariates related to indirect-transmission and environmental conditions from 

most of the high-weight 2018 models was somewhat surprising given the ability of E. coli to 

survive outside of hosts for long periods of time (Habteselassie et al. 2008; Mathijs et al. 2012; 

Lanzas et al. 2019) and the relatively large number of mean weekly positive soil samples that 

year. The exact cause for this inter-year disparity is unclear, but a potential explanation involves 

the relatively large amount of rainfall observed at the beginning of the 2018 outbreak. It is 

possible that colonization rates were lower in 2018 due to excessive rainfall leaching bacterial 

loads away from the study population (Saini et al. 2003; Ling et al. 2009; Blaustein et al. 2016), 

minimizing contaminated aerosol creation (Cornick & VuKhac 2008), or altering animal 

behaviors in a meaningful way so as to minimize indirect transmission (Chen et al. 2017; Hanya 

et al. 2018; Clink et al. 2020). The latter hypothesis may also explain observed trends in social 

effects on hazard rates in 2018 as animals may differentially huddle together to minimize 

negative effects of rainfall on body temperature (Dreiss et al. 2016), or congregate in drier areas 

(Chen et al. 2017).  

If 2017 and 2018 models do indeed reflect hazard rates associated with indirect and direct 

transmission, respectively, then our results suggest that colonization risk may change over time 
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when indirect transmission is dominant, increasing or decreasing as environmental conditions 

shift. Alternatively, when social behaviors drive colonization, transmission risk is generally low 

and relatively stable during the outbreak. Previous studies aiming to quantify enteric-pathogen 

infection rates in cattle have made the assumption of homogenous mixing (i.e., all individuals 

interact with the same probability) within the population (Nielsen et al. 2007). This assumption 

is often made when effective contact rates are unknown, but is only valid when contact patterns 

are random or near-random, or when infection risk is independent of direct contact rates (Bansal 

et al. 2007; Craft 2015). Though we did find that both proximity-based contact rates and rates of 

social interaction vary within and between years, the minimal variability in 2018 weekly mean 

per-capita hazard rates suggest that the homogenous mixing assumption may indeed be valid for 

cattle when direct transmission dominates the transmission system in spite of the weak social-

covariate effects we observed.  

Our results indicate that social structure and frequent physical contact between animals 

can drive E. coli transmission, lending credence to the idea that enteric pathogen prevalence 

within populations may be the result of physical interactions with socially-related infectious 

individuals (Blyton et al. 2014; Balasubramaniam et al. 2018; Balasubramaniam et al. 2019). 

Because we found that driving forces of colonization can vary within the same system, however, 

we cannot rule out that pathogen prevalence or strain similarity in these cases is better explained 

by habitat overlap, colocation or resource sharing between socially-related individuals. Our 

results suggest that the predominant transmission pathway utilized by microparasites like E. coli 

is likely dictated by environmental conditions (e.g., amount of precipitation) during epidemic 

periods, increasing colonization risk by favoring indirect transmission when specific criteria are 

met. Thus, understanding environmental drivers is key to understanding and minimizing 
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colonization rates. These findings highlight the need for studies seeking to quantify social and 

environmental effects on transmission dynamics to deploy longitudinal sample collection 

procedures that allow direct- and indirect-transmission mechanisms to be assessed 

independently.  

There were some limitations in our study. First, calves in our study were always confined 

to their enclosure.  Cattle and various other species are known to display feces-avoidance 

behaviors (Benham & Broom 1991; Willms et al. 2002), but it is possible that confined calves in 

our study may have been relatively less able to avoid contaminated feces. This may have inflated 

E. coli transmission rates to levels unlikely seen in free-ranging or wild populations. Second, we 

carried out transmission experiments only during summer months. Cattle are known to show 

heterogenous seasonal E. coli shedding and carriage rates (Ogden et al. 2004; Dawson et al. 

2018). Therefore, transmission dynamics we observed may differ from those  

expected in other seasons. Third, we evaluated the transmission of a commensal organism. The 

commensal behavior of the generic E. coli in cattle facilitated the study of heterogeneities related 

to exposure, and made transmission pathways easier to document because high variation among 

host individuals in resistance to colonization is less likely to have evolved and become a 

dominant source of heterogeneity as in pathogens (Blyton et al., 2014, Bull et al., 2012). 

However, for pathogens, illness-induced behavioral effects can disrupt normal inter-animal 

interaction rates and alter within-population transmission dynamics (Herrera & Nunn 2019; 

Stockmaier et al. 2020). Thus, social and contact covariate effects may differ for pathogenic 

microparasite strains.  

Finally, we also relied on real-time point-location data to ascertain contact and social 

information in our study populations, and are subject to the inherent inaccuracies and noisiness 
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of the real-time location system’s triangulation ability (Farthing et al. 2020). Procedures used to 

process the point-location data and define contact and social events have a direct effect on 

disease modelling outcomes (Dawson et al. 2019). Observed effects of physical contact and 

social behaviors on hazard rate estimates are therefore intrinsically linked to our point-location 

data filtering and contact-identification methods. It should additionally be noted that we lack the 

ability to identify what specific social relationships were actually represented in our social 

networks. Edges in our social networks just indicate which node pairs had noticeably elevated 

contact rates relative to null models. Therefore, we cannot discount the possibility that different 

relationship types associated with increased physical contact rates (e.g., social affinity, physical 

aggression, etc.) occurred at varying frequencies across both years and affected colonization 

risks differently.  

Limitations aside, we were able to demonstrate that transmission experiments can be 

combined with real-time location data collection and processing procedures to create an effective 

framework for quantifying driving forces of microparasite transmission. It is our hope that future 

studies can build on our work to identify hallmark predictors of indirect and direct enteric 

pathogen transmission in varied disease-host systems. In this way, we can better understand and 

control microparasite transmission within and between susceptible populations.  
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Tables 

Table 1. Description of covariates included in hazard models. *These are week-level covariates. 

All 𝑖𝑗 pairs in a given week share the same value for week-level covariates. 

NAME TYPE DEFINITION 

𝒄𝒐𝒏𝒕𝒂𝒄𝒕𝒔 pairwise 

Average number of daily 
proximity contacts, obtained 

from contact networks, 
between individuals 𝑖 and 𝑗 

during the time interval 𝑡 − 1 
to 𝑡. 

𝒅𝒆𝒈𝒓𝒆𝒆𝒊 infectiousness Degree of individual 𝑖 in the 
week 𝑡 social network. 

𝒅𝒆𝒈𝒓𝒆𝒆𝒋 susceptibility Degree of individual 𝑗 in the 
week 𝑡 social network. 

𝐈𝒋 susceptibility 
The number of shedding 
individuals capable of 

infecting individual 𝑗 at time 𝑡. 

𝒑𝒆𝒏𝑺𝒂𝒎𝒑𝒍𝒆 pairwise* 
Average number of positive 
(i.e., CFU > 0) soil samples 

observed at time 𝑡 and 𝑡 − 1. 

𝒑𝒓𝒆𝒄𝒊𝒑 pairwise* 
Average daily precipitation (in 
cm) in Manhattan, KS during 
the time interval 𝑡 − 1 to 𝑡. 

𝒔𝒐𝒄𝒊𝒂𝒍 pairwise 

Binary covariate describing if 
an edge exists between 

individuals 𝑖 and 𝑗 in the week 
𝑡 social network. 
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Table 2. 2018 candidate AFT models with AIC weights ≥ 5%. 

MODEL TERMS AIC ∆AIC 𝒘𝒎 
𝒘𝒎

𝒘𝑵𝑼𝑳𝑳
 

𝜷𝟏𝒅𝒆𝒈𝒓𝒆𝒆𝒊 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒋 249.48 0 0.17 64.63 

𝜷𝟏𝒄𝒐𝒏𝒕𝒂𝒄𝒕𝒔 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 + 𝜷𝟑𝒅𝒆𝒈𝒓𝒆𝒆𝒋 250.29 0.81 0.15 43.12 

𝜷𝟏𝒅𝒆𝒈𝒓𝒆𝒆𝒊 250.36 0.88 0.11 41.71 

𝜷𝟏𝐈𝒋 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 + 𝜷𝟑𝒅𝒆𝒈𝒓𝒆𝒆𝒋 251.12 1.64 0.08 28.54 

𝜷𝟏𝒑𝒓𝒆𝒄𝒊𝒑 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 + 𝜷𝟑𝒅𝒆𝒈𝒓𝒆𝒆𝒋 251.16 1.68 0.07 27.96 

𝜷𝟏𝒔𝒐𝒄𝒊𝒂𝒍 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 + 𝜷𝟑𝒅𝒆𝒈𝒓𝒆𝒆𝒋 251.64 2.16 0.06 21.96 

𝜷𝟏𝒔𝒐𝒄𝒊𝒂𝒍 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 251.92 2.44 0.05 19.08 

𝜷𝟏𝒑𝒆𝒏𝑺𝒂𝒎𝒑𝒍𝒆 + 𝜷𝟐𝒅𝒆𝒈𝒓𝒆𝒆𝒊 252.15 2.67 0.05 17.02 
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Table 3. Coefficients and rate ratios associated with 1-unit increases in covariate values given by 

best-fitting pairwise AFT models. Wald 95% confidence intervals are given in parentheses. 

 COEFFICIENT ESTIMATE RATE RATIO p 

2017    

 𝐥𝐧𝛌𝟎 -4.358 (-4.399, -4.318) – < 0.001 

 I" 0.069 (0.069, 0.070) 1.072 (1.071, 1.072) < 0.001 

 𝒑𝒓𝒆𝒄𝒊𝒑 1.968 (1.960, 1.976) 7.156 (7.102, 7.212) < 0.001 

 𝐈𝒋 ∗ 𝒑𝒓𝒆𝒄𝒊𝒑 -0.049 (-0.049, -0.049) 0.952 (0.952, 0.952) < 0.001 

2018    

 𝐥𝐧𝛌𝟎 -2.740 (-3.270, -2.211) – < 0.001 

 𝒅𝒆𝒈𝒓𝒆𝒆𝒊 -0.079 (-0.115, -0.042) 0.924 (0.892, 0.959) < 0.001 

 𝒅𝒆𝒈𝒓𝒆𝒆𝒋 0.023 (0.001, 0.044) 1.023 (1.001, 1.045) 0.039 
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Figures 

 

Figure 1. There were 25 environmental sampling points from which surface soil was collected 

each week. 
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Figure 2. Null contact models consistently underpredict per-capita contact durations and node 

degree during high-activity hours, but overpredict node degree at other times. a.) Comparison of 

empirical and null model per-capita observed contact durations in 2017. b.) Comparison of 

empirical and null model per-capita node degree in 2017. c.) Comparison of empirical and null 

model per-capita observed contact durations in 2018. d.) Comparison of empirical and null 

model per-capita node degree in 2018. 
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Figure 3. Survival curves show that E. coli transmission in 2017 and 2018 occurred at similar 

rates. “At risk” numbers indicate the number of individuals that had not been colonized any time 

prior to the given week (e.g., if 65 individuals were at risk at time 1, but only 33 were at risk at 

time 2, then 32 individuals were found to be colonized at time 1). * There were a total of 65 

susceptible individuals initially at risk in 2017, but the sample for one individual was missing in 

week 1 so that individual was censored until week 2. 
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Figure 4. Mean per-capita weekly hazard rates for susceptible individuals began high and 

decreased over time in 2017, but remained consistently low during the 2018 study period. 
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CHAPTER 5 

Assessing the efficacy of interventions to control indoor SARS-CoV-2 transmission: an 
agent-based modeling approach 

 
Farthing TS, & Lanzas C. (2021). Assessing the efficacy of interventions to control indoor 

SARS-CoV-2 transmission: an agent-based modeling approach.  Preprint available at: 
https://doi.org/10.1101/2021.01.21.21250240. 

 
Abstract 
 

Nonpharmaceutical interventions for minimizing indoor SARS-CoV-2 transmission are 

often based on intuition or anecdotal evidence because there is little research to support them. 

We developed a spatially-explicit agent-based model for simulating indoor respiratory pathogen 

transmission, and used it to compare effects of four interventions on reducing individual-level 

SARS-CoV-2 transmission risk by simulating a well-known case study. We found that imposing 

movement restrictions and efficacious mask usage appear to have the greatest effects on reducing 

infection risk, but multiple concurrent interventions are required to minimize the proportion of 

susceptible individuals infected. Social distancing had little effect on reducing transmission if 

individuals move during the gathering. Furthermore, our results suggest that there is potential for 

ventilation airflow to expose susceptible people to aerosolized pathogens even if they are 

relatively far from infectious individuals. Maximizing the vertical aerosol removal rate is 

paramount to successful transmission-risk reduction when using ventilation systems as 

intervention tools.  
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Introduction 

Understanding transmission mechanisms is necessary to generate evidence-based 

guidance for controlling infectious diseases. Severe Acute Respiratory Syndrome Coronavirus 2 

(SARS-CoV-2), the causative agent of Coronavirus Disease 2019 (COVID-19), is primarily 

spread through infectious respiratory droplets and aerosols of varying size (CDC 2020; Hamner 

et al. 2020; Lu et al. 2020; Shen et al. 2020; WHO 2020). These media are expelled when an 

individual speaks, coughs, sneezes, or otherwise expectorates (Atkinson et al. 2009; Stadnytski et 

al. 2020). Pathogen transmission can occur when these virion-containing particles are inhaled by, 

or otherwise come into contact with the mucosae or conjunctiva (i.e., mouth, nasal membranes, 

or eyes) of a susceptible person (WHO 2020). Aerosol transmission is emerging as an important 

transmission pathway, particularly for large clusters associated with superspreading events 

(Hamner et al. 2020; Quan et al. 2020; Leclerc et al. 2020; Park et al. 2020). van Doremalen et 

al. (2020) found that SARS-CoV-2 can remain viable in aerosolized droplets for at least 3 hours 

post expectoration. While these results may not accurately represent SARS-CoV-2 stability 

outside of laboratory conditions (5), their findings are in line with case reports of viral-RNA 

detection in air collected from hospital rooms housing COVID-19 patients (Chia et al. 2020; Guo 

et al. 2020; Santarpia et al. 2020; Orenes-Piñero et al. 2020).  

Transmission of SARS-CoV-2 is more likely in indoor settings than outdoors (Quan et al. 

2020; Leclerc et al. 2020). Households are the most common venue linked to transmission, but 

healthcare facilities, religious venues, food processing plants or prisons are also likely to be 

associated with large clusters of COVID-19 cases (Leclerc et al. 2020). Recommended 

interventions to reduce indoor transmission include: social distancing, use of face coverings, 

increased ventilation, and reduced group sizes (CDC 2020). U.S. state government 
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recommendations and restrictions for group size limits in indoor gatherings range from 10 to 100 

people or 10 – 75% of a locale’s original capacity (MultiState 2020). There is little evidence-

based research to support specific group size restrictions, however, and few studies have sought 

to identify the most-effective strategy for limiting indoor SARS-CoV-2 transmission.  

Some mathematical models have been built to support individual-level risk assessment of 

indoor transmission and analyze aerosol contributions to past outbreaks. Chande et al. (2020) 

created a tool to assess the U.S. county level probability that someone infected with SARS-CoV-

2 will attend events of varied sizes. Their tool is useful for estimating the probability that SARS-

CoV-2 transmission could occur during any gathering, but provides no direct measure of 

transmission risk from infectious individuals during events and no way to assess the impact of 

intervention strategies other than reducing group sizes. Other models have sought to determine 

the role that aerosolized infectious droplets play in indoor SARS-CoV-2 transmission relative to 

larger droplets that are unlikely to be inhaled, and quantify the transmission risk attributable to 

aerosols in varied environments (Bhagat et al. 2020; Chen et al. 2020; Lelieveld et al. 2020; 

Miller et al. 2020; Sun & Zhai 2020). These models are primarily based on Wells-Riley 

equations for estimating aerosol-attributable risk, which assume homogenous spatiotemporal 

mixing of air constituents and exposure to infectious agents (Riley et al. 1978). Mathematical 

indices and parameter values in these models can be adjusted to simulate effects of intervention 

strategies like social distancing (Sun & Zhai 2020) and increased ventilation rates (Bhagat et al. 

2020; Lelieveld et al. 2020; Miller et al. 2020; Sun & Zhai 2020), but are insufficient for 

capturing or accounting for any behavior- or environment-mediated spatiotemporal heterogeneity 

in transmission risk. Shao et al. (2021) used a fluid dynamics model to simulate ventilation 

effects on SARS-CoV-2 transmission while allowing for heterogenous droplet movement 
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behaviors. Their findings highlight the need to account for within-room spatial heterogeneity 

when studying indoor transmission risk, as phenomena like ventilation can increase infection risk 

to individuals in one area of a room or building while simultaneously mitigating risk in another.  

Here, we present a spatially-explicit agent-based model (ABM) for simulating within-

room respiratory pathogen transmission to inform policy-making decisions aiming to mitigate 

indoor transmission and implementing individual-level nonpharmaceutical interventions. By 

simulating spatiotemporal droplet dynamics (e.g., emission of varying droplet size and 

subsequent distribution in the environment) as well as allowing for dynamic movement and 

positioning of infectious and susceptible individuals, our model allows virion exposure rates to 

vary within indoor settings. We use our model to estimate effects of proposed COVID-19 

intervention strategies for indoor environments (i.e., increased airflow, limiting contact 

durations, wearing masks, and increased interpersonal spacing). For benchmarking purposes, we 

simulate the outbreak that took place during a choir practice in Skagit County, WA in March 

2020 (Hamner et al. 2020). Additionally, we further investigate potential drivers of 

superspreading events, like the Skagit County example, by characterizing and comparing how 

different aspects of indoor gatherings (i.e., population density, duration, quanta production by 

infectious individuals, and ventilation effects) impact transmission risk. Through these analyses 

we provide guidance for minimizing SARS-CoV-2 transmission during indoor gatherings. 

 

Methods 

Model description 

We developed a spatially-explicit, stochastic ABM to simulate both direct-droplet and 

airborne respiratory pathogen transmission in indoor settings. This model was created and 
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executed using the open-source modeling software, NetLogo (Ver. 6. 1. 1 – Wilensky 1999) and 

is available for download at https://github.com/lanzaslab/droplet-ABM. In Appendix C5-1 we 

provide a detailed description of our model in accordance with standards outlined by (Grimm et 

al. 2020). We present a limited summary of the model design below. When describing infectious 

media in our model, we use the term “droplet” to refer to respiratory droplets of any size. 

Agents in our model represent people congregating in a fixed space (e.g., students in a 

classroom, diners in a restaurant, etc.). Patches (i.e., grid cells in the NetLogo model interface) 

represent 1 x 1 m2 areas, and the spatial extent can range from 1 to ∞ m2. The model time step is 

1 minute. Droplets ranging from 3 to 750 𝜇m in diameter are expelled by infectious agents 

(Figure 1A). Subsequently, droplets can be inhaled, fall out, diffuse to nearby patches, move via 

directed airflow, and decay at fixed rates over the course of a simulation. Infection in our model 

is driven by exposure to virions contained in these droplets, and the number of virions per 

droplet scales with droplet size. The rate at which droplets fall out (i.e., are removed from 

circulating air flows) of the simulation is based on the calculated terminal velocity falling speed 

for droplets, and therefore varies with droplet size (Figure 1B). Droplet sizes incapable of 

settling on the ground within one minute are allowed to move between patches via ventilation- 

and diffusion-induced airflow (Figure 1C). Thus, risk of exposure and subsequent infection for 

susceptible individuals varies by space and time during the simulation. We recognize that the 

ability of forced air ventilation systems to reduce local respiratory pathogen transmission is 

linked to their ability to move aerosolized droplets away from susceptible individuals in three 

dimensions (Bhagat et al. 2020; Shao et al. 2021). Though this effect is not explicitly tied to 

airflow inputs in our model, which only allows airflow in two dimensions, we can effectively 

simulate ventilation-induced aerosolized droplet movement to heights outside of individuals’ 
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inhalation ranges by increasing the decay rate when ventilation effects are simulated. In addition 

to controlling the number of individuals present and the size of the simulated world, users can 

dictate infectiousness parameters and other scenario-specific variable values (e.g., number of 

infectious individuals, probability that infectious individuals are asymptomatic, cough frequency, 

number virions per mL of droplet fluid, risk of infection given exposure to 1 virion, etc.), 

ventilation parameters (e.g., direction and speed of airflow, droplet filtration probability, etc.), 

and adherence to transmission-risk-reduction guidelines (e.g., mask usage, local social 

distancing, etc.).  

 

Testing SARS-CoV-2 transmission reduction strategies 

Case scenario and model inputs 

In March 2020, there was a probable SARS-CoV-2 superspreading event during a choir 

practice taking place at a church in Skagit County, Washington, USA (Hamner et al. 2020). 

Sixty-one people were in attendance, one attendee was experiencing flu-like symptoms at the 

time and later tested positive for COVID-19 (Hamner et al. 2020). This individual likely infected 

53 other attendees over the course of the event (Hamner et al. 2020). We briefly describe our 

rationale for setting scenario-specific input values to simulate this case in our model below, but 

more-detailed explanations for input and parameter values are given in Appendix C5-2, and 

Appendix C5-3 describes how sensitive simulated infection risk is to variations in select model 

parameters. 

We know from Hamner et al. (2020) that the choir practice lasted 150 minutes in total, 

split into 4 distinct time intervals. In our simulations, we decided to rearrange agents in our 

model after 40, 90, and 105 minutes to recreate mixing associated with changing time intervals. 
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At timestep 105, individuals moved back to their initial placements, representing their adherence 

to assigned seating during interval 4 (i.e., minutes 105 – 150). The seating chart has not been 

shared due to privacy concerns (Miller et al. 2020) however, we can assume that a maximum of 

2 people could be within 1-m2 patches in this scenario. We set the inhalation rate for simulated 

individuals to 0.023 m3 air/min, a rate consistent with adults participating in light activity 

(Adams 1993). Because it is uncertain whether or not the forced-air system was turned on during 

the choir practice (Miller et al. 2020), we decided to run our simulations in two sets: ventilation-

on (i.e., both forced-air effects and natural diffusion moved droplets between patches) and 

ventilation-off (i.e., only natural diffusion moved droplets between patches).  

 In addition to modeling the baseline scenario, we modulated values of inputs related to 

group-level nonpharmaceutical intervention strategies (i.e., limited population, limited contact 

durations, mask usage, and meter-level social distancing) between simulations in order to assess 

the efficacy of each strategy on reducing the number of susceptible individuals infected. 

Regarding mask usage, we assumed face coverings have both source-prevention and wearer-

protection effects, and reduced global droplet exposure/exhalation rates by 0%, 25%, 50%, 75% 

and 90%. The upper range here is intended to simulate the use of N95 and simple surgical masks, 

which are estimated to reduce aerosol emission rates by approximately 90% and 74%, 

respectively (Jefferson et al. 2008; Asadi et al. 2020). Lower values are intended to simulate the 

use of single- and multi-layered fabric masks, for which a wide range of aerosol-filtration 

efficacies have been reported (O’kelly et al. 2020). When simulating mask usage, we assumed 

that all individuals were wearing masks and that all masks had the same efficacy. Table 1 

outlines the model input values for our superspreading-scenario simulations.  
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Running simulations and analyses 

We set up a factorial simulation run within the NetLogo BehaviorSpace using our 

specified input levels. We ran 1000 replicates of all input set combinations, ultimately resulting 

in 1,080,000 simulations. Simulations were aggregated into a single data set prior to analysis.  

We used a beta regression model with a fixed unknown precision parameter, 𝜙, (Ferrari 

& Cribari-Neto 2004) to estimate effects of interventions on the mean proportion of susceptible 

individuals infected in our full simulation set, 𝜇. Beta regression models are employed to analyze 

proportion data (Ferrari & Cribari-Neto 2004; Cribari-Neto & Zeiles, 2010). We chose to use this 

method because the potential number of infected individuals in each simulation was limited by 

the simulated group size, which was a predictor variable of interest, and because preliminary 

analysis suggested that fitting our data to a beta distribution better explained observed variation 

than other regression models. We therefore determined it was more appropriate to evaluate effect 

sizes in terms of the relative proportion of susceptible people infected rather than their total 

number. We fit our data to the model: 

𝑙𝑛 R J
&9	J

T = 	𝛽' + 𝛽&(𝐺𝑎𝑡ℎ𝑒𝑟𝑖𝑛𝑔	𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛) + 𝛽1(𝑀𝑎𝑠𝑘	𝑢𝑠𝑒) + 𝛽4(𝑀𝑎𝑠𝑘	𝑒𝑓𝑓𝑖𝑐𝑎𝑐𝑦) +

𝛽5(𝐺𝑟𝑜𝑢𝑝	𝑠𝑖𝑧𝑒) + 𝛽)(𝑆𝑜𝑐𝑖𝑎𝑙	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑖𝑛𝑔) + 𝛽-(𝑉𝑒𝑛𝑡𝑖𝑙𝑎𝑡𝑖𝑜𝑛) + 𝛽+(𝑀𝑜𝑣𝑒𝑚𝑒𝑛𝑡) +

𝛽6(𝑀𝑎𝑠𝑘	𝑢𝑠𝑒 ∗ 𝐺𝑟𝑜𝑢𝑝	𝑠𝑖𝑧𝑒) + 𝛽.(𝑀𝑎𝑠𝑘	𝑢𝑠𝑒 ∗ 𝑆𝑜𝑐𝑖𝑎𝑙	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑖𝑛𝑔) + 𝛽&'(𝐺𝑟𝑜𝑢𝑝	𝑠𝑖𝑧𝑒 ∗

𝑆𝑜𝑐𝑖𝑎𝑙	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑖𝑛𝑔) + 𝛽&&(𝑀𝑎𝑠𝑘	𝑢𝑠𝑒 ∗ 𝐺𝑟𝑜𝑢𝑝	𝑠𝑖𝑧𝑒 ∗

𝑆𝑜𝑐𝑖𝑎𝑙	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑖𝑛𝑔),																																							        ( 1 ) 

where “Gathering duration,” “Mask efficacy,” and “Group size” are intervention-strategy 

variables relating to: minutes of simulated interaction between individuals, the efficacy of worn 

face masks for reducing expectoration and inhalation of infectious droplets, the simulated 

population size, and attempted meter-level social distancing in each realized simulation, 
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respectively. The variables “Mask use,” “Movement,” and “Ventilation” are known confounders 

related to: reduced droplet spread distance from expectorating infectious individuals wearing 

masks, the number of times individuals were rearranged within simulations to reflect mixing of 

event attendees, and movement of infectious aerosols throughout the simulated space due to a 

forced-air ventilation system, respectively. “Mask use” is a binary variable taking the value of 1 

when simulated individuals are masked (i.e., “Mask	efficacy" > 0), and 0 when they are not. 

