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ABSTRACT 

 From molecular-level determinants such as host and pathogen genetics to ecosystem-

scale factors such as spatial distributions and climate patterns, the determinants of infectious 

diseases are highly variable. Due to this biocomplexity, researchers have called for a more 

comprehensive view of infectious diseases, their determinants and affected populations. An 

“across-scales” perspective of infectious disease epidemiology acknowledges the role of each 

biological level of organization in the complexity of overall disease distribution, while 

maintaining a focus on human population health. The aims of this dissertation represent work 

toward understanding the transmission, severity, or prevention of three different infectious 

pathogens using such an approach: SARS-CoV-2, Mycobacterium tuberculosis, and Zika virus. 

While each disease can itself be studied across multiple scales, these studies focus on specific 

biological levels of organization. COVID-19 mortality is modeled using spatiotemporal methods, 

illustrating the effect of community and ecosystem level dynamics. Population and community 

social and medical contacts are examined for patterns associated with delay to diagnosis of 

pulmonary tuberculosis disease. Finally, individual, population, and ecosystem dynamics are 

included in a simulation study of a Zika virus vaccine clinical trial. Together, these projects 



highlight some of the biological scales contributing to the epidemiology of these emerging or 

reemerging infectious diseases, and illustrate the broader necessity for an across-scales 

framework in infectious disease research.  
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Statement of the Problem 

Epidemiology is defined as the study of the distribution and determinants of diseases—or 

other health-related states or outcomes—in populations, and the application of such study to 

prevention and control efforts [1]. Key to this definition is the specification of a target 

population, that group of individuals about whom conclusions are reported [2]. An 

epidemiologist is concerned with the frequency and patterns of disease in a group of individuals, 

rather than the health of a single person. This focus immediately provides an infectious disease 

epidemiologist with the distribution portion of the basic definition of the field [2]. The 

determinants of a disease can then be determined by comparing disease rates between groups 

experiencing varying levels of exposure [2]. Males are more likely than females to activate to 

symptomatic tuberculosis disease [3]. Elderly individuals are more likely to suffer severe 

outcomes of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection [4]. 

Pregnant women, when infected with Zika virus (ZIKV), are at risk of pregnancy loss, while the 

Congenital Zika Syndrome risk to the fetus depends on timing of infection in the course of 

pregnancy [5]. Many questions about infectious disease determinants can be answered with 

frequency or distributions data. Despite this, researchers have called for a more comprehensive 

view of infectious diseases, their causes and affected populations, citing the complexity of 

transmission and virulence that depends on factors at multiple scales of organization [6]. From 
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molecular–level determinants such as host and pathogen genetics to ecosystem-scale factors such 

as spatial distributions and climate patterns, the determinants of disease are highly variable [6].  

An “across-scales” perspective of infectious disease epidemiology acknowledges the role 

of each biological level of organization in the complexity of overall disease distribution, while 

maintaining a focus on human population health. While the results of such studies still apply to 

target populations, contributing biological scales range from molecular through cellular, 

organismal, population, community, and ecosystem levels.  

Though disparate diseases, the three pathogens used as examples, above, are similar in 

that they follow a pattern of emergence or reemergence with complex underlying mechanisms 

[6]. SARS-CoV-2 and ZIKV are both recently emerged viruses, while tuberculosis remains a 

leading cause of death despite monumental control and prevention efforts over decades. Wilcox 

and Colwell [7] state that understanding factors responsible for the emergence of new diseases, 

or a reemergence, is one of the most imperative issues facing society. These authors argue for a 

more holistic perspective of the crisis, incorporating social, physical, chemical, and biological 

dimensions [7].  

The term “biocomplexity” was coined in this context by Colwell [8], who applied a 

comprehensive framework in the example of climate and cholera in 1996 [9]. The author cited 

the large spatial and temporal scale of multiple cholera pandemics, findings from a screening of 

preserved plankton samples, and patterns of El Niño events in her conclusions, illustrating the 

necessity of an interdisciplinary “cross-cut” of oceanography, microbiology, marine biology, 

ecology, medicine, epidemiology, and even satellite technology fields [9]. 