“Movement” takes any one value within the range of 1-to-4, dependent on “Gathering duration.” 

“Ventilation” is a binary variable taking the value of 1 for simulations in the “ventilation-on” 

subset, and 0 for those in the “ventilation-off” subset.  

Because beta regression procedures assume all dependent variable values fall between 0 

and 1, we used the data transformation procedure described by (Cribari-Neto & Zeiles, 2010) to 

reconstruct our proportion data without these extremities. All analyses were carried out using 

functions from the “betareg” R package (Ferrari & Cribari-Neto 2004) in RStudio (v. 1.1.463, 

RStudio Team, Boston, MA) (RStudio Team 2018) running R (v. 3.6.2, R Foundation for 

Statistical Computing, Vienna, Austria) (R Core Team 2020). We calculated a pseudo-R2 

(Ferrari & Cribari-Neto 2004) to assess goodness of fit for our regression model 

 

Evaluating drivers of transmission in indoor gatherings  

To assess the relative contribution of environmental conditions to SARS-CoV-2 

transmission risk, we conducted a sensitivity analysis to ascertain relative effects of population 

density, gathering duration, quanta production by infectious individuals, and ventilation on 

SARS-CoV-2 infection risk beyond the conditions tested in the Skagit County case. In addition, 

we quantified the ability of different ventilation system aspects (i.e., air-change rate, filtration 
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rate, and effective three-dimensional droplet removal rate) to reduce SARS-CoV-2 transmission 

risk. Table 2 describes the model input values for these indoor-gathering-risk-assessment 

simulations.  

We set up a factorial simulation run within the NetLogo BehaviorSpace using our 

specified input levels. We ran 1000 replicates of each parameter set combination when the 

“Forced air” parameter was set to “on” and when it was “off.” We ran these sets separately in 

order to save computation time as there were many inputs that only changed when forced airflow 

was simulated. Ultimately, we produced 144,000 “off” simulations, and 20,160,000 “on” 

simulations. In both sets, we identified simulations when transmission occurred (i.e., simulations 

where ≥ 1 susceptible person was infected), and recorded this occurrence as the binary variable 

𝑦! so that 

𝑦! = �		1			𝑖𝑓	𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛	𝑤𝑎𝑠	𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑0			𝑖𝑓	𝑛𝑜	𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛	𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑑,         ( 2 ) 

for each realized simulation, 𝑖. 

 We aggregated simulation data into a single data set and carried out a logistic regression 

analysis to estimate effects of variable inputs on observed differences in the probability of 

observing ≥ 1 infections. We fit our data to the model: 

 

ln(	LM(N(	%	&)
LM(N(	%	')

	) = 	𝛽' + 𝛽&(Population	density) + 𝛽1(Gathering	duration) +

𝛽4(Quanta	per	hour) + 𝛽5(Excess	droplet	removal	rate) + 𝛽)(Air	change	rate) +

𝛽-(Air	filtration	rate),         ( 3 ) 
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where “Population density” is given by O
P%	, and the “Excess droplet removal rate” (%/min) 

represents the increased removal of aerosols due to ventilation-induced 3-dimensional droplet 

movement. It is given by the equation: (Virion	decay	rate − 1.05). The 1.05 here represents the 

general SARS-CoV-2 decay rate (i.e., 1.05%/min) as reported by (van Doremalen et al. 2020). 

Subtracting this baseline value from the simulated Virion decay rate gives us an excess removal 

rate that we use as a proxy for 3-dimensional droplet removal attributable to forced airflow 

movement. When no forced airflow is simulated, excess droplet removal, air change, and 

filtration rates all equal 0. We calculated the Tjur (2009) pseudo-R2 for our logistic regression 

model to assess goodness of fit. 

 

Results & Discussion 

 We developed a stochastic and spatially-explicit ABM for studying indoor individual-

level respiratory pathogen transmission, and used it to demonstrate the potential effectiveness of 

multiple intervention strategies for reducing SARS-CoV-2 transmission in an indoor group 

setting mimicking that of a known superspreading event. We were able to effectively recreate the 

empirical proportion of susceptible individuals likely infected during the Skagit County 

superspreading event by simulating the gathering without implementing any intervention 

strategies (Figure 2).  

 Our beta regression model for estimating intervention efficacy had a pseudo-R2 of ≈ 0.43. 

Given the number of stochastic processes in our ABM, the explanatory power of the model is 

acceptable. Duration limits and efficacious mask usage appear to have the greatest effects on 

reducing the proportion of susceptible individuals infected, but multiple concurrent interventions 

are required to minimize the proportion of susceptible individuals infected (Table 3, Figure 3). 
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However, it is important to note that observed proportional differences are more meaningful for 

relatively large groups than for smaller ones. The effectiveness of limiting the duration of 

gatherings for reducing the proportion of infected individuals appears to largely result from 

reducing the confounding movement effect that increases over time, thereby reducing the 

probability that susceptible individuals will move from uncontaminated space to areas with 

greater concentrations of infectious aerosols or nearby to infectious individuals where they may 

be exposed to large virion-containing droplets (Table 3). We show that simply by limiting the 

time spent rehearsing that night to 40 min, reducing random mixing between attendees by ending 

the event prior to splitting into disparate groups (Hamner et al. 2020), the proportion of people 

infected could have been reduced by 70 – 88% even without implementing any other 

intervention strategies. Therefore, imposing movement restrictions could be a more effective 

intervention than strict duration limits. 

 We found that mask usage and social distancing interventions are relatively more 

effective for reducing proportional infection rates in small groups than in large ones. Our 

findings suggest that in the Skagit County choral case, duration limits with implied movement 

restrictions and mask usage would have been the most-effective intervention strategies for 

reducing SARS-CoV-2 infection rates, but multiple interventions would have needed to be 

deployed simultaneously to reach near-zero rates (i.e., mean rate < 0.5 people / gathering 

duration). Infection rates generally increased with group size and decreased with mask efficacy, 

and we found that when movement rates were minimized (i.e., gathering durations ≤ 40) we 

could minimize infection rates with relatively-low mask efficacy or even no mask usage in some 

cases. Our results support recent evidence suggesting that even wearing masks with relatively 

low droplet-filtering abilities around others can help to reduce exposure to infectious agents 
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(Agrwal & Bhardwaj 2020; O’kelly et al. 2020). Attempted social distancing up to 3 m had little 

effect on transmission rates relative to other intervention strategies. That said, because social 

distancing generally had a greater effect on proportional infection rates when group size was 

limited to 10 people, and 2-m social distances reduced the mean number of infections in larger 

groups, we can intuit that the relatively small overall effect of social distancing was likely due to 

the presence of physical barriers (e.g., edges of the simulated world) or the physical arrangement 

of nearby individuals impeding agents’ attempts to social distance, rather than due to far-

reaching droplet spread that makes social distancing irrelevant.  

 Conclusions regarding social distancing effects are further supported by our logistic 

regression model results that describe the relative effects of population density, gathering 

duration, quanta production, and ventilation on the probability of indoor SARS-CoV-2 

transmission from a single infectious individual (Table 4). This model had a pseudo-R2 value of 

0.25 and demonstrated that among the considered variables, population density was the most-

important contributor to SARS-CoV-2 transmission risk. Additionally, increases in gathering 

duration, infectious aerosol production, and horizontal air movement all escalate the probability 

that transmission will occur during gatherings, though the effect is much lesser than that of 

increasing population density. The relatively small effects of quanta production and duration on 

transmission risk suggest that once individuals are exposed to infectious agents, they are likely to 

become infected quickly. Thus, minimizing susceptible people’s exposure to infectious media is 

of paramount importance for controlling COVID-19 incidence.  

 Regarding observed effects of ventilation in our beta and logistic regression models, our 

results suggest that in spite of some evidence that forced-air ventilation systems can reduce risk 

of respiratory pathogen infection from indoor aerosols (Escombe et al. 2007; Smieszek et al. 
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2019), there is potential for forced airflow to expose susceptible people to aerosolized pathogens 

even if they are relatively far from infectious individuals, and therefore increase transmission 

risk. We show that, though filtering re-circulated air can lower transmission risk (Table 4), 

increasing this effect is unlikely to compensate for the elevated risk attributable to increased 

horizontal air-change rates (Tables 3 & 4). It appears that maximizing rates of three-dimensional 

aerosol removal is the key to successful transmission-risk reduction when using forced-air 

ventilation systems as intervention tools. Our results are therefore consistent with the findings of 

(Bhagat et al. 2020), who advise that “displacement” ventilation systems, those designed to 

vertically stratify indoor air by temperature and remove warmer air, are likely able to reduce 

local SARS-CoV-2 transmission risk. “Mixing” ventilation systems, designed to distribute 

temperature and aerosols equally throughout the space, are likely insufficient for preventing 

transmission and may even facilitate it (Bhagat et al. 2020).   

 Given our findings, we maintain that in areas where COVID-19 prevalence remains high, 

holding events associated with relatively-increased mixing rates between individuals (e.g., social 

gatherings, sporting events, etc.) should be avoided even if attendance rates are presumed to be 

low. Such events are likely to be associated with SARS-CoV-2 transmission if ≥ 1 infectious 

individual(s) were to attend, the probability of which increases linearly with group size (Chande 

et al. 2020). It is important to note however, that though our results provide insight into 

mechanisms for reducing SARS-COV-2 transmission rates, given the effect that model 

parameters can have on simulation outcomes (see Appendix C5-3), our findings may not be 

reasonably extrapolated to accurately predict transmission in scenarios dissimilar from those we 

modeled here (e.g., ≥ 2 infectious individuals, fewer aerosolized virions produced during 

expectorations, etc.). Regardless, we can still conclude that imposing mask usage requirements, 
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group size restrictions, duration limits, and social distancing policies have additive, and in some 

cases multiplicative protective effects on individual-level SARS-CoV-2 infection risk during 

gatherings, and can be particularly efficacious interventions when deployed simultaneously.  

 

Conclusions 

 Our results suggest SARS-CoV-2 infections can occur quickly following exposure to 

infectious respiratory droplets. To maximize nonpharmaceutical intervention efficacy, we must 

understand and account for drivers of indoor exposure to infectious droplets and aerosols (e.g., 

people moving from virion-free space into contaminated areas within the room, ventilation 

systems pushing infectious aerosols towards susceptible individuals, etc.), so that individuals 

may actively take steps to avoid high-risk behaviors and environments. The ability to study these 

drivers is what differentiates our ABM from other models designed to study indoor SARS-CoV-

2 transmission, but that do not incorporate spatiotemporal heterogeneity in agent behavior and 

environmental conditions. 
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Tables 
 
Table 1. Parameter descriptions for simulations of the Skagit County, WA March 2020 SARS-

CoV-2 transmission case study. *Simulated worlds were 10 m X 18 m. †Standard deviations are 

given in parentheses. ‡Zero-percent mask efficacy is equivalent to no mask use. §Das et al. 

(2020) estimated the average travel distance of a 100-micrometer droplet expelled from a height 

of 1.7 m at a velocity of 0.5 m/s to be 0.55 m. They also found that the majority of 100-μm 

droplets will fall 0.55-2.35 m away from the expelling individual, depending on initial velocity, 

but droplets may settle up to 3.2 m away very rarely. a random draw of 10,000,000 samples from 

a log-normal distribution parameterized using 1.7-m and 0.2095-m droplet spread distance mean 

and standard deviation values, respectively, generated a distribution in line with this finding. The 

standard deviation we use in simulations for non-coughing expectoration is proportionate to the 

one used in this random draw.  

Parameter/Model Input Value(s) Reference(s) 

Infectiousness parameters   

Cough frequency (coughs/min) 0.19 Lee et al. 2012 

Droplet count (droplets/expectoration) 9.7e5 (3.9e5)† Miller et al. 2020, Appendix C5-2 

Droplet spread angle – coughing  (º) 35 Kwon et al. 2012 

Droplet spread angle – not coughing (º) 63.5 Kwon et al. 2012 

Droplet travel distance – coughing (m) 5 (0.256)† Bourouiba et al. 2014 

Droplet travel distance – not coughing (m) 0.55 (0.068)†§ Das et al. 2020 

Scenario environment and individual behavior inputs 

Area (m2) 180* Hamner et al. 2020 

Expectoration height (m) 1.7 Fryar et al. 2018 

Inhalation rate (m3 air/min) 0.023 Adams 1993 

Maximum people in a single 1-m2 patch (people) 2 Hamner et al. 2020 

Number of symptomatic individuals (people) 1 Hamner et al. 2020 

Scenario virion behavior inputs   
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Table 1 (continued).  

Virion count (virions/mL fluid) 2.35e9 Wölfel et al. 2020 

Virion decay rate (%/min) 1.05 Van Doremalen et al. 2020 

Virion infection risk (%/inhaled virion) 6.24 Appendix C5-2 

Scenario airflow inputs   

Diffusion rate (m3/min) 1.5e-3 Castillo et al. 2018 

Forced air on, off – 

Forced air direction North-to-South, East-to-West – 

Air change rate (%/min) 4.3 Miller et al. 2020 

Re-circulated air filtration (%/min) 90 Miller et al. 2020 

Scenario intervention inputs   

Attempted social distancing (m) 0, 1, 2, 3 – 

Contact duration (min) 20, 40, 60, 90, 105, 150 – 

Mask efficacy (%) 0‡, 25, 50, 75, 90 Jefferson et al. 2008, Asadi et al. 2020 

Population (people) 10, 50, 61 (Hamner et al. 2020; MultiState 2020) 
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Table 2. Parameter descriptions for ventilation-system effect evaluations. *All simulated worlds 

were square-shaped. †Based on linear modeling described in Appendix C5-2, these values equate 

to 1 (SD = 0) and 970 (SD = 390) quanta/hr. ‡Standard deviations are given in parentheses. §Das 

et al. (2020) estimated the average travel distance of a 100-micrometer droplet expelled from a 

height of 1.7 m at a velocity of 0.5 m/s to be 0.55 m. They also found that the majority of 100-

μm droplets will fall 0.55-2.35 m away from the expelling individual, depending on initial 

velocity, but droplets may settle up to 3.2 m away very rarely. a random draw of 10,000,000 

samples from a log-normal distribution parameterized using 1.7-m and 0.2095-m droplet spread 

distance mean and standard deviation values, respectively, generated a distribution in line with 

this finding. The standard deviation we use in simulations for non-coughing expectoration is 

proportionate to the one used in this random draw. ¶These parameter values were only used when 

the “Forced air” parameter value was set to “on.” #These parameter values were only used when 

the “Forced air” parameter value was set to “off.” **All patches on the east side of the simulated 

world acted as supply vents. All patches on the west side acted as return vents. ††Zero-percent 

mask efficacy is equivalent to no mask use. ‡‡Instead of specifying a fixed number of individuals 

in simulations, we scaled the simulated population with world size. 

Parameter/Model Input Value(s) Reference(s) 

Infectiousness parameters   

Cough frequency (coughs/min) 0.19 Lee et al. 2012 

Droplet count (droplets/expectoration)† 1,000 (0)‡, 9.7e5 (3.9e5)‡ Miller et al. 2020, Appendix C5-2 

Droplet spread angle – coughing  (º) 35 Kwon et al. 2012 

Droplet spread angle – not coughing (º) 63.5 Kwon et al. 2012 

Droplet travel distance – coughing (m) 5 (0.256)‡ Bourouiba et al. 2014 

Droplet travel distance – not coughing (m) 0.55 (0.068)‡§ Das et al. 2020 

Scenario environment and individual behavior inputs 
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Table 2 (continued). 

 

  

Area (m2)* 9, 36, 81 – 

Expectoration height (m) 1.7 Fryar et al. 2018 

Inhalation rate (m3 air/min) 0.023 Adams 1993 

Maximum people in a single 1-m2 patch (people) 2 Hamner et al. 2020 

Number of infectious individuals (people) 1 – 

Proportion of infectious individuals that are symptomatic (%) 0, 100 – 

Scenario virion behavior inputs   

Virion count (virions/mL fluid) 2.35e9 Wölfel et al. 2020 

Virion decay rate (%/min) 1.05, 5¶, 10¶, 25¶, 50¶, 75¶, 90¶ van Doremalen et al. 2020 

Virion infection risk (%/inhaled virion) 6.24 Appendix C5-2 

Scenario airflow inputs   

Diffusion rate (m3/min) 1.5e-3 Castillo et al. 2018 

Forced air on, off – 

Forced air direction** East-to-West – 

Air change rate (%/min) 0#, 1¶, 5¶, 10¶, 25¶, 50¶ – 

Re-circulated air filtration (%/min) 0#,1¶, 5¶, 90¶, 100¶ – 

Scenario intervention inputs   

Attempted social distancing (m) 0 – 

Contact duration (min) 10, 30, 60 – 

Mask efficacy (%) 0†† – 

Population density (people/m2)‡‡ 0.333, 0.667, 1, 1.667 – 
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Table 3. Logit scale estimates associated with 1-unit increases in covariate values given by our 

beta-regression model for evaluating intervention effects. Wald 95% confidence intervals are 

given in parentheses. 

 

  

Coefficient Estimate p 

Intercept -2.927 (-2.940, -2.914) – 

𝝓 5.808 (5.791, 5.824) – 

𝐆𝐚𝐭𝐡𝐞𝐫𝐢𝐧𝐠	𝐝𝐮𝐫𝐚𝐭𝐢𝐨𝐧 (min) 0.012 (0.012, 0.012) < 0.001 

𝐌𝐚𝐬𝐤	𝐞𝐟𝐟𝐢𝐜𝐚𝐜𝐲 (%) -0.015 (-0. 015, -0.015) < 0.001 

𝐌𝐚𝐬𝐤	𝐮𝐬𝐞 -0.949 (-0.964, -0.935) < 0.001 

𝐌𝐨𝐯𝐞𝐦𝐞𝐧𝐭 (No. rearrangements) 0.491 (0.485, 0.497) < 0.001 

𝐆𝐫𝐨𝐮𝐩	𝐬𝐢𝐳𝐞 (people) 0.001 (0.001, 0.001) < 0.001 

𝐒𝐨𝐜𝐢𝐚𝐥	𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐢𝐧𝐠 (m) -0.250 (-0.256, -0.243) < 0.001 

𝐕𝐞𝐧𝐭𝐢𝐥𝐚𝐭𝐢𝐨𝐧 0.898 (0.895, 0.902) < 0.001 

𝐌𝐚𝐬𝐤	𝐮𝐬𝐞 : 𝐆𝐫𝐨𝐮𝐩	𝐬𝐢𝐳𝐞 0.014 (0.013, 0.014) < 0.001 

𝐌𝐚𝐬𝐤	𝐮𝐬𝐞	: 𝐒𝐨𝐜𝐢𝐚𝐥	𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐢𝐧𝐠 -0.018 (-0.025, -0.010) < 0.001 

𝐆𝐫𝐨𝐮𝐩	𝐬𝐢𝐳𝐞 : 𝐒𝐨𝐜𝐢𝐚𝐥	𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐢𝐧𝐠 0.004 (0.004, 0.004) < 0.001 

𝐌𝐚𝐬𝐤	𝐮𝐬𝐞	: 𝐆𝐫𝐨𝐮𝐩	𝐬𝐢𝐳𝐞 : 𝐒𝐨𝐜𝐢𝐚𝐥	𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐢𝐧𝐠 1.923e-4 (3.039e-5, 3.542e-4) 0.020 
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Table 4. Logit scale estimates associated with 1-unit increases in covariate values given by our 

logistic-regression model for evaluating effect on SARS-CoV-2 transmission risk during an 

indoor gathering. Wald 95% confidence intervals are given in parentheses. 

  

Coefficient Estimate Odds ratio p 

Intercept -0.146 (-0.151, -0.140) – – 

Population density 

(people/m2) 
2.766 (2.761, 2.771) 15.891 (15.813, 15.968) < 0.001 

Gathering duration (min) 0.015 (0.015, 0.015) 1.015 (1.015, 1.015) < 0.001 

Quanta (quanta/hr) 0.002 (0.002, 0.002) 1.002 (1.002, 1.002) < 0.001 

Excess droplet removal rate 

(%/min) 
-0.024 (-0.024, -0.024) 0.976 (0.976, 0.976) < 0.001 

Air change rate (%/min) 0.017 (0.017, 0.017) 1.02 (1.02, 1.02) < 0.001 

Air filtration rate (%/min) -0.005 (-0.005, -0.005) 0.995 (0.995, 0.995) < 0.001 
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Figures 

Figure 1. Model droplet dynamics. A) Infectious individuals expel droplets of different sizes. B) 

Relatively large droplets fall out of the air quickly post expectoration. C) Smaller droplets 

remain aerosolized for longer time periods and move throughout the simulated room via 

diffusion and forced airflow effects. D) Distribution of droplet sizes during expectoration events. 

Distributions of size classes during coughing and speaking events are based on findings of Chao 

et al. (2009), and represent mean observed droplet-size measurements they recorded 60 mm 

away from individuals’ mouths immediately following these activities. 
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Figure 2. In the absence of interventions to reduce transmission risk, the proportion of 

susceptible people infected in simulations can reflect the case study value (i.e., 0.88) and is more 

likely to do so when forced airflow is included. 
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Figure 3. Predicted proportion of susceptible populations infected with SARS-CoV-2 for varied 

parameter sets suggest that concurrent deployment of multiple interventions is required to 

achieve near-zero transmission rates. 
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CHAPTER 6 

When can we stop wearing masks? Agent-based modeling to identify the level at which 
vaccine coverage makes nonpharmaceutical interventions for reducing SARS-CoV-2 

infections redundant in indoor gatherings 
 

Farthing TS, & Lanzas C. (2021). When can we stop wearing masks? Agent-based modeling to 
identify the level at which vaccine coverage makes nonpharmaceutical interventions for reducing 

SARS-CoV-2 infections redundant. Preprint available at: 
https://doi.org/10.1101/2021.04.19.21255737. 

 
Abstract 
 

As vaccination efforts to combat the COVID-19 pandemic are ramping up worldwide, 

there are rising concerns that individuals will begin to eschew nonpharmaceutical interventions 

for preventing SARS-CoV-2 transmission and attempt to return to pre-pandemic normalcy 

before vaccine coverage levels effectively mitigate transmission risk. In the U.S.A., some 

governing bodies have already weakened or repealed guidelines for nonpharmaceutical 

intervention use, despite a recent spike in national COVID-19 cases and a majority population of 

unvaccinated individuals. Recent modeling suggests that repealing nonpharmaceutical 

intervention guidelines too early into vaccine rollouts will lead to localized increases in COVID-

19 cases, but the magnitude of nonpharmaceutical intervention effects on individual-level SARS-

CoV-2 infection risk in fully- and partially-vaccinated populations is unclear. We use a 

previously-published agent-based model to simulate SARS-CoV-2 transmission in indoor 

gatherings of varying durations, population densities, and vaccination coverage levels. By 

simulating nonpharmaceutical interventions in some gatherings but not others, we were able to 

quantify the difference in SARS-CoV-2 infection risk when nonpharmaceutical interventions 

were used, relative to scenarios with no nonpharmaceutical interventions. We found that 

nonpharmaceutical interventions will often reduce secondary attack rates, especially during brief 

interactions, and therefore there is no definitive vaccination coverage level that makes 
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nonpharmaceutical interventions completely redundant. However, the reduction effect on 

absolute SARS-CoV-2 infection risk conferred by nonpharmaceutical interventions is likely 

proportional to COVID-19 prevalence. Therefore, if COVID-19 prevalence decreases in the 

future, nonpharmaceutical interventions will likely still confer protective effects but potential 

benefits may be small enough to remain within “effectively negligible” risk thresholds. 
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Introduction 

Global vaccine rollout to combat the Coronavirus Disease 2019 (COVID-19) pandemic is 

well underway, with at least different seven vaccines approved for distribution by different 

countries (WHO 2021). In the U.S.A., where three vaccines have been approved for distribution 

(CDC 2021a), 24.8% of the population has been fully vaccinated against COVID-19 as of April 

17th 2021 (CDC 2021b). Despite ongoing vaccine rollouts, as of April 17th 2021, there is an 

indication that COVID-19 cases are surging in some U.S. states (NY Times 2021). In spite of 

rising case numbers, several U.S. states have recently rescinded, or allowed to expire, policies 

mandating use of nonpharmaceutical intervention in public spaces, with seemingly no intention 

of reinstating them in the near future (State of Iowa 2021; State of Mississippi 2021; State of 

Texas 2021). Population-level epidemiological models of vaccine rollout effects on COVID-19 

transmission suggest that discontinuing nonpharmaceutical intervention use early into the 

vaccination effort leads to a subsequent surge in COVID-19 cases and related hospitalizations 

and deaths (Gozzi et al. 2021; Moore et al. 2021).  