The spread of antibiotic resistance is an excellent example of more recent, 

interdisciplinary efforts to better understand a complex infectious disease problem from more 
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minute scales to those at a community-level. Chronic infections associated with resistant 

nosocomial pathogens are of particular concern, as they are associated with greater transmission 

when patients visit multiple healthcare locations or remain hospitalized for longer periods of 

time [10]. These bacteria have been found in environments surrounding hospitals, surviving in 

drains, pools, and rivers, where they present a threat to both domesticated animals and wildlife 

[11]. Veterinary practitioners use many of the same antibiotics used in human medicine, and 

even though there is a call that “last-resort” antibiotics be reserved for human infections, bacteria 

resistant to these antibiotics have been isolated from both domesticated animals and wildlife 

[12,13]. Wildlife contributions to the spread of resistance are expected to increase in this time of 

rapid urbanization [14].  

While such in-depth evaluations of the importance of a multi-scale approach are not 

available for most infectious diseases, the previous examples highlight the value of cooperation 

between experts, and contributions from multiple fields to solve the problem of infectious 

disease emergence or spread. The aims of this dissertation represent work toward understanding 

the transmission or control efforts of three different infectious pathogens: severe acute 

respiratory syndrome coronavirus 2, Mycobacterium tuberculosis, and Zika virus. In each, 

analyses or simulations of data at different biological scales is highlighted, and the role of the 

scale of the data considered in the dissertation conclusion.  

Specific Aims of the Dissertation 

The primary goal of the dissertation is to better describe the transmission or control efforts of 

three pathogens, and to highlight the biological scales contributing to their spread or prevention. 

The aims are presented from the broadest to narrowest scale, beginning with the effect of climate 

and community factors on SARS-CoV-2 transmission and COVID-19 mortality, and concluding 
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with the effect of individual pregnancy probability and timing of Zika virus infection on the 

feasibility of a vaccine clinical trial against Congenital Zika Syndrome. The titles of the specific 

aims are: 

1. “Effect of environmental and community variables on clusters of COVID-19 mortality in 

US counties: a spatiotemporal analysis.” 

2. “Community drivers of tuberculosis diagnostic delay in Kampala, Uganda: A 

retrospective cohort study.” 

3. “Evaluation of alternative endpoints for ZIKV vaccine efficacy trials.” 

Dissertation Outline 

Chapter 1 of this dissertation as served as a brief introduction to the importance of across-

scales infectious disease research. Chapter 2 through Chapter 4 describe each aim in detail, 

providing background, methodology, details of analysis, and results. Chapter 5 concludes the 

dissertation with a discussion of the across-scales components of each aim.  
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CHAPTER 2 

EFFECT OF ENVIRONMENTAL AND COMMUNITY VARIABLES ON CLUSTERS OF 

COVID-19 MORTALITY IN US COUNTIES: A SPATIOTEMPORAL ANALYSIS1 

 

 

 

 

  

  

                                                 
1 Mercaldo, R.A., Richards, R., Schmidt, J.P., Drake, J., and Handel, A. To be submitted to Spatial and Spatio-

temporal Epidemiology. 
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Abstract 

 The COVID-19 pandemic has claimed over 2.5 million lives since late 2019. Its rapid 

geographic spread has spurred much research on transmission and risk factors, with several 

spatial or spatiotemporal studies identifying environmental and demographic factors as 

predictors of reported COVID-19 cases or deaths. In this study, we build on other work with a 

spatiotemporal model that explicitly includes mortality’s dependence on previous transmission 

patterns. Using this model, we examine patterns of mortality to identify clusters of counties with 

higher or lower mortality than expected, given local transmission patterns, and explore factors 

associated with mortality and clustering. We discovered eight significant clusters, in space and 

time, and determine that any mortality clustering is explainable by known risk factors, including 

proportion of the population 65 years or older, the proportion of the population identifying as 

Black or Hispanic, the availability of ICU beds, and environmental factors.  

Introduction 

The novel coronavirus, Severe Acute Respiratory Syndrome Coronavirus 2, or SARS-

CoV-2, has caused over 116 million confirmed cases and 2.5 million deaths from COVID-19 

[15]. Unlike previous epidemic coronaviruses—severe acute respiratory syndrome coronavirus 

(SARS-CoV) and Middle East Respiratory Syndrome coronavirus (MERS-CoV)—SARS-CoV-2 

is transmitted far more efficiently outside of healthcare settings, through contacts in the 

community [16], and quickly became a global pandemic after its identification in China in late 

2019. Its rapid geographic spread spurred numerous studies focused on transmission, with a 

subset of these projects focused on spatially-explicit drivers. 
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An early review of geospatial studies, published in May 2020, had already identified 63 

scientific articles [17], a large portion of which were dedicated to predictors with 