The magnitude of nonpharmaceutical intervention effects on individual-level SARS-

CoV-2 infection risk in fully- and partially-vaccinated populations is unclear. This information is 

crucial for identifying vaccination levels at which it would be appropriate to scale-back 

guidelines for nonpharmaceutical interventions, as it would allow governing bodies to base 

policies on concrete risk estimates. The United States Centers for Disease Control and 

Prevention (CDC) has updated guidelines on safe gathering protocols, recommending that groups 

of fully-vaccinated people can now safely interact amongst themselves, or with small groups of 

unvaccinated people at low risk for developing severe COVID-19, without utilizing any 

nonpharmaceutical Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) 
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transmission interventions (e.g., face coverings, 2-m social distancing, etc.) (CDC 2021c). 

However, the guidelines also recommend to continue avoiding medium to large gatherings, and 

the use of nonpharmaceutical interventions in public and when gathering with unvaccinated 

individuals. This caution stems from the incomplete knowledge of vaccine effectiveness across 

different populations, their effects on transmission, and the potential change on vaccine 

effectiveness caused by the emergence of new SARS-Cov-2 variants.    

The problem with citing vaccination efforts as a justification for discontinuing 

nonpharmaceutical interventions is twofold. First and foremost, the majority of the U.S. 

population is not yet fully vaccinated (CDC 2021b), and therefore presumably has little-to-no 

immunity from SARS-CoV-2 infections. Secondly, while there is growing evidence that these 

vaccines reduce SARS-CoV-2 infection risk in addition to COVID-19 incidence, vaccines may 

not confer complete immunity or block transmission (Hall et al. 2021; Lipsitch & Kahn 2021; 

Yellen et al. 2021). Data suggest that the BNT162b2 mRNA vaccine (i.e., the vaccine developed 

by Pfizer-BioNtech) may be ≈ 72% effective at preventing laboratory-confirmed SARS-CoV-2 

infections after a single dose, and ≈ 86-92% two weeks following the second dose (Hall et al. 

2021; Yellen et al. 2021). Furthermore, this vaccine may reduce viral loads, a potential proxy for 

infectiousness, in infected individuals by 3-4 times (Levine-Tiefenbrun et al. 2021). Less 

information is available on the ability of the other two vaccines approved for U.S. distribution to 

reduce SARS-CoV-2 infections, but Lipsitch & Kahn (2021) do estimate that mRNA-1273 (i.e., 

the vaccine developed by Moderna and NIAID) can reduce individual-level infection risk by at 

least 61% following the first dose. Despite potentially-high infection-reduction efficacies, 

without vaccines that confer complete immunity from infection or prevent transmission from 

infectious individuals, it will be difficult to halt SARS-CoV-2 circulation in the population 
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through vaccination efforts alone (Gozzi et al. 2021; Moore et al. 2021). Considering that most 

people also have yet to be fully vaccinated, guidelines that advocate phasing out 

nonpharmaceutical interventions during interpersonal interactions may be premature at this time. 

In Farthing & Lanzas (2021), we described an agent-based model (ABM) for simulating 

indoor respiratory pathogen transmission. We previously used this model to quantify effects of 

nonpharmaceutical interventions on reducing SARS-CoV-2 transmission risk during an indoor 

superspreading event (Farthing & Lanzas 2021). Here, we use it to simulate SARS-CoV-2 

transmission in indoor gatherings of varying durations, population densities, and proportional 

vaccination coverage. By simulating nonpharmaceutical interventions in some gatherings but not 

others, we were able to quantify the difference in SARS-CoV-2 infection risk when 

nonpharmaceutical interventions were used in conjunction with vaccination efforts, relative to 

scenarios with no nonpharmaceutical interventions. Using these data, we demonstrate how 

interested parties can easily estimate the potential reduction in SARS-CoV-2 infection risk 

attributable to nonpharmaceutical interventions, and try to answer the question: “at what point 

during vaccine rollout are gatherings without non-pharmaceutical measures safe?”  

 

Methods 

We used the ABM we first described in Farthing & Lanzas (2021) to simulate the effect 

of increasing vaccination coverage and nonpharmaceutical interventions on SARS-CoV-2 

transmission risk during indoor gatherings. The simulation input levels and parameter values we 

used are given in Table 1. We made the assumptions that any infectious individuals at gatherings 

would be asymptomatic because symptomatic people would consciously decide to stay away, 

and that no one with partial immunity exists within the group of attendees. Vaccinated people 
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had a fixed probability of becoming completely immune to SARS-CoV-2 infection (Table 1), 

and those that did not become immune remained susceptible to infection (i.e, ‘all-or-nothing’ 

vaccine). Finally, we only simulated use of cloth face coverings, rather than notably more-

effective masks like N95s, because we make the assumption that the majority of Americans have 

ready access to, and are more-likely to use cloth masks.  

All simulations were carried out within the open-source modeling software, NetLogo 

(Ver. 6. 1. 1 – Wilensky 1999). We executed a factorial simulation run in the NetLogo 

BehaviorSpace using our specified input levels, and ran 200 simulations replicates of each 

parameter set combination when the nonpharmaceutical interventions were included and when 

they were not. We ran these factorial combination sets separately in order to save computation 

time as there were two inputs (i.e., mask efficacy, attempted social distance) that only changed 

when nonpharmaceutical interventions were simulated. We ultimately produced 11,612,800 

simulations without nonpharmaceutical interventions, and 9,676,800 including them (i.e., 

11,289,600 total simulations). We recorded the number of susceptible individuals infected in 

each simulation, and aggregated this information into a single data set prior to analysis.  

We reported the mean probability of observing ≥ 1 successful infection event(s) and 

mean secondary attack rates in indoor gatherings when an asymptomatic person was also in 

attendance across factorial combinations of “between-group comparison” variables (Table 1). 

Secondary attack rates here were calculated by dividing the number of people that were infected 

at the gathering by the number of “healthy” people at the start of the gathering, and can also be 

considered to be the individual-level probability of a previously healthy attendee being infected 

at the gathering. To assess the difference between protection conferred by the simultaneous 

deployment of pharmaceutical and nonpharmaceutical interventions, versus use of only 
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nonpharmaceutical interventions, we first smoothed the observed mean secondary attack rates 

(𝜇) by fitting them to a beta regression model with a fixed unknown precision parameter, 𝜙 using 

a logit link function to map (0,1) values (Ferrari & Cribari-Neto 2004). The specific model is 

given by: 

𝑙𝑛 # !
"#	!

$ (𝜙) = (𝜙)	𝛽% + 𝛽"(𝐺𝑎𝑡ℎ𝑒𝑟𝑖𝑛𝑔	𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛) + 𝛽&(𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛	𝑙𝑒𝑣𝑒𝑙) +

𝛽'(𝑉𝑎𝑐𝑐𝑖𝑛𝑒	𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒) + 𝛽((𝑉𝑎𝑐𝑐𝑖𝑛𝑒	𝑒𝑓𝑓𝑖𝑐𝑎𝑐𝑦) + 𝛽)(𝑉𝑎𝑐𝑐𝑖𝑛𝑒	𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 ∗ 𝑉𝑎𝑐𝑐𝑖𝑛𝑒	𝑒𝑓𝑓𝑖𝑐𝑎𝑐𝑦), 

 ( 9 ) 

where “Intervention level” is a categorical variable containing the following mutually-exclusive 

levels: “cloth face masks & vaccination,” “cloth face masks & 2-m social distancing & 

vaccination,” and “vaccination only.” Additionally, “Vaccine efficacy” here refers to the ability 

of vaccines to induce complete immunity to infection. “Vaccine coverage” and “Vaccine 

efficacy” are given in terms of decimal percent, not percentage points (e.g., 0.1, not 10%). 

Because beta regression models assume all dependent variable values fall between 0 and 1, we 

used the data transformation procedure described by (Cribari-Neto & Zeiles, 2010) to reconstruct 

our proportion data without these extremities prior to model fitting. We used the pseudo-R2 

calculation procedure given by Ferrari & Cribari-Neto (2004) to assess the goodness of fit for 

our regression model.  

After fitting our data, we used the regression model to predict the mean secondary attack 

rates during a 60-minute gathering with a single asymptomatic person in attendance across the 

complete factorial combination of covariate inputs described in Table 2. We report the difference 

between predicted values when all interventions (i.e., cloth face masks & 2-m social distancing 

& vaccination) are utilized, and predicted values assuming vaccinations are the only 
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interventions. All analyses and plotting were carried out using functions from the “betareg” 

(Ferrari & Cribari-Neto 2004) and “ggplot2” (v. 3.3.2, Wickham 2016) R packages, respectively, 

in RStudio (v. 1.1.463, RStudio Team, Boston, MA) (RStudio Team 2018) running R (v. 3.6.2, R 

Foundation for Statistical Computing, Vienna, Austria) (R Core Team 2020). 

 

Results & Discussion 

We found that the probability of ≥ 1 successful transmission event generally increased 

with population density (Fig. 1). This is unsurprising, as SARS-CoV-2 transmission in this ABM 

is highly sensitive to within-room population density (Farthing & Lanzas 2021). We observed 

that at low population densities and/or short-duration gatherings, the use of nonpharmaceutical 

interventions can significantly reduce the probability of successful transmission. Furthermore, it 

is clear that at low population densities, 2-m social distancing confers additional protective 

effects when used in conjunction with cloth face coverings, even during relatively-long duration 

gatherings. This is consistent with what we observed when we used the same ABM to directly 

compare the effectiveness of varied nonpharmaceutical interventions to prevent SARS-CoV-2 

transmission during a superspreading event (Farthing & Lanzas 2021). We found that cloth face 

masks alone conferred few protective effects in long-duration gatherings.  

The probability of transmission events occurring was unlikely to reach ≈ 0% outside of 

scenarios with low population density and multiple nonpharmaceutical interventions, or ≥ 95% 

vaccine coverage and vaccines that were 100% effective at preventing infections. Given that 1) 

current estimates place SARS-CoV-2 vaccine efficacies against infection between 60-90% (Hall 

et al. 2021; Lipsitch & Kahn 2021; Yellen et al. 2021), 2) historical precedence suggesting adult 

populations will fall well short of these high vaccination levels (Applewhite et al. 2020; CDC 
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2020), and 3) the difficulty government institutions have had enforcing nonpharmaceutical 

intervention policies (Jacobs & Ohinmaa 2020; Pedersen & Favero 2020), it is unlikely that these 

scenarios will be representative of average real-world gatherings. Moreover, in 60-min gathering 

scenarios, the probability of ≥ 1 successful transmission event occurring is relatively high even 

when gathering attendees utilize nonpharmaceutical interventions and most are vaccinated.  

The probability that ≥1 SARS-CoV-2-positive individual is in attendance at a gathering 

can be calculated as  

1 − (1 − 𝑝)O,   ( 2 ) 

where 𝑝 is the local COVID-19 prevalence, and 𝑛 is the number of people at the gathering 

(Chande et al. 2020). The prevalence of infectious cases (p) can be highly uncertain because of 

the variable testing effort across time and space, but it can be estimated by assuming that any 

SARS-CoV-2-positive individuals are infectious at time of testing and will remain infectious for 

a given period of time. Additionally, ascertainment bias can be factored in. The probability that a 

given individual will be infected at a gathering is then  

(1 − (1 − 𝑝)O)𝑞!,   ( 3 ) 

where 𝑞! is the probability that individual 𝑖 will be infected given exposure to an asymptomatic 

individual at the gathering. Effectively, what we report in Fig. 2 are estimates of 𝑞! under 

different circumstances. Our findings suggest that cloth-based mask use, with or without 2-m 

social distancing, often does not confer significant protective effects during long-duration 

gatherings (Fig. 2), we have also shown that implementing these nonpharmaceutical 

interventions can reduce overall transmission probability (Fig. 1) and secondary attack rates (Fig. 

2, Table 3) during brief interactions or gatherings with relatively-few people (e.g., fewer than 10 

people, the limit for indoor and/or outdoor social gatherings enforced by some U.S. states 
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(MultiState 2021)). This effectively means that strict guidelines for continued nonpharmaceutical 

intervention use will likely help to mitigate SARS-CoV-2 spread, and therefore COVID-19 

incidence, for as long as these policies are in effect.  

As vaccine coverage increases, the question now becomes “how much elevated risk is 

acceptable in the absence of nonpharmaceutical interventions?" If we let 𝑞!Q denote the 

probability that individual 𝑖 will be infected given exposure to an asymptomatic individual at a 

gathering where no nonpharmaceutical interventions were in place, and 𝑞!∗ denote the probability 

that individual 𝑖 will be infected given exposure to an asymptomatic individual at a gathering 

where some level of nonpharmaceutical interventions were in place, then the relative effect of 

nonpharmaceutical interventions on reducing infection risk is equal to 

!!
∗

!!
# * 100%.   ( 4 ) 

By quantifying covariate effects in our beta-regression model, we provide interested 

parties with a formula that can be used to quickly determine generalized 𝑞!Q or 𝑞!∗ values, without 

the need for running a large number of simulations. Due to the logit link function we used, the 

mean secondary attack rates in our ABM simulations (𝜇) can be predicted using the equation 

𝜇 =
𝑒!!"!"($%&'()*+,	./)%&*0+)"!#(2+&()3(+&*0+	4(3(4)"!$(5%66*+(	603()%,()"!%(5%66*+(	(77*6%68)"!&(5%66*+(	603()%,(∗5%66*+(	(77*6%68)

1 +	𝑒!!"!"($%&'()*+,	./)%&*0+)"!#(2+&()3(+&*0+	4(3(4)"!$(5%66*+(	603()%,()"!%(5%66*+(	(77*6%68)"!&(5%66*+(	603()%,(∗5%66*+(	(77*6%68)
 

( 5 ) 

(Ferrari & Cribari-Neto 2004). Our regression model had a pseudo-R2 of 0.36. Given the number 

of stochastic processes in our ABM and the variability purposely introduced into simulations 

(Table 1), we believe the explanatory power of the model is acceptable for our purposes here. 

Assuming mean population-level vaccine efficacies of 60% and 80%, which we believe are 

conservative estimates for U.S.-approved vaccine efficacies, our regression model consistently 
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predicts that secondary attack rates decrease by 58-60% when attendees utilize cloth masks and 

2-m social distancing, regardless of gathering duration (Fig. 3). However, it is important to 

reiterate that here we estimate the probability or infection given contact with an infectious 

individual at a gathering (𝑞!) and comment on the relative risk difference attributable to 

intervention use. This should not be confused with the absolute risk of becoming infected at a 

gathering (see Equation 3). We demonstrate the difference in Figure 4, which is a simplistic 

example intended to show that even at relatively high COVID-19 prevalence levels, 20 people 

gathering indoors for 60 minutes have a substantially-lower individual-level risk of SARS-CoV-

2 infections than is suggested by 𝑞! alone. Though predicting intervention effects on community-

level COVID-19 prevalence and infection-related events (e.g., symptom-onset, mortality, or 

hospitalization) is outside the scope of our model, our simulations do suggest that secondary 

attack rates are negatively correlated with vaccine coverage. Given that we expect local COVID-

19 prevalence to eventually follow similar trends (Gozzi et al. 2021), the relative impact of 

nonpharmaceutical interventions on infection risk reduction will likely decrease over time as 

vaccine rollouts continue. 

In addition to being unable to comment on community-level infection metrics, there are a 

few other limitations associated with our results that we must acknowledge. Aside from the 

ABM design limitations outlined in Farthing et al. (2021), we make a number of assumptions in 

our simulations. Most of these assumptions are directly tied to our parameter space detailed in 

Table 1, and include such things as: in simulated gatherings only one asymptomatic individual 

was in attendance, no individuals wear masks with exposure-reduction efficacies > 50% and 

therefore we are not simulating the use of N95 or similar masks, and there is no simulated 

forced-air ventilation or infectious individuals that produce superspreader-level of contaminated 
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aerosols (e.g., 970 quanta (Miller et al. 2020)). Additionally, we do not simulate activity-specific 

behaviors and individuals in our simulations were unmoving. Finally, we based the 

infectiousness of asymptomatic individuals on the estimate given by Buonanno et al. (2020) (i.e., 

142 quanta/hr), and to relate this estimate to ABM parameters we used the linear model 

described in Farthing et al. (2021). However, this parameterization procedure may have over-

inflated virion transmissibility in certain scenarios because quanta-estimates are room-size 

specific, and the Farthing et al. (2021) linear model was based on simulations of gatherings 

within a relatively large room. In short, our results must be viewed through the lens of simulated 

world parameters and behaviors, and likely will not wholly reflect all variability that may exist in 

real-world transmission events. This is very common for ABM-based studies however, and we 

feel that our model is sufficiently accurate to highlight general trends in indoor SARS-CoV-2 

transmission and infection risk. 

 

Conclusions 

We found that nonpharmaceutical interventions will often reduce secondary attack rates, 

especially during brief interactions, and therefore there is no definitive vaccination coverage 

level that makes nonpharmaceutical interventions completely redundant. However, the beneficial 

effect on absolute SARS-CoV-2 infection risk reduction conferred by nonpharmaceutical 

interventions used during indoor gatherings is likely proportional to COVID-19 prevalence. 

Therefore, if U.S. COVID-19 prevalence decreases in the future, nonpharmaceutical 

interventions will likely still confer protective effects, but any potential benefits may be small 

enough to remain within “effectively negligible” risk thresholds.  
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Tables 

Table 1. Model parameter and scenario-specific input descriptions for transmission simulations. 

*All simulated worlds were square-shaped. ¶The Purpose column describes why the parameter or 

input was included as it relates to analyses. Specifically, “Fixed value” indicates that values are 

unchanged across all simulations, and are thus irrelevant for analyses. “Between-group 

comparison” indicates that levels were used in factorial combinations for data aggregation and 

reporting. “Within-group variation” indicates that different levels were included to increase the 

variation in simulation results, and by doing so increase model realism. †Based on linear 

modeling described in Appendix S2 of Farthing & Lanzas (2021), this value equates to 142 

quanta/hr, the average quanta emission rate for asymptomatic people calculated by Buonanno et 

al. (2020). ‡Standard deviation is given in parentheses. §Das et al. (2020) estimated the average 

travel distance of a 100-micrometer droplet expelled from a height of 1.7 m at a velocity of 0.5 

m/s to be 0.55 m. They also found that the majority of 100-μm droplets will fall 0.55-2.35 m 

away from the expelling individual, depending on initial velocity, but droplets may settle up to 

3.2 m away very rarely. A random draw of 10,000,000 samples from a log-normal distribution 

parameterized using 1.7-m and 0.2095-m droplet spread distance mean and standard deviation 

values, respectively, generated a distribution in line with this finding. The standard deviation we 

use in simulations for non-coughing expectoration is proportionate to the one used in this random 

draw. **Instead of specifying a fixed number of individuals in simulations, we scaled the 

simulated population with world size. 

 

 

Parameter/Model Input Purpose¶ Value(s) Reference(s) 

Infectiousness parameters  
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Table 1 (continued). 

 
  

Droplet count (droplets/expectoration)† Fixed value 1.42e5 Buonanno et al. 2020, Farthing & Lanzas 2021 

Droplet spread angle – not coughing (º) Fixed value 63.5 Kwon et al. 2012 

Droplet travel distance – not coughing 

(m) 
Fixed value 

0.55 

(0.068)‡§ 
Das et al. 2020 

Vaccine-induced infectiousness 

reduction (%) 

Within-group 

variation 

0, 25, 50, 

75 

Vaccination may reduce infectiousness of asymptomatic individuals by as 

much as 75%, but effects are unclear (Levine-Tiefenbrun et al. 2021). 

Scenario environment and individual behavior inputs 

Area (m2)* 
Within-group 

variation 
36, 81, 225 – 

Expectoration height (m) Fixed value 1.7 Fryar et al. 2018 

Inhalation rate (m3 air/min) Fixed value 0.023 Adams 1993 

Maximum people in a single 1-m2 patch 

(people) 
Fixed value 2 – 

Number of asymptomatic infectious 

individuals (people) 
Fixed value 1 – 

Scenario virion behavior inputs Fixed value 
  

Virion count (virions/mL fluid) Fixed value 2.35e9 Wölfel et al. 2020 

Virion decay rate (%/min) Fixed value 1.05 van Doremalen et al. 2020 

Virion infection risk (%/inhaled virion) Fixed value 6.24 Farthing & Lanzas 2021 

Scenario airflow inputs  
  

Diffusion rate (m3/min) Fixed value 1.5e-3 Castillo & Weibel 2018 

Forced airflow Fixed value off – 

Scenario intervention inputs  
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Table 1 (continued). 

Nonpharmaceutical 

intervention scenarios 

Between-group 

comparison: intervention 

combinations 

Within-group variation: 

mask efficacy 

• Mask use (10% exposure-reduction 

efficacy), 2m attempted social 

distancing 

• Mask use (25% exposure-reduction 

efficacy), 2m attempted social 

distancing 

• Mask use (50% exposure-reduction 

efficacy), 2m attempted social 

distancing 

• Mask use (10% exposure-reduction 

efficacy), no attempted social 

distancing 

• Mask use (25% exposure-reduction 

efficacy), no attempted social 

distancing 

• Mask use (50% exposure-reduction 

efficacy), no attempted social 

distancing 

• No nonpharmaceutical 

interventions  

Mask use is intended to represent use of cloth 

masks to prevent exposure to infectious media. 

Cloth mask efficacy is highly variable (O’kelly et 

al. 2020). 

Gathering duration (min) Between-group comparison 10, 60 – 

Vaccine efficacy for 

preventing infection (%) 
Between-group comparison 50, 65, 80, 100 – 

Vaccine coverage (%) Between-group comparison 0:100 by 5 
 

Population density 

(people/m2)** 
Between-group comparison 0.17, 0.33, 0.67, 1 – 
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Table 2. Covariate values used for prediction in our example.  

 
  

Covariate Value(s) 

Gathering duration 60 min 

Intervention level 
• cloth face masks & 2-m social distancing & vaccination 

• vaccination only 

Vaccine coverage 0:1 by 0.1 

Vaccine efficacy 0.6, 0.8 
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Table 3. Logit scale estimates associated with 1-unit increases in covariate values given by our 

beta-regression model. Wald 95% confidence intervals are given in parentheses. *This is the 

reference level used to establish a baseline for binary dummy variables. 

 
 

Coefficient Estimate p 

Intercept -3.786 (-3.857, -3.716) – 

𝝓 28.899 (28.336, 29.462) – 

Gathering duration (min) 0.012 (0.011, 0.012) < 0.001 

Intervention level   

   Cloth face masks & 2-m social 

distancing & vaccination* 
0 (0, 0) – 

   Cloth face masks & vaccination 0.761 (0.737, 0.785) < 0.001 

   Vaccination only 0.889 (0.866, 0.913) < 0.001 

Vaccine coverage  0.783 (0.660, 0.905) < 0.001 

Vaccine efficacy 0.385 (0.297, 0.472) < 0.001 

Vaccine coverage X Vaccine efficacy -2.652 (-2.816, -2.487) < 0.001 
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Figures 

 

Figure 1. At low population densities and gathering duration limits, nonpharmaceutical 

interventions to prevent infection and elevated vaccination rates consistently decrease the 

probability of observing ≥ 1 successful SARS-CoV-2 transmission events in simulations.   
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Figure 2. Mean secondary attack rates in simulations indicate substantial variability in risk. 
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Figure 3. Predicted secondary attack rates suggest that the combination of cloth face masks and 

2-m social distancing during indoor gatherings of varying durations consistently reduces 

secondary attack rates by 58-60%. This effect was only modeled for vaccine efficacies of 60% 

and 80%. 
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Figure 4. Estimated absolute risk of being infected with SARS-CoV-2 during 60-minute 

gatherings of varied sizes. Estimates were obtained by plugging Figure 3 predictions into 

Equation 3 with fixed COVID-19 prevalence and n values. a) Absolute risk of SARS-CoV-2 

transmission given that 10 people attend the gathering. b) Absolute risk of SARS-CoV-2 

transmission given that 20 people attend the gathering. 
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CHAPTER 7 

Conclusions 

The preceding chapters clearly demonstrate how contact networks can be created, and 

how they can be used to quantify behavioral and environmental drivers on pathogen transmission 

and disease incidence. It is unfortunate that the Escherichia coli infection data, described in 

Chapter 4, were insufficient to uncover consistent multi-year trends in driving forces of E. coli 

transmission between feedlot cattle, as the results present only limited usefulness for developing 

interventions to reduce enteric pathogen incidence in these populations. While the knowledge 

that primary forces driving E. coli transmission can vary between years is beneficial for control 

efforts, as it indicates that intervention strategies must be broad-reaching or multiform enough to 

limit risk from all possible transmission routes, however we cannot assess the potential effects of 

specific interventions with these data alone. This is where using agent-based models (ABMs) can 

be particularly advantageous, as they can effectively be used to test hypotheses under any 

scenario.  

As illustrated in Chapters 5 & 6, using ABMs to simulate pathogen transmission and 

disease spread not only facilitates hypothesis testing for transmission mechanisms, but allows 

researchers to directly test effects of intervention strategies without the need to devote significant 

time and resources to monitoring affected populations. Of course, ABM data should never 

completely replace empirical data for informing wide-scale intervention use. After all, “all 

models are wrong, but some are useful” (Box & Drapper 1987). That is to say, because real-

world phenomena result from complex interactions between both observed and unobserved 

forces, by necessity model outcomes are predicated on a wide array of assumptions about the 

natural world that simplify the system of interest enough to facilitate analyses. This quote 



   

149 
 

originally referred to statistical models, but is particularly relevant to agent-based modeling, 

which requires researchers to explicitly construct entire simulated worlds within which specific 

scenarios are carried out. The hope then is that laws within modeled worlds are similar enough to 

reality that general trends are similar to what would be observed in real life, and analyses can 

therefore be used to guide subsequent empirical research efforts and in some cases inform policy 

decisions when empirical data are unavailable or difficult to obtain. The latter was primary goal 

of research shown in Chapters 5 & 6, which sought to evaluate main and interaction effects of 

interventions for reducing SARS-CoV-2 transmission between people attending indoor 

gatherings. 

Perhaps more important than commenting on the dynamics of specific microparasite-host 

systems, the research presented herein explicitly describes novel procedures for generating 

relevant data, and provides accessible tools in the form of an R package (see Chapter 3 & 

Appendix C7-1) as well a functional agent-based model for studying indoor airborne pathogen 

transmission (see Chapter 5 & Appendix C5-1). Utilizing these resources will allow any 

interested party to easily apply our methods in epidemiological studies of varied systems. It is 

our hope that these methods provide a framework for studying infectious disease dynamics for 

years to come.   
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Appendix C4-1 

Comparison of point-location data quality between study periods 

Substantially fewer calf point-locations were recorded by the real-time location system 

(Smartbow GmbH, Weibern, Austria) in 2018 relative to the 2017 study period. Below we 

enumerate the number of days each system was active, the number of animals monitored, 

average daily point-locations recorded by the system, and the average time between consecutive 

point-locations for observed individuals each year (Table 1). Then, we plot the average number 

of point-locations captured during each hour of the day for both years to highlight the disparity 

between daylight and nighttime observations (Figures 1 & 2). All metrics reported here were 

calculated after point-locations were standardized to 10-second temporal sampling windows 

using procedures described by Dawson et al. (2019). 

 

Table 1. Inventory of 2017 and 2018 point-location data sets. For each year, we report: the 

length of the study period in days, the number of monitored animals, the average number of daily 

point-locations recorded, and the per-capita average time between consecutive point-locations. 

Year # Days # Individuals 
Mean daily 

observations 

Mean Dt 

(seconds) 

2017 50 70 5697.80 15.16 

2018 71 70 2111.35 46.74 
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Figure 1. Mean number of recorded point-locations per hour in 2017. 
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Figure 2. Mean number of recorded point-locations per hour in 2018. 
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Appendix C4-2 

Weekly Trends in Accelerated Failure Time Model Covariates 

 

 

Figure 1. Linear trends in weekly environmental covariate observations each year. a.) Mean 

daily precipitation (cm) each week, as reported by NOAA (2020). b.) Mean positive soil samples 

collected during the interval between weeks 𝑡 and 𝑡 − 1. c.) Number of shedding individuals 

(i.e., individuals with a positive fecal sample) observed.  

 



   

157 
 

 

Figure 2. Linear trends in weekly social covariate observations each year. a.) Mean daily per-

capita contacts between infectious (𝑖) and susceptible (𝑗) individuals each week. b.) Per-capita 

number of observed social relationships between infectious (𝑖) and susceptible (𝑗) individuals 

each week. c.) Per-capita observed degree of infectious (𝑖) individuals in weekly social networks. 

d.) Per-capita observed degree of susceptible (𝑗) individuals in weekly social networks. 
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Figure 3. Correlation plots describing the linear relationship between model covariates and time. 

a.) Observed correlations in the 2017 data. b.) Observed correlations in the 2018 data. 
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Appendix C5-1 

ODD Model Description 

We developed a spatially-explicit, stochastic agent-based model (ABM) to simulate 

airborne and direct droplet-mediated respiratory pathogen transmission in indoor settings. This 

model was created and executed using the open-source modeling software, NetLogo (Ver. 6. 1. 1 

– Willensky 1999). Below, we provide a detailed description of our model in accordance with 

ODD (Overview, Design concepts, Details) standards outlined by Grimm et al. (2020).  

 

Purpose and patterns 

The purpose of this model is to quantify the effect of increasing group density on the 

probability of respiratory pathogen transmission from infectious individuals to susceptible ones, 

given varied spatial dimension, vaccination, and risk-reduction behavior (e.g., mask use, social 

distancing, etc.) levels in indoor settings. The ability of our model to accurately simulate 

infection events is predicated on its ability to recreate four processes involved in transmission: 

1.) Susceptible individuals become infected through inhalation of virions contained within 

infectious droplets of varying sizes. 2.) Infectious agents expel infectious droplets of varying 

sizes, and droplets’ movement, fallout, and virion-carriage rates vary with droplet size. 3.) 

Symptomatic infectious agents are likely to infect more susceptible individuals than 

asymptomatic ones, as coughing expels infectious droplets farther than does breathing or 

speaking alone (Kwon et al. 2012). 4.) Susceptible individuals’ probability of infection can be 

lessened if individuals employ extra measures to avoid transmission (e.g., wearing face masks). 
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Entities, state variables, and scales 

There are two mobile agents (i.e., NetLogo agents capable of movement) in our model: 

People and AirArrows. People in our model represent people congregating in fixed space (e.g., 

students in a classroom, people watching a movie in a theatre, etc.), while AirArrows control the 

direction of simulated airflow in the space when ventilation-induced airflow is being simulated. 

Patches (i.e., grid cells in the NetLogo model interface) in our model represent 1 x 1 m2 areas. 

When a simulation begins, spawned people can be susceptible, infectious and symptomatic (i.e., 

these agents represent individuals who spread the pathogen via coughing, sneezing, etc.), or 

infectious and asymptomatic (i.e., these agents represent individuals who spread the infection 

through breathing or speaking alone). Over the course of any simulation, susceptible agents may 

become infected with a pathogen following exposure to infectious droplets expelled from 

symptomatic and/or asymptomatic agents. The global environment dictates the size of the fixed 

space, total number of agents in the model, number of these agents that are infectious, as well as 

the dynamics and probabilities of infection events and airborne droplet movement within the 

model. Global, agent, and patch variables are described in Table 1, where we also make the 

distinction between parameters (i.e., static variables that are unchanging within simulations) and 

dynamic variables that may vary within simulations. The spatial extent of our model can range 

from 1 to ∞ m2, and is controlled by the grid_height and grid_length parameters. Each tick (i.e., 

one-unit time step) in our model represents a one-minute progression. 

  

Process overview and scheduling 

Model processes are outlined in Figure 1 and described in detail herein. Upon 

initialization, a world with 𝑔𝑟𝑖𝑑_ℎ𝑒𝑖𝑔ℎ𝑡 ∗ 𝑔𝑟𝑖𝑑_𝑙𝑒𝑛𝑔𝑡ℎ patches is generated. Following world 

creation, n susceptible people spawn within patches. People spawn one at a time and, if the 
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social-distance parameter is > 0 m, they appear at a random location at least social-distance from 

any other person. If there is no available space ≥ social-distance from any person, newly 

spawned people will be placed at a random location as far away from others as possible. If 

social-distance equals 0 m, people spawn in completely random locations. All people are asked 

to set their heading (i.e., direction they are facing) to a random direction between 0º – 360º if 

face-northward is FALSE, or between 315º – 405º if face-northward is TRUE.  

Once initial spawning is completed, n_infectious people are randomly selected from the 

pool of people to transition to the “infectious” health state. Infectious people have a symp-pr 

probability of being classified as “symptomatic” and a 1 - symp-pr probability of being 

“asymptomatic.” Then, we carry out vaccination efforts. All people have a vacc-proportion 

probability to be vaccinated. Susceptible people that are vaccinated have a vacc-immunity 

probability (i.e., vacc-proportion*vacc-immunity*100%) to receive complete immunity from 

infection, and will no longer be considered “susceptible.” Following vaccination efforts, people 

have a mod-proportion probability to wear masks in the simulation, and the affected groups (i.e., 

susceptible only, infectious only, or both susceptible and infectious individuals) that may 

transition to wearing masks are designated by the mod_group parameter. Masked people are then 

asked to update their exposureRisk and expectorateRisk variable values. The default value for 

each variable is 100%, but will change to the maskRisk-mod parameter value. 

The final aspect of simulation setup is to establish agents for simulating ventilation 

airflow if ventilation is TRUE. To create a supply and return vent(s), numSupplyVents and 

numReturnVents patches on ventilSupplyWall and ventilReturnWall world borders are designated 

as supply and return vents, respectively. All non-return-vent patches are asked to spawn a single 

airArrow. All airArrows are asked to set their heading towards the closest return vent patch. 
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AirArrow headings will be used to direct ventilation airflow. This concludes the simulation setup 

procedure. 

Following setup, the simulation begins in earnest. If ventilation is TRUE, the first task to 

take place each tick is to move droplets towards return vents. We assume very simple 

ventilation-induced air movement within an enclosed room where air moves only towards the 

return vent(s), and return vent patches transfer a proportion of droplets present there to supply 

vent patches while also removing some droplets from the simulation. To achieve this, we ask all 

patches to count the number of droplets in each size class (Figure 2) that will be transferred to 

the next patch (i.e., 𝑛𝑢𝑚RS ∗ ventil_movementRate, where 𝑛𝑢𝑚RS is the number of droplets of a 

given size class 𝑑 in patch 𝑝). Then we simultaneously ask non-return vent patches to transfer 

these droplets to patches 1-patch ahead of airArrows, and ask return vent patches to transfer  

𝑛𝑢𝑚RS  ∗ ventil_movementRate ∗ (1 − ventil_removalRate) 

droplets to supply vents, and to remove 

𝑛𝑢𝑚RS ∗ ventil_movementRate ∗ ventil_removalRate 

from the simulation. 

Non-ventilation related droplet removal is the second action to occur every tick. This 

action represents droplet/virion removal from the local environment due to inhalation by 

individuals, gravitational settling, and general droplet decay. For each droplet size class, we ask 

all patches to remove  

°R TUV_X
&	P	∗&	P	∗YZSY[#U\]#Y^Y!_`#

				 ∗ 	𝑃𝑒𝑜𝑝𝑙𝑒ST +	R
a#_R!]?)

YZSY[#U\]#Y^Y!_`#	
T + 𝑑𝑟𝑜𝑝𝑙𝑒𝑡𝐷𝑒𝑐𝑎𝑦)² ∗ 𝑛𝑢𝑚RS  

droplets, where TUV_X
&	P	∗&	P	∗YZSY[#U\]#Y^Y!_`#

				is the proportion of air within the patch inhaled by a 

single person each minute, 𝑃𝑒𝑜𝑝𝑙𝑒S is the number of people on patch 𝑝, 𝑉𝑡_𝑑𝑖𝑎𝑚R is the 
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calculated terminal velocity (i.e., the maximum free-falling speed in m/min, assuming the force 

of gravity acting on an object is 9.8 m/s2) of droplets in a size class 𝑑 (Figure 3), and 𝑛𝑢𝑚RS is 

the number of droplets of a given size class 𝑑 in patch 𝑝. If patches would remove > 100 % of 

any size class, we ask them to instead set that 𝑛𝑢𝑚RS to zero. Thus, we ensure that no patch can 

ever have a negative number of droplets.  

Next, we ask patches to diffuse droplets of all size classes to neighbors (i.e., all patches 

touching them) at rate diffusionRate. We once again ask all patches to count the number of 

droplets in each size class that will be transferred to the neighbors (i.e., 𝑛𝑢𝑚RS ∗ diffusionRate). 

Then, we ask patches to evenly distribute these droplets to neighbors.  

Infectious people, 𝑖 ∈ 𝐼, expectorate droplets and exposed susceptible individuals (i.e., 

non-infectious individuals without vaccine-associated immunity), 𝑠 ∈ 𝑆,  may become infected. 

Each tick, every symptomatic person has a 𝑐𝑜𝑢𝑔ℎ_𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 probability to cough (i.e., expel 

droplets relatively far out from themselves), and (1 − 	𝑐𝑜𝑢𝑔ℎ_𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) 

probability to expectorate in accordance with the “non-coughing” schema (i.e., expel droplets 

relatively close to themselves). Asymptomatic people have no chance to cough, and will 

expectorate in accordance with the “non-coughing” schema with 100% probability. While 

droplet spread distance and angle for this schema can be modulated via model input values to 

reflect numerous activities (e.g., speaking, breathing, etc.), the droplet size distribution is 

assumed to reflect that of speaking events (Figure 2). Thus, parameters referring to aspects of the 

“non-coughing” schema are coded as “speak” parameters (e.g., speak_airflow_angle).  

During expulsion events, droplets spread to patches in front of coughing and speaking 

infectious people in cones with semi-vertex angles of cough_airflow_angle and 

speak_airflow_angle, respectively, and lengths randomly drawn from lognormal distributions. 
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Lognormal distributions were obtained by exponentiating Poisson distributions with known 

means and standard deviations, in accordance with methods described by Railsback & Grimm 

(2011). In our model, lognormal distributions to inform droplet travel distances from coughing 

and speaking people are generated from known mean and standard deviation pairs: 

cough_spread_dist.mean, cough_spread_dist.sd, and speak_spread_dist.mean, 

speak_spread_dist.sd, respectively. If infectious people are wearing masks, only the patch they 

are in is contaminated (i.e., cones of expectoration in these cases have lengths of 0).  

The number of droplets that infectious people expel at time t, 𝑑𝑟𝑜𝑝𝑙𝑒𝑡𝑁𝑢𝑚!#, is 

determined by sampling from another lognormal distribution with known means of 

speak_dropletNum.mean or cough_dropletNum.mean, and standard deviations of 

speak_dropletNum.sd or cough_dropletNum.sd, depending on if people are speaking or 

coughing, then multiplying this samples value by 𝑒𝑥𝑝𝑒𝑐𝑡𝑜𝑟𝑎𝑡𝑒𝑅𝑖𝑠𝑘!. If infectious people are 

vaccinated (i.e., their vaccinated? attribute is set to “TRUE”), the number of droplets expelled is 

equal to 𝑑𝑟𝑜𝑝𝑙𝑒𝑡𝑁𝑢𝑚!# ∗	vacc-virionRiskReduction). Thus, we allow vaccinated people to be 

relatively less infectious than their unvaccinated counterparts if users so choose. We assume that 

people expectorate droplets of 16 size classes, with increasingly large mean diameters. We 

accept the size class frequency distributions for speaking and coughing events given by Chao et 

al. (2009) and shown in Figure 2, and enforce these distributions in our model. We assume that 

all droplets are evenly distributed between and within contaminated patches. 

After infectious individuals expectorate, we assess if any susceptible individuals will 

transition to the infected status. The number of virions (i.e., live pathogen capable of causing 

infection in susceptible individuals) in a patch, 𝑣𝑖𝑟𝑖𝑜𝑛𝑠S, is given by the equation 

𝑣𝑖𝑟𝑖𝑜𝑛𝑠S = ∑ (𝑣𝑖𝑟𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑀𝐿 ∗ 𝑉𝑜𝑙Rb
R%& ∗ 𝑛𝑢𝑚RS), 
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where 𝑉𝑜𝑙R is the mean volume (in mL) of droplets in each size class, calculated using the 

equations presented by Anchordoqui & Chudnovsky (2020). The probability that a susceptible 

person on patch p is infected at any given time is  

𝑝𝑟(𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛)c = 	𝑣𝑖𝑟𝑖𝑜𝑛𝑠S ∗ 𝑣𝑖𝑟𝑖𝑜𝑛𝑅𝑖𝑠𝑘 ∗
TUV_X

&	P	∗&	P	∗YZSY[#U\]#Y^Y!_`#
		 ∗ 	𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑅𝑖𝑠𝑘c  

where, 𝑣𝑖𝑟𝑖𝑜𝑛𝑠S is the number of virions in the patch containing the individual.  

If numCohorts = 1, the simulation ends after cohort_dur ticks have elapsed. If 

numCohorts > 1, the simulation will last for 𝑛𝑢𝑚𝐶𝑜ℎ𝑜𝑟𝑡𝑠 ∗ 𝑐𝑜ℎ𝑜𝑟𝑡_𝑑𝑢𝑟 ticks. In this case, 

every 𝑐𝑜ℎ𝑜𝑟𝑡_𝑑𝑢𝑟 ticks, if rearrange-cohort is TRUE, all people will move to randomly-

selected patches while still adhering to social-distance and personPerPatch-cap rules. People 

will set a new heading in accordance with face-northward. If rearrange-cohort is FALSE, all 

people are killed, and an equal number of people will spawn while adhering to social-distance 

and personPerPatch-cap rules. All people in the new cohort will be susceptible to infection (i.e., 

infectious people only exist in the first cohort).  

 

Design concepts 

Infection in our model is driven by inhalation of virions contained in droplets of varying 

sizes. Fomite-driven transmission, by design, is outside the scope of our model. Regarding 

aerosol transmission, for simplicity, we assume that droplets fall from expectorateHeight m at 

terminal velocity and our droplet-size distribution represents post-evaporation sizes. These 

assumptions are reasonable given the rapid speed at which droplets evaporate and reach terminal 

velocity (Noakes et al. 2006; Xie et al. 2007; Anchordoqui & Chudnovsky 2020), and allow us 

to discount local humidity, temperature, and micro-scale airflow effects on the spatial 

distribution of droplets within the model. Droplet size class terminal velocity is calculated using 
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the equations presented by Anchordoqui & Chudnovsky (2020), and droplet sizes incapable of 

settling on the ground from expectorateHeight m within one tick (i.e., one minute) are allowed to 

move between patches via ventilation- and diffusion-induced airflow. As the number of virions 

within a patch is dependent on the number of droplets in each size class, spatial infection-risk 

heterogeneity is therefore a function of global airflow parameters and the placement of infectious 

people throughout the simulated world. For simplicity, we assume that mechanism of droplet-

mediated pathogen transmission is the same (i.e., inhalation) for droplets of all size classes. We 

do realize, however, that in reality larger droplets are relatively less-likely to be inhaled and 

instead mediate transmission through contact with unprotected mucus membranes (Milton 2020). 

We assume that the volume of air in each patch at any given time is expectorateHeight 

m3 (i.e., 1	m	 ∗ 1	m	 ∗ 𝑒𝑥𝑝𝑒𝑐𝑡𝑜𝑟𝑎𝑡𝑒𝐻𝑒𝑖𝑔ℎ𝑡) and that droplets are evenly distributed within 

patches. Thus, the per-capita number of virions that people inhale each tick is equal to  

𝑣𝑖𝑟𝑖𝑜𝑛𝑠S ∗
𝑣𝑜𝑙X

1	m	 ∗ 1	m	 ∗ 𝑒𝑥𝑝𝑒𝑐𝑡𝑜𝑟𝑎𝑡𝑒𝐻𝑒𝑖𝑔ℎ𝑡. 

Wearing a mask to reduce successful pathogen transmission in our model modulates the number 

of droplets expelled by infectious people and the proportion of virions inhaled by susceptible 

individuals. Previous research has quantified the extent to which using personal protective 

equipment may reduce risk of infection with a respiratory pathogen (Jefferson et al. 2008), and 

recent work has shown that masks reduce the number of aerosols expelled by wearers (Asadi et 

al. 2020). Therefore, we chose to use masks to modify the individual-level probability that 

susceptible individuals will become infected given exposure to infectious droplets in their patch 

(i.e., exposureRisk), and the number of droplets individuals will expectorate on any given tick 

(i.e., expectorateRisk). In our model, mask use scales both of these variables equally. We 

acknowledge that making these scaling factors equivalent may be unrealistic however, and 
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intend to make this a focus of future model improvement if and when more detailed information 

on mask-induced effects on pathogen transmission become available. 

For simplicity, we assume that vaccinations do not confer partial immunity. Susceptible 

people that get vaccinated either transition to the “immune” state or remain completely 

susceptible, with no additional protective benefits. However, we do allow users to specify 

reductions in infectiousness associated with vaccination efforts if they so choose.   

As previously noted, in our model we characterize infectious people as asymptomatic or 

symptomatic. “Symptomatic” here refers to agents representing individuals that present any 

respiratory-disease symptoms (e.g., coughing, sneezing, etc.). We parameterize droplet behavior 

for symptomatic and asymptomatic collectives separately because we expect them to drive 

infections through different means. For example, asymptomatic individuals will likely spread 

infectious droplets by simply breathing near or talking to susceptible people. Symptomatic 

individuals, on the other hand, may also frequently spread droplets through coughing, sneezing, 

or similar events. Airflow angle and velocity associated with these means of infection are 

substantially different (Kwon et al. 2012) and as such, necessitate separate parameters if both 

symptomatic and asymptomatic agents can exist in simulations simultaneously.  

Agents in our model have extremely limited movement (i.e., unless rearrange-cohort is 

TRUE and num-cohorts > 1, people will be completely unmoving), but people are spawned 

relatively far away from one another if the social_distance parameter is > 0. As such, our model 

is best used for estimating transmission risk associated with scenarios where individuals are 

generally unmoving (e.g., students in a classroom). Scenarios like students watching a 

presentation at the front the room or patrons attending a show in a theatre can be further 

emulated if users so choose by setting face-northward to TRUE. Users may also simulate well-
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mixed population interactions by setting rearrange-cohort to TRUE and num-cohorts > 1. 

Activity-specific movements may modulate infection risk (e.g., doctors must get close to patients 

in order to physically examine them), but are outside the scope of our model.  

This is a simple model with little adaptive agent behavior, 6 collectives for people agents 

(i.e., “susceptible,” “immune”, “infectious: asymptomatic & vaccinated”, and “infectious: 

symptomatic & vaccinated”, “infectious: asymptomatic & unvaccinated”, and “infectious: 

symptomatic & unvaccinated), and only one action that can be considered to be a direct 

interaction between agents. That is, when a simulation begins or cohorts are rearranged/replaced, 

newly-spawned people learn where previously-spawned ones exist and attempt to ensure that 

sufficient space exists between themselves and others in accordance with the social_distance 

parameter value. Their objective is to maintain effective social distances to minimize infection 

risk. Accordingly, model outputs (e.g., the number of susceptible people infected, time to first 

infection, and average inter-agent distance) are influenced by emergent patterns triggered by this 

behavior. No other examples of adaptive behavior, sensing, prediction, or learning, as defined by 

Grimm et al. (2020), exist.   

Stochasticity is introduced to the model in six ways during simulation initialization, then 

is further incorporated in four actions that take place during each subsequent time step. At 

initialization stochasticity is introduced when: 1.) people decide their initial placement, 2.) 

subsets of people are randomly designated as infectious, 3.) vacc-proportion ∗ 100% of people 

become vaccinated, 4.) vacc-immunity ∗ 100% of vaccinated susceptible people transition to 

“immune,” 5.) mod-proportion ∗ 100% of people’s exposureRisk and expectorateRisk values are 

changed from 1 to maskRisk-mod, and 6.) if ventilation is TRUE but equallySpaceVents is 

FALSE, return and supply vent locations will be randomly decided (though these locations will 
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still be confined to appropriate walls of the world). During each time step, stochasticity plays a 

role in: 7.) determining if infectious agents expel droplets, 8.) drawing droplet travel distances 

from lognormal distributions, 9.) drawing the number of droplets produced in expectoration 

events from lognormal distributions, and 10.) assessing whether exposed susceptible agents 

transition to “infected” status. We incorporated stochasticity into these processes to introduce 

plausible variation into simulations.  

The key outputs of this model are: 1.)  the number of successful infections (i.e., 

susceptible agents’ health statuses changed from “healthy” to “infected”) each tick, and 2.) the 

time of the first successful infection in the simulation. In addition to the primary outputs, our 

model also keeps track of the average distance (in m) between individuals, and all “infected” 

people record the number of droplets of each size class contained within their patch at the time of 

infection. This allows us to not only assess parameter effects on transmission rates, but also 

estimate the proportion of people infected by aerosols.  

 

Initialization 

All global parameters aside from those controlling transmission mechanics (e.g., airflow 

angles, mean and standard deviation travel distances, number of virions in droplets, etc.) or 

airflow rates influence model initialization (i.e., how many agents and patches are created, where 

they spawn, and what their initial state-variable values are). Model actions associated with 

initialization are outlined in Section 3. Herein we discuss the rationale in allowing the 

aforementioned parameters to vary between simulations. 
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The primary purpose of this model is to assess the effect of population density on 

transmission risk. Population density in our model, expressed in terms of people/m2, is given by 

the equation 

O
_\!R_`Y!_`#∗_\!R_VYO_#`

. 