“environmental” or “health and social geography” themes. Few studies that accounted for both 

temporal and spatial variation were conducted in the United States. One GIS-based spatial 

modeling study found clusters of regions with significantly increased risk of transmission and 

mortality in nursing homes across the United States [18]. Higher proportions of Black 

individuals and non-English speakers were significant predictors of increased cases in spatial lag 

models [19]. The same study found that higher proportions of Black individuals and persons 

living with disability significantly predicted increased deaths [19]. Another study sought to 

produce a rapid surveillance method using space-time scan statistics to identify clustering of 

cases at the county level [20]. And while it is difficult to measure compliance with ordered 

control measures, studies have attempted to better understand local behavior and its relation to 

transmission. One analysis reported on social behavior related to political leaning and likelihood 

of social distancing [21].  

Meteorological predictors, particularly temperature and humidity, have received a great 

deal of attention, having been implicated in reducing the viability of various other viruses in the 

environment, potentially influencing inoculum dose and transmission probability. A modeling 

study illustrating droplet evaporation and viral suspension of coronaviruses in air following 

normal breathing, coughing, or sneezing reported that higher humidity reduces evaporation rates 

sufficiently to increase falling time, potentially reducing airborne transmission [22], though this 

could consequently increase surface contamination. Evidence from the Beijing SARS-CoV 

outbreak linked such laboratory evidence to transmission: temporally-lagged average 

temperatures and humidity were significantly associated with incident SARS cases, with both 
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higher temperature and humidity negatively correlated with incidence [23]. The seasonal nature 

of previous coronavirus outbreaks, along with the small number of laboratory or epidemiological 

studies of these pathogens, led to a cautiously optimistic view that warm, humid summer months 

may dampen transmission of COVID-19. However, a simulation study by Baker, et al., 

highlighted that the effect of meteorological variables on transmission may be overshadowed by 

known epidemic drivers, such as high population susceptibility during the current pandemic 

stage of SARS-CoV-2 [24]. Indeed, previous studies reporting an effect of humidity or 

temperature on transmission have focused primarily on endemic pathogens, particularly seasonal 

influenza [25–28]. Studies on illness severity due to climatological drivers are rare and mainly 

involve animal models, but relative humidity in particular has been found associated with 

recovery from influenza in murine models [29]. Evidence in humans is lacking, though provision 

of humid air to hospitalized patients has been recommended [30], and the hydrating effect of 

masking has been proposed as a potential explanation for masks reducing disease severity [31]. 

While the effect of meteorological or other large-scale variables may be difficult to discern, the 

quick response and ongoing contributions from the scientific community have generated a 

tremendous amount of information about SARS-CoV-2, with numerous sources of data made 

publicly available. These resources have revealed a trend in the spatiotemporal literature of 

analyzing factors related to either cases (or other measures of transmission) or mortality. To our 

knowledge, no spatial study has explicitly included the dependent nature of mortality on 

transmission, or sought to identify local factors associated with mortality rates greater than 

expected given local transmission.  

In our current analysis, we employ a county-level space-time autoregressive (STAR) 

framework to quantify the effect of environmental and community variables on the number of 
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new deaths reported each week. We examine patterns of mortality to identify clusters of counties 

with higher than expected mortality, given cases reported as a measure of local transmission 

patterns. We then explore factors associated with these clusters.  

Methods 

Data 

COVID-19 Cases and Mortality. 

Publicly available data on COVID-19 cases and mortality was obtained from the New 

York Times [32] Github repository. Data was reduced to include only the first thirty weeks of the 

US epidemic, or until the decrease in cases that began in mid-August, 2020 and generally 

continued until the holiday season. All counties in the contiguous US were included, while data 

from Alaska, Hawaii, the US Virgin Islands, Guam, and other noncontiguous locations were 

removed from the dataset.  

If data showed a negative case number or negative number of deaths in any given week, 

we attempted to correct for errors in reporting by subtracting that number of deaths from the 

most recent week with non-zero counts, and assigning a 0 for the originally negative count. Any 

remaining negatives were set to 0.  

Few cases were reported in the first five weeks of the epidemic data, with only three 

counties reporting cases in or before week five. We started analysis at week six to avoid 

excessive counts of zero deaths in the data set, though previous weeks’ case counts were 

included at a lag to include transmission patterns in models. 