We allow the size of our modeled world to vary, in addition to n, as there may be an interaction 

between world size and social_distance levels that may ultimately cause the observed number of 

infections to vary. Afterall, the maximum distance that agents can spread out from one another is 

limited by the space available to them.  

We tried to make the model flexible enough to test multiple hypotheses about 

implementing risk-reducing strategies (e.g., social distancing, mask use, etc.). This is the primary 

impetus adding the social_distance, maskRisk-mod, and mod-proportion parameters. Similarly, 

the vol_B parameter exists so that we can assess how infection risk changes in response to 

different group activities people may be participating in that are associated with different 

breathing rates (e.g., choir practice vs. attending a lecture), the virionsPerML and virionRisk 

parameters exist to ensure that our model can be used to simulate transmission of different 

pathogens for which these values are known or can be estimated. 

 

Input data 

No model processes are driven by external data. No external data are imported into the 

model. 

 

Sub-models 

All sub-models are comprehensively described in sections 3-5 and outlined in Figure 1.  
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Tables 
 
Table 1. Variable descriptions. 
 

NAME TYPE UNIT PURPOSE 

avg.dist Global, dynamic m Tracks the average interpersonal distance at each tick. 

avg.PatchInfectiousness Global, dynamic - Tracks the average probability that exposure to patch 
virions will lead to infection. 

can-sprout? Patch, dynamic - 
Logical variable describing if patches are far enough 

away from those with people in them that new people can 
sprout a while keeping the desired social-distance value. 

cohort Global, dynamic - Identify what cohort is currently being simulated. 

cohort-dur Global, static min The number of ticks that each cohort lasts (i.e., how long 
each people cohort spends in the simulation). 

cohort-endTime Global, dynamic ticks Denotes the tick value when the current cohort should be 
replaced, or when the simulation will end. 

cohort-person Person, static - Denotes what cohort the person belongs to. 

cough_airflow-angle Global, static degrees 

Controls the angle of airflow associated with coughing 
events. Affects the spread of droplets during a given 

droplet-expulsion event originating from symptomatic 
individuals. 

cough-frequency Global, static coughs / min 

Probability that cones of infection stemming from 
symptomatic individuals will be parameterized using 
cough_airflow-angle, cough_spread-dist.mean, and 
cough_spread-dist.sd, instead of the asymptomatic 

counterparts. 

cough_spread-dist.mean Global, static m 

The mean distance from symptomatic infectious people 
that droplets may be spread when coughing. This value 
will be used to generate a lognormal distribution from 

which droplet-expulsion-spread distance will be randomly 
drawn when a symptomatic agent triggers a droplet-

expulsion event. 

cough_spread-dist.sd Global, static m 

The standard deviation distance, given a cough_spread-
dist.mean value, from symptomatic infectious people that 
droplets may be spread when coughing. This value will be 

used to generate a lognormal distribution from which 
droplet-expulsion-spread distance will be randomly drawn 

diffusionRate Global, static m2 / min 
The rate at which droplets spread to adjacent patches. For 
simplicity we assume a standardized rate for all droplet 

sizes. 

droplets_size3 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 3 micrometers. 

droplets_size6 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 6 micrometers. 

droplets_size12 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 12 micrometers. 

droplets_size20 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 20 micrometers. 

droplets_size28 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 28 micrometers. 

droplets_size36 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 36 micrometers. 

droplets_size45 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 45 micrometers. 

droplets_size62.5 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 62.5 micrometers. 

droplets_size87.5 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 87.5 micrometers. 

droplets_size112.5 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 112.5 micrometers. 

droplets_size137.5 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 137.5 micrometers. 

droplets_size175 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 175 micrometers. 
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Table 1 (continued). 

droplets_size225 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 225 micrometers. 

droplets_size375 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 375 micrometers. 

droplets_size750 Patch, dynamic droplets Counts the number of droplets in a size class with a mean 
size of 750 micrometers. 

droplets_size3AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 3 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size6AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 6 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size12AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 12 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size20AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 20 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size28AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 28 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size36AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 36 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size45AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 
size of 45 micrometers that were present in the containing 

patch when the individual was infected. 

droplets_size62.5AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 62.5 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size87.5AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 87.5 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size112.5AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 112.5 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size137.5AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 137.5 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size175AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 175 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size225AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 225 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size375AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 375 micrometers that were present in the 
containing patch when the individual was infected. 

droplets_size750AtInf People, static droplets 
Counts the number of droplets in a size class with a mean 

size of 750 micrometers that were present in the 
containing patch when the individual was infected. 

dropletDecay Global, static % droplets 
removed / min Droplet decay rate. 

expectorateHeight Global, static m 

The height at which droplets are expelled. This is also the 
maximum vertical height of the simulated world, and the 

height used to in area volume calculations. (i.e., patch 
volumes are 1 m X 1 m X expectorateHeight m). 

expectorateRisk Person, static - 
Denotes proportion of droplets agents expel on any given 

timestep. Defaults to 1. Changes if people are wearing 
masks. 

exposureRisk Person, static - 
Denotes agents' probability of infection given exposure to 

infectious agents. Defaults to 1 (i.e., complete 
susceptibility). 
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Table 1 (continued). 

face-northward Global, static - 
Logical variable that controls whether people only look 

northward within a range of 90 degrees (if TRUE) or face 
a random direction (if FALSE). 

firstInfectTime Global, dynamic ticks Records the tick at which the first transmission event 
occurs. 

grid-height Global, static m 

The number of rows present in the grid representing the 
room in which agents interact. Note: cells in the matrix 

(i.e., patches), regardless of how many there are, represent 
1 m X 1 m areas. 

grid-width Global, static m 

The number of columns present in the grid representing 
the room in which agents interact. Note: cells in the 

matrix (i.e., patches), regardless of how many there are, 
represent 1 m X 1 m areas. 

infected? Person, dynamic - Logical variable describing if people have been infected 
by contaminated patches. 

infectious? Person, static - Logical variable describing if people can spread the 
pathogen. 

lastInfectTime Global, dynamic ticks 
Records the tick at which the last susceptible individual 
was infected. Only relevant if ALL susceptible people 

were infected. 

mod_group Global, static - 

Controls what agent variables are modified by risk mod. 
Takes the values "sus," "inf," or "sus_inf" (representing 
susceptible agents only, infectious agents only, or both). 

If "sus," only exposureRisk is adjusted. If "inf," only 
expectorateRisk is adjusted. If "sus_inf," both of these 

variables are updated. 

mod-proportion Global, static - 

Describes the probability that susceptible individuals will 
have their infection probability modified by the 

maskRisk-mod parameter. This parameter is used to vary 
the proportion of individuals minimizing their disease risk 

in the population (e.g., through the use of PPE). 

n Global, static people The total number of (i.e., both "healthy" and "infectious") 
people turtles that spawn in each cohort. 

n_infectious Global, static people 
The number of infectious people turtles that spawn in 

each cohort. This is a subset of n, not additional turtles. 
Infectious people default to "asymptomatic" status. 

num_asymptomatic Global, dynamic people 

The number of asymptomatic "infectious" people that 
spawn in the first cohort. The probability of an infectious 

agent being asymptomatic is (n_infectious *(1 - symp-
pr)). 

num_symptomatic Global, dynamic people 
The number of symptomatic "infectious" people that 

spawn in the first cohort. The probability of an infectious 
agent being symptomatic is (n_infectious * symp-pr). 

num_completelySusceptible Global, dynamic people Counts the number of individuals in a cohort that are 
completely susceptible to infection. 

num_reducedSusceptible Global, dynamic people Counts the number of individuals in a cohort with reduced 
susceptibility to infection. 

numCohorts Global, static cohorts 

The number of people cohorts observed during the 
simulation. Note: all cohorts interact with the same grid 

(i.e., world), but do not exist in the world at the same 
time. 

numReturnVents Global, static vents 

The number of patches designated as return vents. Cannot 
exceed grid-width value if ventilReturnWall is one of 

"north," "south," "up," or "down." Cannot exceed grid-
height value if ventilReturnWall is one of "east," "west," 

"left," or "right." 

numSupplyVents Global, static vents 

The number of patches designated as supply vents. 
Cannot exceed grid-width value if ventilSupplyWall is 

one of "north," "south," "up," or "down." Cannot exceed 
grid-height value if ventilReturnWall is one of "east," 

"west," "left," or "right." 

patchContamination.list Global, dynamic - List of the number of contaminated patches present at 
each time step. 

patchInfectiousness.list Global, dynamic - List of the mean patch infectiousness values observed 
throughout the simulation. 
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Table 1 (continued). 

person-count Patch, dynamic people Counts the number of people in the cell. 

personDist.list Global, dynamic - List of average distance between people at each tick. 

personPerPatch-cap Global, static people The maximum number of people that may possibly exist 
within a single patch. 

protectedByVaccine? Person, static - Logical variable describing if people can be infected by a 
pathogen even if they are vaccinated. 

mask? Person, static - Logical variable describing if people are wearing a mask. 

maskRisk-mod Global, static - 

The probability that people exposed to virions will be 
infected after spending 1-tick duration in a contaminated 

patch when a mask, or that infectious individuals 
expectorate infectious droplets when wearing the same 

masks. 

rearrange-cohort Global, static - 

Logical variable describing whether or not the cohort-
replace effectively becomes a rough proxy for movement 

of people within the room. If TRUE, the first "cohort" 
never leaves the room, rather, they are re-distributed 

according to the social-distance and personPerPatch-cap 
values set. 

returnVent Patch, static - Denotes if patch is a return vent. 

showArrows Global, static - 
Logical variable controling if airArrow turtles will be 
hidden or not. If TRUE, airArrows will be visible. If 

FALSE, they will be hidden. 

social-distance Global, static m The interpersonal distance that people seek to maintain 
over the course of the simulation. 

speak_airflow-angle Global, static degrees 
The angle of airflow associated with breathing events. 
Affects the spread of droplets during a given droplet-

expulsion event from asymptomatic individuals. 

speak_spread-dist.mean Global, static m 

The mean distance from asymptomatic infectious people 
that droplets may be spread when breathing. This value 
will be used to generate a lognormal distribution from 

which droplet-expulsion-spread distance will be randomly 
drawn when an asymptomatic agent triggers a droplet-

expulsion event. 

speak_spread-dist.sd Global, static m 

The standard deviation distance, given an speak_spread-
dist.mean value, from asymptomatic infectious people 
that droplets may be spread when breathing. This value 
will be used to generate a lognormal distribution from 

which droplet-expulsion-spread distance will be randomly 
drawn when an asymptomatic agent triggers a droplet-

expulsion event. 

supplyVent Patch, static - Denotes if patch is a supply vent. 

symp-pr Global, static - Probability that infectious people will be "symptomatic," 
instead of having the default "asymptomatic" status. 

symptomatic? Person, static - 

Logical variable describing if people are coughing to 
spread the contagion. If TRUE, spread will be dictated by 

cough_airflow-angle, cough_spread-dist.mean, and 
cough_spread-dist.sd parameter values. If FALSE, but 

infectius? is TRUE, spread will be dictated by 
speak_airflow-angle, speak_spread-dist.mean, and 

speak_spread-dist.sd parameter values. 

totalDroplets Patch, dynamic droplets Counts the total number of droplets present in the patch. 

totalInfected Global, dynamic people Running sum of the total number of infected people over 
the course of the simulation. 

totalInfected.list Global, dynamic - List of the total number of infected people at each tick. 

transmissionRisk Patch, dynamic - 
Tracks the probability that susceptible people on the patch 
will be infected on a given time point. This is the product 

of virionCount and virionRisk. 

vacc-immunity Global, static - Describes the probability that vaccination will confer 
complete immunity to susceptible individuals. 

vacc-proportion Global, static - Describes the probability that people will be vaccinated in 
the simulation. 
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Table 1 (continued). 

vacc-virionRiskReduction Global, static - 
Describes the proportional reduction in virion 

infectiousness attributable to vaccination in infectious 
individuals. 

vaccinated? Person, static - Logical variable describing if people have been 
vaccinated against the pathogen of interest. 

ventilation Global, static - Logical variable describing if airflow will move droplets 
throughout patches during the simulation. 

ventil_movementRate Global, static % air change / min 
Describes the rate at which air (and therefore droplets 

suspended in the air) will move to another patch at each 
tick if ventilation effects are being simulated. 

ventil_removalRate Global, static - 
Describes the proportion of droplets on return vent 

patch(es) that will be removed from the simulation due to 
filtration. 

ventilReturnWall Global, static - 
Takes one value "north," "south," "east," "west," OR "up," 

"down," "right," "left." Describes the wall of the 
simulated world that return vents will be located on. 

ventilSupplyWall Global, static - 
Takes one value "north," "south," "east," "west," OR "up," 

"down," "right," "left." Describes the wall of the 
simulated world that supply vents will be located on. 

virionCount Patch, dynamic virions Counts the number of virions in the patch on a given time 
step. 

virionRisk Global, static - The risk of infection given exposure to a single virion. 

virionsPerML Global, static virions / mL Number of virions per mL of droplet fluid. 

vol_B Global, static m3 / min The rate of air inhaled by individuals in patches. 

Vt_diam3 Global, static m / min 
The terminal velocity of a respiratory droplet with a 3-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam6 Global, static m / min 
The terminal velocity of a respiratory droplet with a 6-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam12 Global, static m / min 
The terminal velocity of a respiratory droplet with a 12-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam20 Global, static m / min 
The terminal velocity of a respiratory droplet with a 20-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam28 Global, static m / min 
The terminal velocity of a respiratory droplet with a 28-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam36 Global, static m / min 
The terminal velocity of a respiratory droplet with a 36-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam45 Global, static m / min 
The terminal velocity of a respiratory droplet with a 45-

micrometer diameter, calculated from equations given by 
Anchordopqui & Chudnovsky (2020). 

Vt_diam62.5 Global, static m / min 
The terminal velocity of a respiratory droplet with a 62.5-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 

Vt_diam87.5 Global, static m / min 
The terminal velocity of a respiratory droplet with a 87.5-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 

Vt_diam112.5 Global, static m / min 
The terminal velocity of a respiratory droplet with a 

112.5-micrometer diameter, calculated from equations 
given by Anchordopqui & Chudnovsky (2020). 

Vt_diam137.5 Global, static m / min 
The terminal velocity of a respiratory droplet with a 

137.5-micrometer diameter, calculated from equations 
given by Anchordopqui & Chudnovsky (2020). 

Vt_diam175 Global, static m / min 
The terminal velocity of a respiratory droplet with a 175-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 

Vt_diam225 Global, static m / min 
The terminal velocity of a respiratory droplet with a 225-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 
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Table 1 (continued). 

Vt_diam375 Global, static m / min 
The terminal velocity of a respiratory droplet with a 375-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 

Vt_diam750 Global, static m / min 
The terminal velocity of a respiratory droplet with a 750-
micrometer diameter, calculated from equations given by 

Anchordopqui & Chudnovsky (2020). 
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Figures 

 

Figure 1. Simplified model overview. Bulleted sub-models are listed in the order that they take 

place within the model. Simulation bullet points repeat each model tick.  
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Figure 2. Distribution of droplet sizes during expectoration events. Distributions of size classes 

during coughing and speaking events are based on findings of Chao et al. (2009), and represent 

mean observed droplet-size measurements they recorded 60 mm away from individuals’ mouths 

immediately following these activities. 
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Figure 3. Droplet dynamics for supply-vent and non-supply-vent patches. a.) When modeling 

ventilation, droplet input to and removal from patches are functions of fixed rates (solid arrows) 

and probabilistic expectoration from symptomatic and asymptomatic people within range 

(dashed arrows). b.) Equations for fixed effects on within-patch droplet dynamics. Supply 

patches receive input from Return-vent patches in addition to diffusion from nearby neighbors. 

Non-supply-vent patches do not receive input from Return vents. Droplet output is a function of 

ventilation airflow parameters, diffusion to neighbors, a fixed decay rate, and inhalation by 

people within the patch.  
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Appendix C5-2 

Rationale for model parameterization to simulate a SARS-CoV-2 superspreading event 

As noted in the main text, for benchmarking purposes, we simulated the Skagit County, 

Washington, USA March 2020 SARS-CoV-2 superspreading event as case scenario. Because 

this superspreading event is thought to be the result of transmission from a single infectious 

individual (Hamner et al. 2020), all simulations contained only one infectious person. The 

infectious person was assumed to be symptomatic during the choir practice. We assumed all 

droplets were expelled from this individual at a height of 1.7 m, the approximate mean height of 

U.S. adults (Fryar et al. 2018). We make the assumption that the cough frequency for a 

symptomatic COVID-19 patient is equal to that of individuals with a chronic cough condition. 

Therefore, every minute our infectious individual had a 19% probability to expel droplets 

through coughing (Lee et al. 2012), and an 81% chance to expel droplets through an unspecified 

other activity (e.g., speaking, singing, etc.). Using the procedure described by Railsback & 

Grimm (2011), droplet travel distances for coughing and non-coughing expectoration events 

were randomly drawn from lognormal distributions with known means and standard deviations. 

Travel distances for coughing events were drawn from a distribution with a mean of 5 m and 

standard deviation of 0.256 m (Bourouiba et al. 2014). Travel distances for non-coughing events 

were drawn from a distribution with a mean of 0.55 m and standard deviation of 0.068 m (Das et 

al. 2020). The angle of droplet spread during coughing and non-coughing expectorations were 

35º and 63.5º, respectively, in accordance with median values of mouth-angle ranges described 

by Kwon et al. (2012). We set the inhalation rate for simulated individuals to 0.023 m3 air/min, a 

rate consistent with adults participating in light activity (Adams 1993). 
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We know from the Hamner et al. (2020) case report that the choir practice lasted 150 

minutes in total, split into 4 distinct time intervals lasting 40, 50, 15, and 45 minutes. During the 

first time interval, all 61 attendees practiced together in the 180 m2 main hall for 40 minutes. In 

the second interval, the group split into two subsets of unspecified sizes. One subset rearranged 

themselves within the main hall, and the second subset moved into a separate room. The subsets 

rehearsed separately for 50 minutes. The third time interval was a 15-minute break period when 

individuals mixed freely. During the final time interval, all attendees returned to the main hall to 

practice as a single group once more for 45 minutes. When practicing as single group during 

intervals 1 and 4, individuals sat in assigned seats (Miller et al. 2020) with chairs spaced 15.24 – 

25.4 cm apart (Hamner et al. 2020). In our simulations, we decided to rearrange agents in our 

model after 40, 90, and 105 minutes to recreate mixing associated with changing time intervals. 

At timestep 105, individuals moved back to their initial placements, representing their adherence 

to assigned seating during interval 4 (i.e., minutes 105 – 150). The seating chart has not been 

shared due to privacy concerns (Miller et al. 2020) however, from the spacing estimate we can 

assume that a maximum of 2 people could be within 1-m2 patches in our model scenario. Our 

ability to simulate mixing rates during specific time intervals was limited to this extent because 

we do not know specific seating arrangements, subset size or configuration, secondary room size, 

or interaction rates during the break period.  

Miller et al. (2020) estimated that the infectious individual in the Skagit County case 

study emitted 970 ± 390 SARS-CoV-2 quanta/hr. A quantum is the number of aerosolized 

infectious particles required to infect 1- 1/e % (i.e., ≈ 63%) of a susceptible population, assuming 

that all individuals were exposed to the same number of particles (Wells 1955). Here we describe 

how we estimated the virion risk associated with 1 quanta min-1 to be used in our SARS-CoV-2 
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transmission efforts. To do this, we ran a modified version of our agent-based model, wherein 

the droplet fallout procedure (see Supplemental Materials I) was carried out before the infection 

procedure, and droplets were homogenously dispersed throughout the entirety of the simulated 

world immediately after expectoration. We parameterized our modified model to reflect the 

choral super-spreading event described by Hamner et al. 2020 (Table 1). We varied 22 virion 

infection risk levels across 220,000 simulations (i.e., 10,000 simulations per level). All 

simulations lasted only a single time step, after which we recorded the percentage of susceptible 

individuals infected. After evaluation, all simulations were aggregated into a single data set, and 

we carried out a linear regression to relate the percentage of susceptible people infected to the 

virion risk: 

%	infected = 	𝛽' + 𝛽&𝑣𝑖𝑟𝑖𝑜𝑛𝑅𝑖𝑠𝑘. 

We determined that  

%	infected = 	0.0027 + 10.06𝑣𝑖𝑟𝑖𝑜𝑛𝑅𝑖𝑠𝑘. 

Given this formula, we calculated that a virion risk value of 0.0624 is required to infect 63% of 

susceptible in our parameterized quantum-simulation model. We adopted this value as the virion 

risk in all primary simulations.  

The number of droplets produced by the infectious individual in our simulations each 

minute was independent of coughing status, and like droplet travel distance estimation, was 

drawn from a log-normal distribution. The known mean and standard deviation values for this 

distribution were 9.7e5 and 3.9e5 droplets, respectively, to recreate the 970 ± 390 quanta/hr 

estimated by Miller et al. (2020). We assumed a virion decay rate of 1.05 % /min (van 

Doremalen et al. 2020). 
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We assume that airborne droplets naturally diffuse throughout the simulated environment 

at a fixed rate of 1.5e-3 m3/min (Castillo & Weibel 2018) regardless of size. Additionally, we 

know that the ventilation system in the main hall of the church consists of three supply vents that 

push a mixture of outdoor and recirculated air towards a single return vent on the opposite wall, 

though the true direction of forced airflow (e.g., North to South) is unclear from reports (Miller 

et al. 2020). Because it is uncertain whether or not the forced-air system was turned on during 

the choir practice (Miller et al. 2020), however, we decided to run our simulations in two sets: 

ventilation-on (i.e., both forced-air effects and natural diffusion moved droplets between patches) 

and ventilation-off (i.e., only natural diffusion moved droplets between patches). In the 

ventilation-on set, we additionally assume that droplets move from supply vents towards the 

return vent at a fixed rate of 0.043 %/min (Miller et al. 2020), and that 90% of droplets were 

filtered prior to recirculation (Miller et al. 2020). Because we do not know the true direction of 

forced airflow, we simulated both North-to-South and East-to-West forced airflow movement in 

the ventilation-on set (Figure 1).  
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Tables 
 
Table 1. Parameters for SARS-CoV-2 quantum simulation.  

Parameter Value(s) Reference(s) 
Area (m2) 180 Hamner et al. 2020 

Cough frequency (coughs/min) 0.19 Lee et al. 2012 
Droplet count 

(droplets/expectoration) 60,000 Stadnytskyi et al. 2020 

Expectoration height (m) 1.7 Fryar et al. 2018 
Inhalation rate (m3 air/min) 0.023 Adams 1993 

Maximum people in a single 1-
m2 patch (people) 2 Hamner et al. 2020 

virion count (virions/mL fluid) 2.35e9 Wölfel et al. 2020 
virion decay rate (%/min) 1.05 van Doremalen et al. 2020 

virion infection risk (%/inhaled 
virion) 

1.0e-5, 3.0e-5, 5.0e-5, 8.0e-

5, 1.0e-4, 3.0e-4, 5.0e-4, 
8.0e-4, 0.001, 0.003, 

0.005, 0.008, 0.01, 0.02, 
0.03, 0.04, 0.05, 0.06, 
0.07, 0.08, 0.09, 0.1 

– 
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Figures 
 

 
Figure 1. Airborne infectious droplets in North-to-South and East-to-West forced airflow 

schemas have different maximum travel distances due to the shape of the simulated world. 
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Appendix C5-3 

Sensitivity analysis 

We carried out a global sensitivity analysis to estimate Sobol’ indices for select 

parameters using formulas given by Jansen (1999) and Saltelli et al. (2010), commonly referred 

to as “Jansen estimators.” This method allows us to simultaneously estimate 1st order and total 

Sobol’ indices, estimates of the model variance attributed to effects of the parameter alone and 

attributable to the singular parameter effect plus all interactions with other varied parameters, 

respectively. Due the size of our model’s full parameter space and computational limitations, we 

included only infectiousness parameters in the sensitivity analysis (Table S3-1). The included 

parameters were chosen because their values are obligate for any study aimed at estimating 

infection rates using our model. Airflow and most intervention parameters were excluded. These 

parameters are situation specific, and may be varied in case scenarios to test specific hypotheses. 

The number of model evaluations required when using Jansen estimators is equivalent to 

(k + 2)*S, where k is the number of parameters included in the analysis, and S is the number of 

random samples drawn from parameter ranges (Saltelli et al. 2010). Based on 1250 random 

samples, we ran 25,000 simulations of our model across three random seeds (Salecker et al. 

2019), therefore running 75,000 simulations in total. We used 5,000 bootstrap replicates to 

generate estimates for each random seed level. We report estimated Sobol’ indices averaged 

across random seed levels in Table S3-2. This sensitivity analysis was carried out using the 

NLRX R package (Salecker et al. 2019) in RStudio (v. 1.1.463, RStudio Team, Boston, MA) 

running R (v. 3.6.2, R Foundation for Statistical Computing, Vienna, Austria). 
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Tables 
 
Table 1. Values used to parameterize simulations for sensitivity analysis. *All standard deviation 

parameters associated with “mean” parameters were set to 0. †Because mod-proportion is 0, 

maskRisk-mod and mod-group values are irrelevant. ‡Because ventilation is false, all ventilation-

related parameter values (e.g., ventil_movementRate, numSupplyVents, numReturnVents, etc.) are 

irrelevant. §We were interested in estimating effects of droplet sizes on infection probability. To 

do so, rather than using droplet size distributions described by Chao et al. (2009) to parameterize 

expectorate, we used the dropletSizeDistr parameters. The dropletSizeDistr parameter describes 

the log mean of lognormal distribution with log SD of 0.3 used to define the probability 

distribution for droplet sizes. 

Parameter 
Range 

varied parameters  

cohort-dur 
2 – 90 

cough_airflow-angle 
35 – 90 

cough_dropletNum.mean* 1e4 – 1e5 

cough_dropletSizeDistr§ 
1 – 4 

cough_frequency 
0 – 0.25 

cough_spread-dist.mean* 
2 – 7 

diffusionRate 
0.001 – 0.01 

dropletDecay 
0.01 – 0.25 

expectorate-height 
0.5 – 2 

grid-height 
3 – 10 

grid-width 
3 – 10 

speak_airflow-angle 
35 – 90 

speak_dropletNum.mean* 
1e4 – 1e5 

speak_dropletSizeDistr§ 
1 – 4 

speak_spread-dist.mean* 0.5 – 2 
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Table 1 (continued). 

virionRisk 
1e-6 – 0.001  

virionsPerML 
1e7 – 1e8 

vol_B 
0.01 – 0.025 

 
 

fixed parameters  

face-northward false 

mod-proportion 0† 

n 2 

n_infectious 1 

num-cohorts 1 

personPerPatch-cap 2 

rearrange-cohort false 

social-distance 0 

symp-pr 1 

ventilation false‡ 
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Table 2. Mean 1st-order and total Sobol’ indices for infectiousness parameters. 95% confidence 

intervals are given in parentheses. Parameters are listed in order of descending total Sobol’ 

index. 

Parameter 1st-Order Total 

grid-width 0.094 (0.00, 0.308) 0.873 (0.723, 0.947) 

grid-height 0.116 (0.017, 0.320) 0.814 (0.687, 0.918) 

cough_airflow-angle 0.070 (0.014, 0.226) 0.183 (0.116, 0.239) 

cohort-dur 0.059 (0.016, 0.219) 0.172 (0.108, 0.227) 

cough_spread-dist.mean 0.075 (0.017, 0.232) 0.172 (0.107, 0.227) 

cough_frequency 0.104 (0.013, 0.255) 0.158 (0.098, 0.209) 

cough_dropletSize 0.065 (0.010, 0.219) 0.149 (0.090, 0.200) 

virionRisk 0.091 (0.021, 0.240) 0.136 (0.078, 0.184) 

speak_spread-dist.mean 0.096 (0.024, 0.249) 0.131 (0.078, 0.177) 

virionsPerML 0.082 (0.012, 0.232) 0.118 (0.065, 0.165) 

speak_dropletSizeDistr 0.071 (0.014, 0.215) 0.058 (0.021, 0.090) 

cough_dropletNum.mean 0.087 (0.005, 0.231) 0.055 (0.020, 0.085) 

expectorate-height 0.065 (0.013, 0.209) 0.054 (0.018, 0.084) 

vol_B 0.078 (0.012, 0.218) 0.054 (0.017, 0.084) 

dropletDecay 0.075 (0.011, 0.220) 0.052 (0.015, 0.081) 

speak_airflow-angle 0.088 (0.018, 0.231) 0.046 (0.014, 0.073) 

diffusionRate 0.068 (0.008, 0.210) 0.042 (0.01, 0.068) 

speak_dropletNum.mean 0.075 (0.007, 0.217) 0.039 (0.010. 0.064) 
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Appendix C7-1 

Using the contact package 

Farthing T. (2020). Using the contact package. R vignette. https://cran.r-

project.org/web/packages/contact/vignettes/Using_the_contact_package_v1_2_5.html. 

(Accessed April 08, 2021).  
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Using the contact package

Trevor S. Farthing

2021-04-08

Package description and vignette purpose

The contact package is intended to allow for easy processing of spatiotemporal data into contact and so-
cial networks, and facilitate network analysis by randomizing individuals’ movement paths and/or related
categorical variables. To use this package, users need only have a dataset containing spatial data (i.e., lat-
itude/longitude, or planar xy coordinates), individual IDs relating spatial data to specific individuals, and
date/time information relating spatial locations to temporal locations. The functionality of this package
ranges from data “cleaning” via multiple filtration functions, to spatial and temporal data interpolation, and
network creation and summarization. Functions within this package are not limited to describing interper-
sonal contacts. Package functions can also identify and quantify “contacts” between individuals and fixed
areas (e.g., home ranges, waterbodies, buildings, etc.). As such, this package is an incredibly useful resource
for facilitating epidemiological, ecological, ethological and sociological research.

Here we demonstrate how to use contact functions to:

1.) Create a point-location-based environmental-contact network

2.) Create polygon-intersection-based contact networks using point-location data

3.) Test networks against NULL models

Please note that a manuscript detailing novel methodologies we’ve developed for accounting for space and
real-time location-system accuracy when creating contact networks from point-location data was recently
published in Ecology and Evolution. This same manuscript introduces the contact package to the scientific
community. Our methods are described briefly in this vignette, but are presented in much greater detail in
our manuscript, which is available at https://doi.org/10.1002/ece3.6225.

#load the contact package
library(contact)

Section 1.) Creating a point-location-based environmental contact network

Here, we show how to create a contact network detailing the number of contacts each tracked individual has
with fixed area/points. In this case, our network will represent contacts between calves in a single feedlot pen
with their water trough (for which we know the coordinates). The data set we use, calves, is comprised of
point-locations collected using a radio-telemetry-based real-time location system (RTLS) (Smartbow GmbH,
Weibern, Austria) to monitor the locations of n = 10 steers in a single 30m X 35m feedlot pen located at
the Kansas State University Beef Cattle Research Center in Manhattan, KS. Manufacturer-reported RTLS
spatial resolution and accuracy was 0.5m and 90%, respectively (i.e., 90% of location fixes are within 0.5m of
animals’ true locations). Tracked steers were approximately 1.5 years old, with estimated 1.5-m nose-to-tail
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lengths and 0.5-m shoulder widths, and radio-frequency-identication (RFID) tracking devices were located
on animals’ left ears. Data in this set were collected continuously between 00:00:00 and 02:00:00 UTC on
06/01/2018 at a 5-10s temporal resolution (i.e., positional fixes for each individual were obtained every 5-10
seconds).

Using the calves data set, we identify the number of “contacts” each individual in had with the water trough
in their pen. We define “contact” as occuring when point-locations were within a pre-determined spatial-
threshold distance (SpTh) of water-trough edges. In this case, we set our initial SpTh as 0.333 m (i.e.,
the approximate distace from RFID tags to calves’ noses), then re-define this SpTh to account for RTLS
accuracy using the findDistThresh function below.

The steps for environmental-contact network creation are described below.

A.) Ensure all required columns exist in the calves data set (i.e., xy coordinates, unique

individual IDs, dateTime).

B.) Calculate distances between the water-trough polygon and calves at each time step.

C.) Identify what SpTh value will allow us to capture 99% of contacts, defined as instances

when point-locations were within 0.333 m of the water trough, given the RTLS accuracy.

D.) Identify time points when calves were within the re-adjusted SpTh distance from water

trough.

E.) Visualize the contact network with edgeweights weighted according to number of observed

contacts.

data("calves") #load the calves data set
calves<-droplevels(calves[1:1000,]) #reduce the size to reduce processing time for this vignette.

A.) Ensure all required columns exist in the calves data set (i.e., xy coordinates, unique

individual IDs, dateTime)

head(calves)#The calves data set does not have a singular dateTime column. Rather, it has "date" and "time" columns. We must append a dateTime column to the data frame.
#> calftag x y time date
#> 1 101 63.38 47.43 00:00:14 05-02-2016
#> 2 101 63.48 46.59 00:00:22 05-02-2016
#> 3 101 62.90 47.07 00:00:26 05-02-2016
#> 4 101 63.27 47.26 00:00:34 05-02-2016
#> 5 101 63.04 46.62 00:00:38 05-02-2016
#> 6 101 63.53 47.24 00:00:42 05-02-2016

system.time(calves.dateTime<- contact::datetime.append(x = calves, date = calves$date, time= calves$time, dateTime = NULL, dateFormat = "mdy", dateFake = FALSE, startYear = NULL, tz.in = "UTC", tz.out = NULL, month = FALSE, day = FALSE, year = FALSE, hour = FALSE, minute = FALSE, second = FALSE, daySecond = FALSE, totalSecond = FALSE))

#> user system elapsed
#> 0.177 0.008 0.184

B.) Calculate distances between the water-trough polygon and calves at each time step.

First, we must define the location of the water trough. To do this, we read in point-location data for the
water-trough vertices.

water<- data.frame(x = c(61.43315, 61.89377, 62.37518, 61.82622), y = c(62.44815, 62.73341, 61.93864, 61.67411)) #This is a data frame containing the x and y coordinates of the four trough vertices.

As noted in the dist2Area_df help documention, polygon-vertex coordinates must be arranged in a particular
way. Here we arrange them accordingly.
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water_poly<-data.frame(matrix(ncol = 8, nrow = 1)) #(ncol = number of vertices)*2
colnum = 0

for(h in 1:nrow(water)){

water_poly[1,colnum + h] <- water$x[h] #pull the x location for each vertex
water_poly[1, (colnum + 1 + h)] <- water$y[h] #pull the y location for each vertex
colnum <- colnum + 1

}

Calculate distances between calves and the water polygon at every timestep.

system.time(water_distance<-contact::dist2Area_df(x = calves.dateTime, y = water_poly, x.id = "calftag", y.id = "water", dateTime = "dateTime", point.x = calves.dateTime$x, point.y = calves.dateTime$y, poly.xy = NULL, parallel = FALSE, dataType = "Point", lonlat = FALSE, numVertices = NULL)) #note that the poly.xy and numVertices arguments refer to vertices of polygons in x, not y. Because dataType is "Point," not "Polygon," these arguments are irrelevant here.
#> user system elapsed
#> 4.593 0.054 4.651

head(water_distance)

#> dateTime totalIndividuals individualsAtTimestep id dist.to.water
#> 1 2016-05-02 00:00:14 3 1 101 14.32860
#> 2 2016-05-02 00:00:22 3 1 101 15.17450
#> 3 2016-05-02 00:00:26 3 1 101 14.64353
#> 4 2016-05-02 00:00:34 3 1 101 14.48624
#> 5 2016-05-02 00:00:38 3 1 101 15.10296
#> 6 2016-05-02 00:00:42 3 1 101 14.53432

C.) Identify what SpTh value will allow us to capture 99% of contacts, defined as instances

when point-locations were within 0.333 m of the water trough, given the RTLS accuracy.

SpThValues<-contact::findDistThresh(n = 100000, acc.Dist1 = 0.5, acc.Dist2 = NULL, pWithin1 = 90, pWithin2 = NULL, spTh = 0.5) #spTh represents the initially-defined spatial threshold for contact. Note that we’ve chosen to use 100,000 in-contact point-location pairs here.

SpThValues #it looks like an adjusted SpTh value of approximately 1.74 m will likely capture 99 to 100% of contacts, defined as instances when point-locations were within 0.333 m of the water trough, given the RTLS accuracy. #Note that because these confidence intervals are obtained from distributions generated from random samples, every time this function is run, results will be slightly different.
#> $distribution.summary
#> mean sd min max TPR
#> 0.707914585 0.344888092 0.003259607 2.369334321 0.302400000
#>
#> $CI_upper
#> 50%-CI 55%-CI 60%-CI 65%-CI 70%-CI 75%-CI 80%-CI 85%-CI
#> 0.7086502 0.7087385 0.7088325 0.7089339 0.7090450 0.7091692 0.7093123 0.7094846
#> 90%-CI 95%-CI 99%-CI
#> 0.7097085 0.7100522 0.7107239
#>
#> $CI_lwr
#> 50%-CI 55%-CI 60%-CI 65%-CI 70%-CI 75%-CI 80%-CI 85%-CI
#> 0.7071790 0.7070907 0.7069967 0.7068953 0.7067842 0.7066600 0.7065169 0.7063446
#> 90%-CI 95%-CI 99%-CI
#> 0.7061207 0.7057770 0.7051053
#>
#> $spTh.adjustments
#> spTh_84%Capture spTh_98%Capture spTh_100%Capture
#> 1.052803 1.397691 1.742579
#>
#> $contact.frequency
#> freq_84%Capture freq_98%Capture freq_100%Capture
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#> 0.83529 0.96658 0.99668

CI_99<-unname(SpThValues[["spTh.adjustments"]][3]) #we will use this SpTh value moving forward.

D.) Identify time points when calves were within the re-adjusted SpTh distance from water

trough.

system.time(water_contacts <- contact::contactDur.area(water_distance, dist.threshold=CI_99,sec.threshold=1, blocking = FALSE, equidistant.time = FALSE, parallel = FALSE, reportParameters = TRUE)) #Note that because we are not interested in making a time-aggregated network with > 1 temporal levels, we set blocking = FALSE to reduce processing time.
#> user system elapsed
#> 0.212 0.036 0.248

head(water_contacts)

#> indiv.id area.id contact.id contactDuration contactStartTime
#> 1 101 water 101-water 1 2016-05-02 00:47:31
#> 2 101 water 101-water 1 2016-05-02 00:47:35
#> 3 101 water 101-water 1 2016-05-02 00:47:39
#> 4 101 water 101-water 1 2016-05-02 00:47:43
#> 5 101 water 101-water 1 2016-05-02 00:47:47
#> 6 101 water 101-water 1 2016-05-02 00:47:55
#> contactEndTime distThreshold secThreshold equidistant.time
#> 1 2016-05-02 00:47:31 1.742579 1 FALSE
#> 2 2016-05-02 00:47:35 1.742579 1 FALSE
#> 3 2016-05-02 00:47:39 1.742579 1 FALSE
#> 4 2016-05-02 00:47:43 1.742579 1 FALSE
#> 5 2016-05-02 00:47:47 1.742579 1 FALSE
#> 6 2016-05-02 00:47:55 1.742579 1 FALSE

E.) Visualize the contact network with edgeweights weighted according to number of observed

contacts.

system.time(water_edges<- contact::ntwrkEdges(x = water_contacts, importBlocks = FALSE, removeDuplicates = TRUE)) #get specific weighted edges
#> user system elapsed
#> 0.018 0.005 0.023

head(water_edges)

#> from to durations
#> 1 101 water 18
#> 2 102 water 49

Now we can vizualize the network using igraph functions.

water.network <- igraph::simplify(igraph::graph_from_data_frame(d=water_edges, directed=F, vertices = c(seq(101,110), "water")),remove.multiple = T, remove.loops = T) #Note that we have to specify the nodes here because not all calves were observed in contact with the water trough.
igraph::V(water.network)$color<- "orange1" #make calf nodes orange
igraph::V(water.network)$color[length(igraph::V(water.network))]<- "steelblue1" #make water node blue
igraph::V(water.network)$label<-NA #no need to label nodes
igraph::V(water.network)$size <-13

igraph::V(water.network)$shape<-c(rep("circle", (length(igraph::V(water.network)) - 1)), "square") #make the calf nodes circular and the water node square
igraph::E(water.network)$width <- water_edges$duration/10 #edge width is proportional to contact frequency
igraph::E(water.network)$color <- "black" #make edges black
watercoords1<- igraph::layout_as_star(water.network, center = igraph::V(water.network)[length(igraph::V(water.network))]) #set the center of the star layout as the water polygon
igraph::plot.igraph(water.network, layout = watercoords1)
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Section 2.) Creating polygon-intersection-based direct-contacts network using point-location

data

Here, we show how to create contact networks detailing the number of direct, physical contacts between
tracked individuals. We derive polygons represntative of animals’ physical space from point-locations. We
then define “contact” as occuring when polygons intersect (i.e., SpTh == 0). However, we re-define this
SpTh to account for RTLS accuracy using the findDistThresh function below.

The data set we use, calves2018, is comprised of point-locations collected using a radio-telemetry-based real-
time location system (RTLS) (Smartbow GmbH, Weibern, Austria) to monitor the locations of n = 20 steers
in a 30m X 35m feedlot pen located at the Kansas State University Beef Cattle Research Center in Manhattan,
KS. Manufacturer-reported RTLS spatial resolution and accuracy was 0.5m and 90%, respectively (i.e., 90%
of location fixes are within 0.5m of animals’ true locations). Tracked steers were approximately 1.5 years
old, with estimated 1.5-m nose-to-tail lengths and 0.5-m shoulder widths, and radio-frequency-identication
(RFID) tracking devices were located on animals’ left ears. Data in this set were collected continuously
between 00:00:00 06/01/2018 and 11:59:59 06/03/2018 UTC at a 5-10s temporal resolution (i.e., positional
fixes for each individual were obtained every 5-10 seconds). However, to reduce processing time in this
vignette, we subset the calves2018 data set to only contain point-locations observed between 00:00:00 and
11:59:59 UTC on 06/01/2018.

The steps for direct-contact-network creation are described below.

A.) Subset calves2018 and ensure all required columns exist in the calves data set (i.e., xy

coordinates, unique individual IDs, dateTime).

B.) Clean and filter the data set.

C.) Temporally smooth point-locations, ensuring that animals are observed at identical time-

points (Note: this was an unnecessary step in Section 1 because the water trough’s location

was fixed and unchanging over time).

D.) Derive calf head and body polygons from point locations.
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Note: This is done using a novel methodology described in brief on the contact::referencePoint2Polygon and
contact::referencePoint2Polygon help pages, and in detail in Farthing et al. 2020 (the same manuscript in
which we introduce this package to the scientific community).

E.) Calculate inter-animal distances at each time step.

F.) Identify what SpTh value will allow us to capture 99% of contacts, polygon intersections,

given the RTLS accuracy.

G.) Identify time points when calf heads were within the re-adjusted SpTh distance from one

another or body polygons.

H.) Visualize the contact networks with edgeweights weighted according to number of observed

contacts.

data("calves2018") #load the data set

A.) Subset calves2018 and ensure all required columns exist in the calves data set (i.e., xy

coordinates, unique individual IDs, dateTime)

head(calves2018) #see that all necessary columns are there.
#> calftag x y dateTime
#> 2694575 598 42.77 181.85 2018-06-01
#> 2694576 570 38.74 192.62 2018-06-01
#> 2694577 577 29.44 181.43 2018-06-01
#> 2694578 688 47.83 182.02 2018-06-01
#> 2694580 651 50.08 171.50 2018-06-01
#> 2694581 575 26.31 185.82 2018-06-01

We will only look at points from the 1st date represented in the data set (06/01/2018). Therefore, we need
to get the unique date values in the data.

calves2018$date<-lubridate::date(calves2018$dateTime) #add the date column to the data set

calves06012018 <- droplevels(subset(calves2018, date == unique(calves2018$date)[1])) #pull the observations from 06/01/2018

B.) Clean and filter the data set.

Here we run the various spatiotemporal-data-filtering functions o�ered by the package (i.e., mps, confine,
dup). We run them in this particular order because one filtration process may trigger others to remove
points that are not necessariliy erroneous. For example, removing duplicated point-locations could create a
situation where it appears that individuals moved at a speed exceeding a specified mps threshold. Thus, in
this scenario, subsequently running the mps function may remove points that would not have been flagged
for removal prior to removing duplicated points.

First, we ensure that points do not represent impossible/highly unlikely movement speeds.

system.time(calves_filter1 <- contact::mps(calves06012018, id = calves06012018$calftag, point.x = calves06012018$x, point.y = calves06012018$y, dateTime = calves06012018$dateTime, mpsThreshold = 10, lonlat = FALSE, parallel = FALSE, filterOutput = TRUE)) #we assume that if calves’ point-locations suggest they moved faster than 10m/s, points are erroneous and should be removed. #This did not remove any observations.
#> user system elapsed
#> 2.567 0.010 2.579

Now we want to ensure that all points are within the specific feedlot pen boundaries. As calves could not
escape fedlot pens, points outside the pen or adjacent feed bunks are erroneous.
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confinementCoords <- data.frame(object = c("feed", "feed", "feed", "feed","fence", "fence", "fence", "fence", "fence"), x = c(46.0118, 46.6482, 58.3415, 57.6507, 60.5775, 29.3054, 16.7602, 17.0590, 46.0309), y = c(197.0570, 197.4131, 175.9618, 175.6284, 170.4628, 153.6002, 176.5861, 181.6315, 197.1261)) #these are the x & y coordinates for the feedlot-pen fenceline and adjacent feedbunk vertices. Note that they are arranged in a clockwise order, as the confine function below requires input vertices to be ordered clockwise or counter-clockwise.

plot(confinementCoords$x,confinementCoords$y,lines(c(confinementCoords$x, confinementCoords$x[1]),c(confinementCoords$y, confinementCoords$y[1])), pch=16, main = "confinement polygon") #this is what the pen outline looks like.
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system.time(calves_filter2<-contact::confine(calves_filter1, point.x = calves_filter1$x, point.y = calves_filter1$y, confinementCoord.x = confinementCoords$x, confinementCoord.y = confinementCoords$y, filterOutput = TRUE)) #this removed an additional 1784 observations
#> user system elapsed
#> 0.07 0.00 0.07

Finally, we want to remove duplicate observations. This is an important step because many data-processing
functions below require that no duplicates exist.

system.time(calves_filter3<- contact::dup(calves_filter2, id = calves_filter2$calftag, point.x = calves_filter2$x, point.y = calves_filter2$y, dateTime = calves_filter2$dateTime, avg = FALSE, parallel = FALSE, filterOutput = TRUE)) #it looks like there were no duplicates to remove in the first place. We’re ready to proceed with analyses.
#> user system elapsed
#> 0.286 0.006 0.293

C.) Temporally smooth point-locations, ensuring that animals are observed at identical time-

points

Note: This was an unnecessary step in Section 1 because the water trough’s location was fixed and unchanging
over time.

#create our data set that shows calves average position every 10 seconds
system.time(calves.10secSmoothed <- contact::tempAggregate(x = calves_filter3, id = calves_filter3$calftag, point.x = calves_filter3$x, point.y = calves_filter3$y, dateTime = calves_filter3$dateTime, secondAgg = 10, extrapolate.left = FALSE, resolutionLevel = "reduced", extrapolate.right = FALSE, na.rm = TRUE, smooth.type = 2))

#> user system elapsed
#> 4.922 0.033 4.957
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Note that we set na.rm to TRUE and resolutionLevel to “reduced” here. This means that temporal intervals
between observed relocations may not necessarily be equidistant, as when individuals were not observed at a
given time point, they are removed from the data set (rather than introducing an NA instead). This speeds
up later processing functions (because the size of calves.10secSmoothed is relatively small). Please note,
however, that having equidistant temporal intervals between observed relocations is a requirement for some
contact-function processes (e.g., a variation of the path-randomization procedure described by Spiegel et al.
2016 that can be implemented using contact::randomizePaths). Thus, before these specific processes could
be run, the data set must be re-processed with na.rm == FALSE.

D.) Derive calf head and body polygons from point locations.

We could transform empirical point-locations into polygon vertices one vertex at a time by repeatedly
using the repositionReferencePoint function, but the referencePoint2Polygon function provides an expediant
shortcut for generating square/rectangular polygons from point-locations. Moving forward, we assume that
calves’ body sizes are equivalent and stable, and that 0.333 m X 0.333 and 1.167 m X 0.5 m polygons
accurately represent areas where calves’ heads and bodies exist, respectively.