Climatological Data. 

US weather station data was downloaded from the Global Summary of the Day database 

of the National Oceanic and Atmospheric Association (NOAA) via the R package GSODR 
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[33,34]. Daily mean temperature (in degrees Celsius) and relative humidity were chosen as 

predictors and summarized into weekly averages for each weather station. There were a total of 

1050 weather stations included in the dataset. For each week, the station data was used to impute 

temperature and relative humidity averages for a 300-pixel grid overlaying the US map, through 

kriging spatial imputation methods using the kriging R package [35]. County-level values were 

determined by averaging the imputed data for all grid points that fell within county borders. 

Figure 2.1 shows example kriging maps. 

 

  

Figure 2.1 Example of temperature (left) and relative humidity (right) imputation from 1050 

weather station data points. 

 

Other Covariates. 

County-level measures of population size and the number of people identifying as Black 

or Hispanic were recorded from the US Census Bureau [36]. Food insecurity data was used as a 

measure of socio-economic status, and was obtained from Feeding America [37]. Data on the 

number of ICU beds, aggregated by county, as well as population density was downloaded from 

ArcGIS [38]. Most covariates were available only for previous years: while ArcGIS updates the 

data on ICU beds per county, census data used is from 2010, other ArcGIS data from 2012, and 

Feeding America food insecurity data from 2018. 
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STAR Framework 

The Space-Time AutoRegressive framework employed in this study associates the 

outcome of interest at one time point with that at a previous time point. For example, reported 

COVID-19 deaths in one week are expected to be related to death counts in the previous week, 

and this information is added to models to control for the temporal autocorrelation. Similarly, the 

outcome in one county can be expected to be related to the outcomes in nearby counties. To 

account for this spatial autocorrelation, the previous week’s deaths in neighboring counties are 

averaged and added to our dataset as a predictor. We do not assume an instantaneous effect 

between counties, in that we do not include current deaths in the neighboring counties as a 

covariate.   

We included cases reported three weeks prior to death reports, to account for the lag 

between case reporting and deaths. This assumes that deaths reported in one week result from 

cases reported three weeks previously.  

We included environmental covariates at a one-week lag. County population size, 

population density, proportion of the population 65 years or older, and proportion of the 

population identifying as Black (either Black alone or Black with one other race) were assumed 

constant over the study period. 

Analysis 

A spatial scan statistic was applied to the time series of mortality, associated with county 

centroids, to identify clustering of mortality when accounting for the lagged time series of cases 

reported. A lag of three weeks was used. The spatial scan analysis was conducted in SaTScan 

[39], scanning for clusters of high rates using a retrospective space-time permutation model. The 

population demographic features of any counties included in clusters at any time during the 
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epidemic were compared to counties never included in clusters. We fit a zero-inflated binomial 

regression model (with logit link) with these constant county-level features, as well as 

temporally-variable environmental features, as covariates. Significant predictors in this model 

were then included as covariates in a final space-time permutation model, to identify any high-

mortality clusters remaining after adjusting for covariates.  

Results 

Five significant clusters of high mortality, given cases reported three weeks prior, were 

identified using the space-time permutation model in SaTScan. In the same model, three 

significant clusters of lower than expected mortality were identified. Demographic features for 

counties included or not included in significant clusters are reported in Table 2.1. County feature 

maps are shown in Figure 2.2.  

 

Figure 2.2. Spatial distribution of selected covariates. 
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Clusters were identified in both space and time. A visual of spatial clustering is included 

in Figure 2.3. All clusters were identified early in the epidemic, in March and April. Details of 

the time frame for each cluster, as well as the observed and expected numbers of deaths, are 

reported in Table 2.2.  

 

 

Figure 2.3: Google Earth © imaging of SaTScan space-time permutation model results, 

identifying significant (p-value < 0.05) clusters of higher (red) or lower (blue) weekly reported 

mortality than expected, after controlling for cases reported three weeks prior in base and 

neighboring counties as covariates. The radius of the circles indicates the size of the cluster (in 

km).  Attribution: US Dept of State Geographer © 2021 Google 

 

Negative binomial model and final space-time permutation model 

We fit a negative binomial model with all predictors. Only the number of ICU beds in the 

county of interest’s neighboring counties was not found significant (Table 2.3, Figure 2.4). We 

included all significant predictors in a final SaTScan space-time permutation model, to identify 
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any remaining clustering. The final space-time model identified no remaining clusters after 

controlling for these covariates.   