##Create 0.333 m X 0.333 m calf head polygons.
#Note that this is done using the original reference points, which denote the locations of RFID tags on individuals’ left ears.
system.time(calf_heads <- contact::referencePoint2Polygon(x = calves.10secSmoothed, id = calves.10secSmoothed$id, dateTime = calves.10secSmoothed$dateTime, point.x = calves.10secSmoothed$x, point.y = calves.10secSmoothed$y, direction = NULL, StartLocation = "DL", UpDownRepositionLen = 0.333, LeftRightRepositionLen = 0.333, CenterPoint = FALSE, MidPoints = FALSE, immobThreshold = 0, parallel = FALSE, modelOrientation = 90)) #Note that we do not specify an immobility threshold here. This is because the head polygons will later be unioned with body polygons generated from different point-locations, and prematurely thresholding them will potentially cause misalignment between the two polygons.
#> user system elapsed
#> 6.862 0.546 7.409

head(calf_heads)

#> id cornerPoint1.x cornerPoint1.y cornerPoint2.x cornerPoint2.y
#> 1 570 38.482 192.424 NA NA
#> 2 570 37.870 192.156 37.56497 192.0224
#> 3 570 37.272 190.948 37.12426 190.6496
#> 4 570 37.468 190.360 37.57330 190.0441
#> 5 570 37.850 191.544 37.95225 191.8609
#> 6 570 37.930 192.200 37.97031 192.5306
#> cornerPoint3.x cornerPoint3.y cornerPoint4.x cornerPoint4.y startLocation
#> 1 NA NA NA NA DL
#> 2 37.43139 192.3275 37.73642 192.4610 DL
#> 3 36.82583 190.7973 36.97357 191.0957 DL
#> 4 37.25739 189.9388 37.15209 190.2547 DL
#> 5 38.26916 191.7587 38.16691 191.4418 DL
#> 6 38.30086 192.4902 38.26055 192.1597 DL
#> movementDirection upDownRepositionLength leftRightRepositionLength immob
#> 1 NA 0.333 0.333 NA
#> 2 203.64902 0.333 0.333 0
#> 3 243.66307 0.333 0.333 0
#> 4 288.43495 0.333 0.333 0
#> 5 72.11848 0.333 0.333 0
#> 6 83.04704 0.333 0.333 0
#> immobThreshold dateTime dt
#> 1 0 2018-06-01 00:00:00 10
#> 2 0 2018-06-01 00:00:10 10
#> 3 0 2018-06-01 00:00:20 10
#> 4 0 2018-06-01 00:00:30 10
#> 5 0 2018-06-01 00:00:40 10
#> 6 0 2018-06-01 00:00:50 10

When creating the head polygons, we set direction == NULL because we do not have gyroscopic data
detailing movement directions associated with each relocation event. Thus, polygons are subject to the
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assumptions pertaining to deriving polygons from point-locations as described by Farthing et al. (2020).
(see the contact::referencePoint2Polygon help page for a brief description of these assumptions).

Note that the referencePoint2Polygon function assumes the input point-locations represent a single vertex
of desired polygons. Because calves’ heads are not the same width as their bodies (i.e., 1.167 m X 0.5 m ;
L X W), and are assumed to be centered at the front of the body, however, we must move reference points
(on the left ear) to the left by 0.0835 m to reposition them at the upper-left corner of calves bodies before
creating body polygons. Additionally, note that we are assuming ears are parallel to shoulder-tips.

system.time(leftShoulder.point<-contact::repositionReferencePoint(x = calves.10secSmoothed, id = calves.10secSmoothed$id, dateTime = calves.10secSmoothed$dateTime, point.x = calves.10secSmoothed$x, point.y = calves.10secSmoothed$y, direction = NULL, repositionAngle = 180, repositionDist = 0.0835, immobThreshold = 0, parallel = FALSE, modelOrientation = 90)) #Again, see that we do not specify a immobility threshold here.
#> user system elapsed
#> 8.339 0.551 8.891

Now we have the left-shoulder points, but before we create the bodies, let’s take a moment to examine these
new points more closely.

head(leftShoulder.point)

#> id x.original y.original dist.original dx.original dy.original x.adjusted
#> 1 570 38.482 192.424 0.6681078 -0.612 -0.268 NA
#> 2 570 37.870 192.156 1.3479125 -0.598 -1.208 37.90349
#> 3 570 37.272 190.948 0.6198064 0.196 -0.588 37.34683
#> 4 570 37.468 190.360 1.2440981 0.382 1.184 37.54722
#> 5 570 37.850 191.544 0.6608600 0.080 0.656 37.77053
#> 6 570 37.930 192.200 0.8508819 0.420 0.740 37.84711
#> y.adjusted dist.adjusted dx.adjusted dy.adjusted movementDirection
#> 1 NA NA NA NA NA
#> 2 192.0795 1.2943716 -0.55666184 -1.1685570 203.64902
#> 3 190.9110 0.5615212 0.20038230 -0.5245503 243.66307
#> 4 190.3864 1.2041233 0.22331854 1.1832336 288.43495
#> 5 191.5696 0.6450315 0.07658047 0.6404694 72.11848
#> 6 192.2101 0.8830274 0.43026716 0.7711080 83.04704
#> repositionAngle repositionDist immob immobThreshold dateTime dt
#> 1 180 0.0835 NA 0 2018-06-01 00:00:00 10
#> 2 180 0.0835 0 0 2018-06-01 00:00:10 10
#> 3 180 0.0835 0 0 2018-06-01 00:00:20 10
#> 4 180 0.0835 0 0 2018-06-01 00:00:30 10
#> 5 180 0.0835 0 0 2018-06-01 00:00:40 10
#> 6 180 0.0835 0 0 2018-06-01 00:00:50 10

See that moving the points changed the calculated dx,dy values from those associated with empirical data
points. Therefore, movement angles calculated from these data points will di�er from values calculated using
the empirical observations. Because of that, when creating body polygons, we must specify that the function
use angle values from the empirical data set. Luckily, the function allows for this very easily.

Additionally, the di�ering calculated-distance values will potentially cause misalignment errors when union-
ing the head and body polygons if either is created with a specified immobility threshold (see reference-
Point2Polygon help page). As outlined by Farthing et al. (2020), in the absence of accompanying gyroscopic
data, movement angles are calculated based on observed relocation events with the assumption that all
individuals are forward-facing when moving. Thus, specifying an immobility threshold (i.e., observed relo-
cation distance required for us to state that movement actually occurred) is necessary to reduce directional
errors by discounting observed movements so miniscule that the majority of the modeled physical-space is
likely una�ected (e.g., head shaking), and therefore would not be repositioned. Thus, prior to unioning the
polygons, we will not implement an immobility threshold.
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Moving forward, let’s generate the vertices for calves’ anterior- and posterior-body polygons (i.e., we’re
dividing body polygons into two halves). Rather than running the referencePoint2Polygon function twice,
we instead set MidPoints = TRUE, which will e�ectively identify vertices for the bottom of anterior body
sections/top of posterior ones.

system.time(calf_bods <- contact::referencePoint2Polygon(x = leftShoulder.point, id = leftShoulder.point$id, dateTime = leftShoulder.point$dateTime, point.x = leftShoulder.point$x.adjusted, point.y = leftShoulder.point$y.adjusted, direction = leftShoulder.point$movementDirection, StartLocation = "UL", UpDownRepositionLen = 1.167, LeftRightRepositionLen = 0.5, CenterPoint = FALSE, MidPoints = TRUE, immobThreshold = 0, parallel = FALSE, modelOrientation = 90)) #note that direction == leftShoulder.point$movementDirection.
#> user system elapsed
#> 6.737 0.540 7.279

head(calf_bods) #notice the additional columns compared to calf_heads
#> id cornerPoint1.x cornerPoint1.y midPoint1.x midPoint1.y cornerPoint2.x
#> 1 570 NA NA NA NA NA
#> 2 570 37.90349 192.0795 37.80321 192.3085 37.70293
#> 3 570 37.34683 190.9110 37.12278 191.0219 36.89873
#> 4 570 37.54722 190.3864 37.31004 190.3073 37.07287
#> 5 570 37.77053 191.5696 38.00846 191.4929 38.24638
#> 6 570 37.84711 192.2101 38.09528 192.1798 38.34344
#> cornerPoint2.y midPoint2.x midPoint2.y cornerPoint3.x cornerPoint3.y
#> 1 NA NA NA NA NA
#> 2 192.5375 38.23743 192.7716 38.77192 193.0056
#> 3 191.1328 37.15760 191.6557 37.41647 192.1786
#> 4 190.2283 36.88835 190.7818 36.70384 191.3354
#> 5 191.4161 38.06722 190.8608 37.88805 190.3055
#> 6 192.1496 38.27280 191.5704 38.20217 190.9912
#> midPoint3.x midPoint3.y cornerPoint4.x cornerPoint4.y midPoint4.x midPoint4.y
#> 1 NA NA NA NA NA NA
#> 2 38.87221 192.7766 38.97249 192.5476 38.43799 192.3136
#> 3 37.64052 192.0677 37.86457 191.9568 37.60570 191.4339
#> 4 36.94101 191.4145 37.17818 191.4935 37.36270 190.9400
#> 5 37.65013 190.3822 37.41221 190.4590 37.59137 191.0143
#> 6 37.95401 191.0214 37.70584 191.0517 37.77648 191.6309
#> startLocation movementDirection upDownRepositionLength
#> 1 UL NA 1.167
#> 2 UL 203.64902 1.167
#> 3 UL 243.66307 1.167
#> 4 UL 288.43495 1.167
#> 5 UL 72.11848 1.167
#> 6 UL 83.04704 1.167
#> leftRightRepositionLength immob immobThreshold dateTime dt
#> 1 0.5 NA 0 2018-06-01 00:00:00 10
#> 2 0.5 NA 0 2018-06-01 00:00:10 10
#> 3 0.5 0 0 2018-06-01 00:00:20 10
#> 4 0.5 0 0 2018-06-01 00:00:30 10
#> 5 0.5 0 0 2018-06-01 00:00:40 10
#> 6 0.5 0 0 2018-06-01 00:00:50 10

Now we can take vertices from calf_heads and calf_bods, and create a vertex set {V(it)} delineating the
calves full bodies (i.e., we essentially union the calf_heads and calf_bod polygons). Note that in this
calf_FullBody data frame, vertex1 is located on calves left shoulders, and vertices are ordered in a clockwise
direction from that point.

calf_FullBody <- data.frame(calf_id = calf_bods$id, vertex1.x = calf_bods$cornerPoint1.x, vertex1.y = calf_bods$cornerPoint1.y, vertex2.x = calf_heads$cornerPoint1.x, vertex2.y = calf_heads$cornerPoint1.y, vertex3.x = calf_heads$cornerPoint2.x, vertex3.y = calf_heads$cornerPoint2.y, vertex4.x = calf_heads$cornerPoint3.x, vertex4.y = calf_heads$cornerPoint3.y, vertex5.x = calf_heads$cornerPoint4.x, vertex5.y = calf_heads$cornerPoint4.y, vertex6.x = calf_bods$cornerPoint2.x, vertex6.y = calf_bods$cornerPoint2.y, vertex7.x = calf_bods$midPoint2.x, vertex7.y = calf_bods$midPoint2.y, vertex8.x = calf_bods$cornerPoint3.x, vertex8.y = calf_bods$cornerPoint3.y, vertex9.x = calf_bods$cornerPoint4.x, vertex9.y = calf_bods$cornerPoint4.y, vertex10.x = calf_bods$midPoint4.x, vertex10.y = calf_bods$midPoint4.y, dateTime = calf_bods$dateTime)
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head(calf_FullBody)

#> calf_id vertex1.x vertex1.y vertex2.x vertex2.y vertex3.x vertex3.y vertex4.x
#> 1 570 NA NA 38.482 192.424 NA NA NA
#> 2 570 37.90349 192.0795 37.870 192.156 37.56497 192.0224 37.43139
#> 3 570 37.34683 190.9110 37.272 190.948 37.12426 190.6496 36.82583
#> 4 570 37.54722 190.3864 37.468 190.360 37.57330 190.0441 37.25739
#> 5 570 37.77053 191.5696 37.850 191.544 37.95225 191.8609 38.26916
#> 6 570 37.84711 192.2101 37.930 192.200 37.97031 192.5306 38.30086
#> vertex4.y vertex5.x vertex5.y vertex6.x vertex6.y vertex7.x vertex7.y
#> 1 NA NA NA NA NA NA NA
#> 2 192.3275 37.73642 192.4610 37.70293 192.5375 38.23743 192.7716
#> 3 190.7973 36.97357 191.0957 36.89873 191.1328 37.15760 191.6557
#> 4 189.9388 37.15209 190.2547 37.07287 190.2283 36.88835 190.7818
#> 5 191.7587 38.16691 191.4418 38.24638 191.4161 38.06722 190.8608
#> 6 192.4902 38.26055 192.1597 38.34344 192.1496 38.27280 191.5704
#> vertex8.x vertex8.y vertex9.x vertex9.y vertex10.x vertex10.y
#> 1 NA NA NA NA NA NA
#> 2 38.77192 193.0056 38.97249 192.5476 38.43799 192.3136
#> 3 37.41647 192.1786 37.86457 191.9568 37.60570 191.4339
#> 4 36.70384 191.3354 37.17818 191.4935 37.36270 190.9400
#> 5 37.88805 190.3055 37.41221 190.4590 37.59137 191.0143
#> 6 38.20217 190.9912 37.70584 191.0517 37.77648 191.6309
#> dateTime
#> 1 2018-06-01 00:00:00
#> 2 2018-06-01 00:00:10
#> 3 2018-06-01 00:00:20
#> 4 2018-06-01 00:00:30
#> 5 2018-06-01 00:00:40
#> 6 2018-06-01 00:00:50

This is an example of what a calf full-body polygon looks like.

fullBodyExample <- data.frame(section = c("body", rep("head", 4), rep("body", 5)), x = unname(unlist(calf_FullBody[10,c(seq(2,21, by =2))])), y = unname(unlist(calf_FullBody[10,c(seq(3,21, by =2))])))

{plot(fullBodyExample$x,fullBodyExample$y, col = as.factor(fullBodyExample$section), lines(c(fullBodyExample$x, fullBodyExample$x[1]),c(fullBodyExample$y, fullBodyExample$y[1])), pch=16, main = "Calves’ body shape")

legend(39.2, 193.8, col = c(1,2), legend = c("body", "head"), cex = 0.7, pch = 16)}
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For reference, we show an example of a misalignment that may occur when enforcing an immobility threshold
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So, even when polygons are ultimately derived from the same empirical data, it’s clear that repositioning the
reference point-locations to create di�erent polygons does not allow for the implementation of immobility
thresholds prior to unioning procedures.

We are still interested in reducing directional errors by implementing this threshold, however. We can do
that now with a simple for-loop.

immobility.vec<- (which(leftShoulder.point$dist.original < 0.1) + 1) #create a vector describing which polygons in calf_heads2 moved < 0.1m. Note that we add 1 to returned values because leftShoulder.point$dist.original details the distance to the successive point, but we want distance to the proceeding point.

calf_FullBody.immob<-calf_FullBody

calf_bods.matrix<-as.matrix(calf_FullBody[,2:21]) #convert vertex columns to matrix for speed

for(l in 1:length(immobility.vec)){

calf_bods.matrix[immobility.vec[l],] <- calf_bods.matrix[(immobility.vec[l]-1),] #replace l-th observations in calf_FullBody with the preceding coordinates.
}

calf_FullBody.immob[,2:21]<- calf_bods.matrix #replace with the updated locations.

Now that we have defined the (x,y) coordinates for the full-body vertex set {V(it)}, we can use these
polygons to generate contact networks. Before we move on, however, we will briefly mention another aspect
of polygon-derivation that may also introduce movement-orientation error into the data set. As we note
on the referencePoint2Polygon help page, in the absence of accompanying gyroscopic-movement data, under
normal circumstances we would consider removing observations from our vertex set that represent movements
outside of a pre-determined dt (i.e., length of time between consecutive relocation events) threshold. This
would be done to ensure that relocation intervals are su�ciently small to minimize chances that animals
face unknown directions between observed relocations. For the purposes of this vignette, however, we will
assume that the dt-introduced errors are irrelevant.

E.) Calculate inter-animal distances at each time step.

The first step to network creation is calculating the distance between calves at each time step.

Note: the dist2All_df does not allow NA values in polygon coordinates (recall that the polygon derivation
process introduced some NAs). Before running this function, we must remove these NA coordinates.

naObs<-which(is.na(calf_FullBody.immob$vertex10.x) == T) #by identifying where NAs were introduced for any body vertex (other than vertex 1, which was left-shoulder point used to generate other vertices), we can determine what rows to remove. Note: we use a body vertex because two NAs were introduced (i.e., one from left-shoulder repositioning and another from polygon creation), as opposed to only one.

FullBody_noNAs<-droplevels(calf_FullBody.immob[-naObs,]) #remove NA coordinates

Now we can proceed with calculating inter-animal distances.

system.time(fullbody_distances<-contact::dist2All_df(x = FullBody_noNAs, id = FullBody_noNAs$calf_id, dateTime = FullBody_noNAs$dateTime, point.x = NULL, point.y = NULL, poly.xy = FullBody_noNAs[,2:21], elev = NULL, parallel = FALSE, dataType = "Polygon", lonlat = FALSE, numVertices = 10)) #these are the distances from the nearest polygon edges (i.e., not distance from centroids).
#> user system elapsed
#> 39.809 1.060 40.887

head(fullbody_distances) #note that if individuals were not observed in the data at a specific time, the function reports NAs for their respective distances.
#> dateTime totalIndividuals individualsAtTimestep id
#> 1 2018-06-01 00:00:10 20 9 570
#> 2 2018-06-01 00:00:10 20 9 578
#> 3 2018-06-01 00:00:10 20 9 581
#> 4 2018-06-01 00:00:10 20 9 589
#> 5 2018-06-01 00:00:10 20 9 600
#> 6 2018-06-01 00:00:10 20 9 606
#> dist.to.indiv_570 dist.to.indiv_575 dist.to.indiv_577 dist.to.indiv_578
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#> 1 NA NA NA 12.03489
#> 2 12.034886 NA NA NA
#> 3 8.674910 NA NA 9.05400
#> 4 28.560739 NA NA 23.20477
#> 5 2.719694 NA NA 10.29186
#> 6 15.736277 NA NA 18.59779
#> dist.to.indiv_581 dist.to.indiv_589 dist.to.indiv_598 dist.to.indiv_600
#> 1 8.674910 28.56074 NA 2.719694
#> 2 9.054000 23.20477 NA 10.291863
#> 3 NA 18.82628 NA 10.516750
#> 4 18.826281 NA NA 30.373259
#> 5 10.516750 30.37326 NA NA
#> 6 8.325502 15.15692 NA 19.032595
#> dist.to.indiv_606 dist.to.indiv_607 dist.to.indiv_620 dist.to.indiv_635
#> 1 15.736277 NA NA 8.524531
#> 2 18.597791 NA NA 2.248018
#> 3 8.325502 NA NA 8.477422
#> 4 15.156920 NA NA 25.451362
#> 5 19.032595 NA NA 6.573281
#> 6 NA NA NA 18.311724
#> dist.to.indiv_651 dist.to.indiv_667 dist.to.indiv_670 dist.to.indiv_678
#> 1 23.192753 NA 15.896395 NA
#> 2 9.610281 NA 3.231084 NA
#> 3 17.909561 NA 13.153432 NA
#> 4 23.033159 NA 25.518150 NA
#> 5 21.343959 NA 13.646533 NA
#> 6 25.198517 NA 22.354792 NA
#> dist.to.indiv_688 dist.to.indiv_697 dist.to.indiv_756 dist.to.indiv_760
#> 1 NA NA NA NA
#> 2 NA NA NA NA
#> 3 NA NA NA NA
#> 4 NA NA NA NA
#> 5 NA NA NA NA
#> 6 NA NA NA NA

F.) Identify what SpTh value will allow us to capture 99-percent of contacts, polygon inter-

sections, given the RTLS accuracy.

We initially define “contact” as occurring when two polygons intersect (i.e., SpTh = 0) on any given time
step. As we did in Section 1, however, we want to account for RTLS positional accuracy by sampling from
a multivariate distribution. Thus, here we seek to determine what SpTh value will likely capture 99-percent
of contacts, defined as polygon intersections, and re-define “contact” accordingly.

polySpThValues<-contact::findDistThresh(n = 100000, acc.Dist1 = 0.5, acc.Dist2 = NULL, pWithin1 = 90, pWithin2 = NULL, spTh = 0) #spTh represents the initially-defined spatial threshold for contact. #spTh represents the initially-defined spatial threshold for contact. Note that we’ve chosen to use 100,000 in-contact point-location pairs here.

polySpThValues #it looks like an adjusted SpTh value of approximately 1.38 m will likely capture 99% of contacts, defined as instances when point-locations were within 0 m of one another, given the RTLS accuracy. #Note that because these confidence intervals are obtained from distributions generated from random samples, every time this function is run, results will be slightly different.
#> $distribution.summary
#> mean sd min max TPR
#> 0.5387945550 0.2822790407 0.0002833855 2.0938381841 0.0000000000
#>
#> $CI_upper
#> 50%-CI 55%-CI 60%-CI 65%-CI 70%-CI 75%-CI 80%-CI 85%-CI
#> 0.5393966 0.5394689 0.5395458 0.5396288 0.5397197 0.5398214 0.5399385 0.5400795
#> 90%-CI 95%-CI 99%-CI
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#> 0.5402628 0.5405441 0.5410939
#>
#> $CI_lwr
#> 50%-CI 55%-CI 60%-CI 65%-CI 70%-CI 75%-CI 80%-CI 85%-CI
#> 0.5381925 0.5381202 0.5380433 0.5379603 0.5378694 0.5377677 0.5376506 0.5375096
#> 90%-CI 95%-CI 99%-CI
#> 0.5373263 0.5370450 0.5364953
#>
#> $spTh.adjustments
#> spTh_84%Capture spTh_98%Capture spTh_100%Capture
#> 0.8210736 1.1033526 1.3856317
#>
#> $contact.frequency
#> freq_84%Capture freq_98%Capture freq_100%Capture
#> 0.83798 0.96261 0.99434

polyCI_99<-unname(polySpThValues[["spTh.adjustments"]][3]) #we will use this SpTh value moving forward.

G.) Identify time points when calf heads were within the re-adjusted SpTh distance from one

another or body polygons.

system.time(calf_fullBody_contacts <- contact::contactDur.all(fullbody_distances,dist.threshold=polyCI_99,sec.threshold=10, blocking = FALSE, equidistant.time = FALSE, parallel = FALSE, reportParameters = TRUE)) #Note that because we are not interested in making a time-aggregated network with > 1 temporal levels, we set blocking = FALSE to reduce processing time.
#> user system elapsed
#> 18.573 1.374 19.954

H.) Visualize the contact networks with edgeweights weighted according to number of observed

contacts.

#Generate a static network edge set (aggregated to the day resolution)
system.time(fullBody_edges<- contact::ntwrkEdges(x = calf_fullBody_contacts, importBlocks = FALSE, removeDuplicates = TRUE))

#> user system elapsed
#> 0.198 0.003 0.202

#visualize the network
fullBody.network <- igraph::simplify(igraph::graph_from_data_frame(d=fullBody_edges, directed=F),remove.multiple = T, remove.loops = T) #create network

igraph::V(fullBody.network)$color<- "orange1"

igraph::V(fullBody.network)$size <-13

igraph::E(fullBody.network)$width <- fullBody_edges$duration/50 #edge width is proportional to contact frequency
igraph::E(fullBody.network)$color <- "black"

igraph::plot.igraph(fullBody.network, vertex.label.cex=0.4, layout = igraph::layout.circle)
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Section 3.) Test networks against NULL models

Farine (2017) provides a general overview of the importance of NULL-model creation and evaluation. Briefly,
comparing empirical contact networks to NULL models, allows us to determine if observed contacts occur
more or less frequently than would be expected at random. This allows us to test a number of hypotheses. For
example, by comparing contact-networks derived from tracked sleepy lizard (Tiliqua rugosa) point-locations,
Spiegel et al. (2016) determined that this species exhibits sociality. The point-location randomization proce-
dure they developed for NULL-model creation accounts for environmental drivers of movement, suggesting
that any observed di�erences in contact frequency (relative to NULL models) are driven by social behaviors.
This point-location randomization procedure can be implemented through the randomizePaths function.

Here, using previously-loaded/created data, we demonstrate how to create NULL contact-network models
and how to statistically test network models against one another using contact functions. Specifically, we
determine if the total hourly number of full-body contacts occur more or less frequently than would be
expected at random in the calves06012018 data set. Furthermore, we use a Mantel test (Mantel 1967) to
assess if head X head and full-body contact networks are related to one another.

The steps for NULL-model creation and evaluation are described below.

A.) Generate the empirical hourly head X head and full-body contact networks.

B.) Temporally smooth previously-filtered calves2018 point-locations, ensuring that animals

are observed at identical timepoints AND that all timepoints are equidistant (Recall that equidis-
tant timepoints are a requirement for using contact::randomizePaths to randomize point-locations according
to the Spiegel et al (2016) method variant we will use below).

C.) Randomize the newly-created point-location data set.

D.) Generate contact networks from randomized data (NULL models).

E.) Test empirical networks against NULL models.

F.) Test empirical networks against each other.

Recall the data sets created in Section 2 that we will continue using.
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head(calves06012018) #point-location data set to be temporally smoothed
#> calftag x y dateTime date
#> 2694575 598 42.77 181.85 2018-06-01 2018-06-01
#> 2694576 570 38.74 192.62 2018-06-01 2018-06-01
#> 2694577 577 29.44 181.43 2018-06-01 2018-06-01
#> 2694578 688 47.83 182.02 2018-06-01 2018-06-01
#> 2694580 651 50.08 171.50 2018-06-01 2018-06-01
#> 2694581 575 26.31 185.82 2018-06-01 2018-06-01
head(FullBody_noNAs) #polygon data set
#> calf_id vertex1.x vertex1.y vertex2.x vertex2.y vertex3.x vertex3.y vertex4.x
#> 2 570 37.90349 192.0795 37.870 192.156 37.56497 192.0224 37.43139
#> 3 570 37.34683 190.9110 37.272 190.948 37.12426 190.6496 36.82583
#> 4 570 37.54722 190.3864 37.468 190.360 37.57330 190.0441 37.25739
#> 5 570 37.77053 191.5696 37.850 191.544 37.95225 191.8609 38.26916
#> 6 570 37.84711 192.2101 37.930 192.200 37.97031 192.5306 38.30086
#> 7 570 38.27738 192.9812 38.350 192.940 38.51437 193.2296 38.80398
#> vertex4.y vertex5.x vertex5.y vertex6.x vertex6.y vertex7.x vertex7.y
#> 2 192.3275 37.73642 192.4610 37.70293 192.5375 38.23743 192.7716
#> 3 190.7973 36.97357 191.0957 36.89873 191.1328 37.15760 191.6557
#> 4 189.9388 37.15209 190.2547 37.07287 190.2283 36.88835 190.7818
#> 5 191.7587 38.16691 191.4418 38.24638 191.4161 38.06722 190.8608
#> 6 192.4902 38.26055 192.1597 38.34344 192.1496 38.27280 191.5704
#> 7 193.0652 38.63961 192.7756 38.71222 192.7344 38.42421 192.2270
#> vertex8.x vertex8.y vertex9.x vertex9.y vertex10.x vertex10.y
#> 2 38.77192 193.0056 38.97249 192.5476 38.43799 192.3136
#> 3 37.41647 192.1786 37.86457 191.9568 37.60570 191.4339
#> 4 36.70384 191.3354 37.17818 191.4935 37.36270 190.9400
#> 5 37.88805 190.3055 37.41221 190.4590 37.59137 191.0143
#> 6 38.20217 190.9912 37.70584 191.0517 37.77648 191.6309
#> 7 38.13619 191.7195 37.70134 191.9663 37.98936 192.4738
#> dateTime
#> 2 2018-06-01 00:00:10
#> 3 2018-06-01 00:00:20
#> 4 2018-06-01 00:00:30
#> 5 2018-06-01 00:00:40
#> 6 2018-06-01 00:00:50
#> 7 2018-06-01 00:01:00
head(fullbody_distances) #distances between each full-body polygon at each timestep
#> dateTime totalIndividuals individualsAtTimestep id
#> 1 2018-06-01 00:00:10 20 9 570
#> 2 2018-06-01 00:00:10 20 9 578
#> 3 2018-06-01 00:00:10 20 9 581
#> 4 2018-06-01 00:00:10 20 9 589
#> 5 2018-06-01 00:00:10 20 9 600
#> 6 2018-06-01 00:00:10 20 9 606
#> dist.to.indiv_570 dist.to.indiv_575 dist.to.indiv_577 dist.to.indiv_578
#> 1 NA NA NA 12.03489
#> 2 12.034886 NA NA NA
#> 3 8.674910 NA NA 9.05400
#> 4 28.560739 NA NA 23.20477
#> 5 2.719694 NA NA 10.29186
#> 6 15.736277 NA NA 18.59779
#> dist.to.indiv_581 dist.to.indiv_589 dist.to.indiv_598 dist.to.indiv_600
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#> 1 8.674910 28.56074 NA 2.719694
#> 2 9.054000 23.20477 NA 10.291863
#> 3 NA 18.82628 NA 10.516750
#> 4 18.826281 NA NA 30.373259
#> 5 10.516750 30.37326 NA NA
#> 6 8.325502 15.15692 NA 19.032595
#> dist.to.indiv_606 dist.to.indiv_607 dist.to.indiv_620 dist.to.indiv_635
#> 1 15.736277 NA NA 8.524531
#> 2 18.597791 NA NA 2.248018
#> 3 8.325502 NA NA 8.477422
#> 4 15.156920 NA NA 25.451362
#> 5 19.032595 NA NA 6.573281
#> 6 NA NA NA 18.311724
#> dist.to.indiv_651 dist.to.indiv_667 dist.to.indiv_670 dist.to.indiv_678
#> 1 23.192753 NA 15.896395 NA
#> 2 9.610281 NA 3.231084 NA
#> 3 17.909561 NA 13.153432 NA
#> 4 23.033159 NA 25.518150 NA
#> 5 21.343959 NA 13.646533 NA
#> 6 25.198517 NA 22.354792 NA
#> dist.to.indiv_688 dist.to.indiv_697 dist.to.indiv_756 dist.to.indiv_760
#> 1 NA NA NA NA
#> 2 NA NA NA NA
#> 3 NA NA NA NA
#> 4 NA NA NA NA
#> 5 NA NA NA NA
#> 6 NA NA NA NA
polyCI_99 #adjusted polygon-contact SpTh value that likely captures 99% of of inter-calf contacts, defined as instances when calf polygons intersect, given the RTLS accuracy.
#> [1] 1.385632

A.) Generate the hourly head X head and full-body contact networks.

Here we create a time-aggregated contact network describing head X head contacts and full-body contacts
(i.e., body polygons unioned with head polygons) between calves each hour of 06/01/2018.

system.time(calf_fullBody_contacts.hr <- contact::contactDur.all(fullbody_distances,dist.threshold=polyCI_99,sec.threshold=10, blocking = TRUE, blockUnit = "hours", blockLength = 1, equidistant.time = FALSE, parallel = FALSE, reportParameters = TRUE)) #Note that the difference between this edge set and the one created in Section 2 is that blocking is set to TRUE here.
#> user system elapsed
#> 9.340 1.343 10.688

headVertexColumns<-4:11 #these are the columns within FullBody_noNAs representative of head polygons

system.time(head_distances<-contact::dist2All_df(x = FullBody_noNAs, id = FullBody_noNAs$calf_id, dateTime = FullBody_noNAs$dateTime, point.x = NULL, point.y = NULL, poly.xy = FullBody_noNAs[,headVertexColumns], elev = NULL, parallel = FALSE, dataType = "Polygon", lonlat = FALSE, numVertices = 4)) #Note that the difference between this distance set and the one created in Section 2 is that poly.xy and numVertices arguments refer to head polygons only
#> user system elapsed
#> 35.920 1.020 36.954

system.time(calf_head_contacts.hr <- contact::contactDur.all(head_distances,dist.threshold=polyCI_99,sec.threshold=10, blocking = TRUE, blockUnit = "hours", blockLength = 1, equidistant.time = FALSE, parallel = FALSE, reportParameters = TRUE))

#> user system elapsed
#> 9.049 1.344 10.401

Now that we have our empirical edge set to be analyzed, we need to create our NULL model.

B.) Randomize the newly-created point-location data set.

In accordance with the Spiegel et al. (2016) procedure, individuals’ movement paths (i.e., sequential re-
location events) within defined time blocks (1 hour-length blocks here) will be shu�ed around in time, so
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that individuals visit the same places, just not at the same times. For a more detailed description of the
relationship between blockUnits and shu�eUnits in the randomizePaths function, please see the random-
izePaths function help page. In the interest of relatively quick processing speeds later on, we will only create
2 randomized replicates here.

nRandomizations <- 2 #we will create 2 randomized-hour replicates.

system.time(calf_fullBody.random.list <- contact::randomizePaths(x = FullBody_noNAs, id = FullBody_noNAs$calf_id, dateTime = FullBody_noNAs$dateTime, point.x = NULL, point.y = NULL, poly.xy = FullBody_noNAs[,2:21], parallel = FALSE, dataType = "Polygon", numVertices = 10, blocking = TRUE, blockUnit = "hours", blockLength = 1, shuffle.type = 1, indivPaths = TRUE, numRandomizations = nRandomizations)) #see that we can directly randomize the polygon set. There’s no need to take it back to the point data (unless you really want to). See also that we randomize the polygon set with NAs already removed so that we don’t have to do it again.
#> user system elapsed
#> 5.016 1.534 6.556

head(data.frame(calf_fullBody.random.list[[1]])) #here’s what the output looks like when you set shuffle.type == 1. See that there are separate coordinate columns designated "rand."
#> id point1.x point1.y point2.x point2.y point3.x point3.y point4.x point4.y
#> 1 570 37.90349 192.0795 37.870 192.156 37.56497 192.0224 37.43139 192.3275
#> 2 570 37.34683 190.9110 37.272 190.948 37.12426 190.6496 36.82583 190.7973
#> 3 570 37.54722 190.3864 37.468 190.360 37.57330 190.0441 37.25739 189.9388
#> 4 570 37.77053 191.5696 37.850 191.544 37.95225 191.8609 38.26916 191.7587
#> 5 570 37.84711 192.2101 37.930 192.200 37.97031 192.5306 38.30086 192.4902
#> 6 570 38.27738 192.9812 38.350 192.940 38.51437 193.2296 38.80398 193.0652
#> point5.x point5.y point6.x point6.y point7.x point7.y point8.x point8.y
#> 1 37.73642 192.4610 37.70293 192.5375 38.23743 192.7716 38.77192 193.0056
#> 2 36.97357 191.0957 36.89873 191.1328 37.15760 191.6557 37.41647 192.1786
#> 3 37.15209 190.2547 37.07287 190.2283 36.88835 190.7818 36.70384 191.3354
#> 4 38.16691 191.4418 38.24638 191.4161 38.06722 190.8608 37.88805 190.3055
#> 5 38.26055 192.1597 38.34344 192.1496 38.27280 191.5704 38.20217 190.9912
#> 6 38.63961 192.7756 38.71222 192.7344 38.42421 192.2270 38.13619 191.7195
#> point9.x point9.y point10.x point10.y dateTime block
#> 1 38.97249 192.5476 38.43799 192.3136 2018-06-01 00:00:10 1
#> 2 37.86457 191.9568 37.60570 191.4339 2018-06-01 00:00:20 1
#> 3 37.17818 191.4935 37.36270 190.9400 2018-06-01 00:00:30 1
#> 4 37.41221 190.4590 37.59137 191.0143 2018-06-01 00:00:40 1
#> 5 37.70584 191.0517 37.77648 191.6309 2018-06-01 00:00:50 1
#> 6 37.70134 191.9663 37.98936 192.4738 2018-06-01 00:01:00 1
#> block.start block.end numBlocks point1.x_rand point1.y_rand
#> 1 2018-06-01 00:00:10 2018-06-01 01:00:09 24 44.18713 168.9885
#> 2 2018-06-01 00:00:10 2018-06-01 01:00:09 24 44.36094 168.8603
#> 3 2018-06-01 00:00:10 2018-06-01 01:00:09 24 43.30641 169.1436
#> 4 2018-06-01 00:00:10 2018-06-01 01:00:09 24 42.33913 169.2672
#> 5 2018-06-01 00:00:10 2018-06-01 01:00:09 24 41.99480 169.8937
#> 6 2018-06-01 00:00:10 2018-06-01 01:00:09 24 42.95625 170.0534
#> point2.x_rand point2.y_rand point3.x_rand point3.y_rand point4.x_rand
#> 1 44.14750 168.9150 44.44060 168.7569 44.28253
#> 2 44.31111 168.7933 44.57833 168.5946 44.37962
#> 3 43.34000 169.2200 43.03513 169.3539 43.16908
#> 4 42.35000 169.3500 42.01983 169.3934 42.06319
#> 5 42.07000 169.9300 41.92523 170.2299 42.22511
#> 6 42.96000 169.9700 43.29266 169.9850 43.30762
#> point4.y_rand point5.x_rand point5.y_rand point6.x_rand point6.y_rand
#> 1 168.4638 43.98944 168.6219 43.94980 168.5484
#> 2 168.3274 44.11240 168.5261 44.06258 168.4591
#> 3 169.6588 43.47395 169.5249 43.50754 169.6013
#> 4 169.7235 42.39336 169.6802 42.40423 169.7630
#> 5 170.3747 42.36988 170.0748 42.44508 170.1111
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#> 6 169.6523 42.97495 169.6373 42.97870 169.5539
#> point7.x_rand point7.y_rand point8.x_rand point8.y_rand point9.x_rand
#> 1 43.43622 168.8254 42.92265 169.1023 43.15998
#> 2 43.59435 168.8073 43.12612 169.1555 43.42448
#> 3 44.04175 169.3666 44.57596 169.1319 44.37484
#> 4 42.98276 169.6870 43.56129 169.6110 43.49620
#> 5 42.69876 169.5856 42.95243 169.0601 42.50216
#> 6 42.39579 169.5277 41.81288 169.5015 41.79043
#> point9.y_rand point10.x_rand point10.y_rand shuffle.type rand.rep
#> 1 169.5424 43.67356 169.2655 1 1
#> 2 169.5567 43.89271 169.2085 1 1
#> 3 168.6741 43.84062 168.9088 1 1
#> 4 169.1153 42.91766 169.1912 1 1
#> 5 168.8428 42.24848 169.3682 1 1
#> 6 170.0010 42.37334 170.0272 1 1

C.) Generate contact networks from randomized data (NULL model).

Now we need to put the randomized data through the same network-creation procedures we used for the
empirical data. Note that many of the function arguments below now use take column names as inputs, as
opposed to vectors of length nrow(x), which we used above. This allows us input list objects as “x” in these
functions, with variable values called by other arguments.

fullBodyVertexColnames<- colnames(data.frame(calf_fullBody.random.list[[1]]))[27:46] #these are the column names of columns in the data frames contained within calf_fullBody.random.list that contain randomized full-body-polygon-vertex information.

system.time(fullBody_distances.random<-contact::dist2All_df(x = calf_fullBody.random.list, id = "id", dateTime = "dateTime", point.x = NULL, point.y = NULL, poly.xy = fullBodyVertexColnames, elev = NULL, parallel = FALSE, dataType = "Polygon", lonlat = FALSE, numVertices = 10)) #Note that the difference between this distance set and the one created in Section 2 is that x is a list and other arguments are given column-name information rather than vectors of length(nrow(x)).
#> user system elapsed
#> 87.706 2.259 90.128

Having calculated inter-polygon distances at each time step, we can now create the contact networks from
randomized data sets (i.e., NULL models). Note that we continue to use polyCI_99 as the SpTh value. Note
that, though the randomized data sets were generated using point-locations where relocations were separated
by equidistant timepoints, because we removed polygons with NAs so that the dist2All_df function would
work, we can no longer gaurantee that the equidistant-timepoint assumption is valid. Thus, when running
the contactDur.all function below, we set the equidistant.time argument to FALSE.

system.time(calf_fullBody_contacts.hr.random <- contact::contactDur.all(x = fullBody_distances.random, dist.threshold = polyCI_99, sec.threshold=10, blocking = TRUE, blockLength = 1, blockUnit = "hours", equidistant.time = FALSE, parallel = FALSE, reportParameters = TRUE))

#> user system elapsed
#> 18.638 2.803 21.478

E.) Test empirical networks against NULL model.

Through the contactCompare_chisq function we will use Chi-squared tests to evaluate if di�erences exist
between observed fullbody contacts and expected contacts described in the NULL model. Essentially, we
will perform a “goodness-of-fit” test to determine if empirical data fit the distribution describe in the NULL
model. Therefore our NULL hypothesis/hypotheses is that the distribution of empirical contacts is equivalent
to that NULL-model contacts, and our alternative hypothesis is that a di�erence exists.

The function takes four data inputs that we must generate before any analyses can be done: x.summary,
y.summary, x.potential, and y.potential. The .summary inputs represent summarized edge weights in the
empirical and randomized edge sets, respectively. While, the .potential inputs show the maximum number
of potential timeBlocks each individual could have been present for over the course of the data-collection
period. emp.input and rand.input represent the empirical and NULL netowork edgesets, respectively.
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#create x.potential
system.time(x.potential <- contact::potentialDurations(fullbody_distances, blocking = TRUE, blockLength = 1, blockUnit = "hours", distFunction = "dist2All_df")) # see blocking information here
#> user system elapsed
#> 2.706 0.829 3.541

head(x.potential) #see the layout of x.potential
#> id potenDegree potenTotalContactDurations potenContactDurations_570
#> 1 570 19 590 0
#> 10 575 19 666 17
#> 14 577 19 1611 62
#> 2 578 19 1895 36
#> 3 581 19 513 18
#> 4 589 19 885 24
#> potenContactDurations_575 potenContactDurations_577
#> 1 17 62
#> 10 0 52
#> 14 52 0
#> 2 56 153
#> 3 18 40
#> 4 30 64
#> potenContactDurations_578 potenContactDurations_581
#> 1 36 18
#> 10 56 18
#> 14 153 40
#> 2 0 43
#> 3 43 0
#> 4 85 20
#> potenContactDurations_589 potenContactDurations_598
#> 1 24 58
#> 10 30 64
#> 14 64 151
#> 2 85 177
#> 3 20 47
#> 4 0 73
#> potenContactDurations_600 potenContactDurations_606
#> 1 10 33
#> 10 15 47
#> 14 51 106
#> 2 88 161
#> 3 15 41
#> 4 46 56
#> potenContactDurations_607 potenContactDurations_620
#> 1 14 3
#> 10 39 6
#> 14 69 31
#> 2 90 39
#> 3 16 3
#> 4 32 12
#> potenContactDurations_635 potenContactDurations_651
#> 1 31 70
#> 10 33 82
#> 14 74 202
#> 2 97 231
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#> 3 29 58
#> 4 51 98
#> potenContactDurations_667 potenContactDurations_670
#> 1 36 53
#> 10 21 48
#> 14 57 122
#> 2 39 129
#> 3 24 43
#> 4 31 66
#> potenContactDurations_678 potenContactDurations_688
#> 1 33 10
#> 10 20 18
#> 14 54 41
#> 2 33 77
#> 3 12 12
#> 4 22 26
#> potenContactDurations_697 potenContactDurations_756
#> 1 66 7
#> 10 80 10
#> 14 213 38
#> 2 257 76
#> 3 56 13
#> 4 103 32
#> potenContactDurations_760 block block.start block.end
#> 1 9 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 10 10 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 14 31 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 2 28 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 3 5 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 4 14 1 2018-06-01 00:00:10 2018-06-01 01:00:09

#create y.potential
system.time(y.potential <- contact::potentialDurations(fullBody_distances.random, blocking = TRUE, blockLength = 1, blockUnit = "hours", distFunction = "dist2All_df"))

#> user system elapsed
#> 5.418 1.678 7.109

#summarize empirical contacts
system.time(x.summary <- contact::summarizeContacts(x = calf_fullBody_contacts.hr, importBlocks = TRUE, parallel = FALSE)) #note that
#> user system elapsed
#> 3.541 0.051 3.598
head(x.summary) #see the layout of x.summary
#> id totalDegree totalContactDurations contactDuration_Indiv570
#> 1 570 3 16 NA
#> 2 575 0 0 0
#> 3 577 3 56 0
#> 4 578 7 58 13
#> 5 581 3 7 0
#> 6 589 0 0 0
#> contactDuration_Indiv575 contactDuration_Indiv577 contactDuration_Indiv578
#> 1 0 0 13
#> 2 NA 0 0
#> 3 0 NA 0
#> 4 0 0 NA
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#> 5 0 0 0
#> 6 0 0 0
#> contactDuration_Indiv581 contactDuration_Indiv589 contactDuration_Indiv598
#> 1 0 0 0
#> 2 0 0 0
#> 3 0 0 0
#> 4 0 0 28
#> 5 NA 0 0
#> 6 0 NA 0
#> contactDuration_Indiv600 contactDuration_Indiv606 contactDuration_Indiv607
#> 1 1 0 0
#> 2 0 0 0
#> 3 0 20 0
#> 4 7 0 2
#> 5 0 0 2
#> 6 0 0 0
#> contactDuration_Indiv620 contactDuration_Indiv635 contactDuration_Indiv651
#> 1 0 0 0
#> 2 0 0 0
#> 3 0 0 0
#> 4 0 4 0
#> 5 0 4 0
#> 6 0 0 0
#> contactDuration_Indiv667 contactDuration_Indiv670 contactDuration_Indiv678
#> 1 0 0 0
#> 2 0 0 0
#> 3 0 0 18
#> 4 0 0 0
#> 5 0 1 0
#> 6 0 0 0
#> contactDuration_Indiv688 contactDuration_Indiv697 contactDuration_Indiv756
#> 1 0 0 2
#> 2 0 0 0
#> 3 0 0 0
#> 4 3 0 1
#> 5 0 0 0
#> 6 0 0 0
#> contactDuration_Indiv760 block block.start block.end
#> 1 0 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 2 0 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 3 18 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 4 0 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 5 0 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> 6 0 1 2018-06-01 00:00:10 2018-06-01 01:00:09
#> numBlocks
#> 1 24
#> 2 24
#> 3 24
#> 4 24
#> 5 24
#> 6 24

#summarize randomized contacts
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system.time(y.summary <- contact::summarizeContacts(x = calf_fullBody_contacts.hr.random[[2]], importBlocks = TRUE, avg = TRUE, parallel = FALSE))

#> user system elapsed
#> 3.241 0.031 3.278

A few things to note in the summary processing immediately above: 1.) When creating the x.summary
object, we could have set importBlocks = FALSE to return edge weights summed over all time blocks.
However, in this example we’re interested in comparing total hourly contact rates to the NULL model, so
here, in both the x.potential and x.sumary objects we ensure that block information is present. 2.) See
that we averaged the edge weights of NULL-model list objects together by setting avg = TRUE in the
summarizeContacts function.

Now we can proceed with the comparison.

Note that because of the warning settings in the chisq.test function, we cannot e�ectively silence the error
“Chi-squared approximation may be incorrect.” As such, you may get many warnings to that end.

These warnings are normal and occur when expected pairwise counts are are very small, leading to potentially
innacurate chi-squared values. Warnings for specific pairwise tests can be seen in the “warnings” column of
the data frames within function output. If you receive these warnings, consider using contactCompare_binom
instead contactCompare_chisq.

system.time(fullBody_NULLTest1<-contact::contactCompare_chisq(x.summary, y.summary, x.potential, y.potential, importBlocks = TRUE, shuffle.type = 1, popLevelOutput = TRUE, parallel = FALSE)) #Note that we MUST indicate the shuffle.type used to randomize point-locations.
#> user system elapsed
#> 23.858 0.196 24.096

See that when the “popLevelOutput” argument is TRUE the function returns a list containing two data
frames. The first data frame contains Chi-squared test results for individual-level observed node degree,
total contact durations, and observed contacts between specific inidividuals. The second data frame contains
population-level variations of these metrics. In the case of our example, what we’re after is precisely the
popLevelOutput frame. See below that we now have a comparison to the NULL model at each time block.

Note that most of the “metrics” represented here are numbers. These are actually unique calf IDs, and each
row indicates contact durations with that specific individual.

head(fullBody_NULLTest1[[2]])

#> metric method X.squared df
#> 1 totalDegree Chi-squared test for given probabilities 38.151770 1
#> 2 totalContactDurations Chi-squared test for given probabilities 237.990607 1
#> 3 570 Chi-squared test for given probabilities 2.315905 1
#> 4 575 Chi-squared test for given probabilities 1.001504 1
#> 5 577 Chi-squared test for given probabilities 11.365079 1
#> 6 578 Chi-squared test for given probabilities 72.012634 1
#> p.val contactDurations.x contactDurations.y noContactDurations.x
#> 1 6.545035e-10 52 106 328
#> 2 1.078575e-53 408 848 20422
#> 3 1.280567e-01 16 11 574
#> 4 3.169469e-01 0 1 666
#> 5 7.483788e-04 56 36 1555
#> 6 2.138240e-17 58 161 1837
#> noContactDurations.y difference warning
#> 1 274 54
#> 2 19982 440
#> 3 579 5
#> 4 665 1 Chi-squared approximation may be incorrect
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#> 5 1575 20
#> 6 1734 103
#> block.x block.start.x block.end.x block.y block.start.y
#> 1 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> 2 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> 3 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> 4 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> 5 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> 6 1 2018-06-01 00:00:10 2018-06-01 01:00:09 1 2018-06-01 00:00:10
#> block.end.y
#> 1 2018-06-01 01:00:09
#> 2 2018-06-01 01:00:09
#> 3 2018-06-01 01:00:09
#> 4 2018-06-01 01:00:09
#> 5 2018-06-01 01:00:09
#> 6 2018-06-01 01:00:09

E.) Test empirical networks against each other.

Note that the contactCompare_chisq function SHOULD NOT be used to compare two empirical networks,
as the function assumes x.summary and y.summary represent observed and expected values, respectively. If
users want to compare two empirical networks, we can compare network similarity using Mantel’s permuta-
tion test (Mantel 1967) through the contactCompare_mantel function.

Below we test the similarity of the fullbody and head X head contact networks. See that like contactCom-
pare_chisq, this function requires x.summary and y.summary inputs (though the y.summary DOES NOT
have to represent a NULL model). Recall that we have already made the x.summary object, which relates
to the fullbody contact network. Before we can run the Mantel test, we must summarize the head X head
contact network.

system.time(y.summary2 <- contact::summarizeContacts(calf_fullBody_contacts.hr, importBlocks = FALSE)) #create the new y.summary
#> user system elapsed
#> 0.179 0.000 0.180

system.time(mantelOutput<-contact::contactCompare_mantel(x.summary, y.summary = y.summary2, numPermutations = 1000, alternative.hyp = "two.sided", importBlocks = FALSE))

#> user system elapsed
#> 0.056 0.003 0.059

mantelOutput #based on the reported p-value, given an alpha-level of 0.05, we can reject the NULL hypothesis that these two networks are unrelated. (This is as we would expect, because the head X head-contact network is nested within the fullBody-contact network. If they were not similar, we would have a problem.)
#> method z.stat alternative
#> 1 Mantel’s permutation test for similarity of two matrices 477551 two.sided
#> nperm p x.mean y.mean warning
#> 1 1000 0.000999001 32.03684 32.03684
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