 

 

Figure 2.4: Coefficients of negative binomial regression. 

 

Discussion 

In this study, we identified significant clusters of higher and lower than expected 

mortality from COVID-19 in US counties, employing a space-time autoregressive (STAR) 

framework to control for transmission patterns. After adjusting the model with demographic and 

community-level covariates found significant in a separate negative binomial model, clustering 

was no longer evident, indicating known drivers of COVID-19 mortality are sufficient in 

predicting deaths at the county level.  

The STAR framework controlled for both spatial and temporal auto-correlation in a zero-

inflated model. Biologically-relevant temporal and spatial lags for other variables were also 
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calculated for the dataset: environmental variables associated with illness in animal models, as 

well as neighboring county ICU beds in addition to those in the county of interest. Population 

density, the proportion of the population 65 years or older, proportion of the population 

identifying as Black or Hispanic alone, and the number of ICU beds in a county are associated 

with increased mortality, while temperature, humidity, and food insecurity are associated with 

lower mortality.  

Notably, food insecurity, like most other covariates, was available only for previous 

years. While many county-level features do not change significantly from year to year, food 

insecurity and other socio-economic features are likely impacted by the COVID-19 pandemic 

and subsequent workplace closures and stay-at-home orders. A report by Feeding America 

estimates the effect of COVID-19 on unemployment, poverty, and food insecurity, and makes 

general projections [37]. 

As the quality of any study is affected by the accuracy of data, errors in reported deaths 

and cases of COVID-19 represent a further limitation. Space-time permutation models have been 

found to perform well, however, even in cases with poor spatial and temporal accuracy [40].  

The data used in this study was aggregated to a weekly, county level. The space-time 

permutation model used controls for both spatial and temporal trends, comparing the number of 

deaths reported in a cluster to what would have been expected if counties were independent of 

each other in space and time. Clusters thus represent specific areas, in a specific time period, 

when the number of deaths is greater than or lower than expected when areas outside of the 

cluster experience an expected numbers of deaths [39]. One limitation of this method is that it 

does not account for changes in background population distribution [39]. However, as this study 

uses data collected over a brief—30 week—period, population sizes in each county are not 
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expected to have changed significantly, and population density was included as an additional 

covariate. 

In conclusion, spatiotemporal methods applied to reported COVID-19 deaths data 

identified clusters of mortality that are not explainable by case patterns alone. Other known 

drivers of disease severity at the individual level, including race and age, are significantly 

associated with county-level deaths. Together with other county covariates and environmental 

variables, these appear to explain patterns of both lower or higher mortality rates than expected, 

as models controlling for these covariates do not identify any remaining clustering in space or 

time. 
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Table 2.1: Characteristics of counties within and outside of reported clusters: 

 

  

Counties included 

in high mortality 

clusters 

Counties included 

in low mortality 

clusters 

Counties not 

included in a cluster 

(N=120) (N=1641) (N=1295) 

Population density       

Mean (SD) 1040 (1940) 94.2 (270) 229 (825) 

Median [Min, Max] 403 [4.6, 13900] 34.4 [0.3, 5200] 57.9 [0.3, 17600] 

Proportion Black       

Mean (SD) 0.078 (0.074) 0.106 (0.158) 0.079 (0.128) 

Median [Min, Max] 0.057 [0.005, 0.419] 0.028 [0, 0.866] 0.021 [0, 0.804] 

Proportion Hispanic       

Mean (SD) 0.136 (0.149) 0.072 (0.090) 0.127 (0.179) 

Median [Min, Max] 0.068 [0.013, 0.850] 0.039 [0.006, 0.742] 0.054 [0.007, 0.964] 

Proportion 65+       

Mean (SD) 0.188 (0.042) 0.201 (0.044) 0.196 (0.051) 

Median [Min, Max] 0.182 [0.112, 0.398] 0.199 [0.071, 0.375] 0.188 [0.049, 0.582] 

Proportion food insecure       

Mean (SD) 0.106 (0.029) 0.136 (0.04) 0.129 (0.034) 

Median [Min, Max] 0.103 [0.052, 0.192] 0.134 [0.036, 0.304] 0.128 [0.038, 0.270] 

County's own ICU beds       

Mean (SD) 90.2 (219)  7.81 (29.2) 19.7 (64.2) 

Median [Min, Max] 21.5 [0, 2000] 0 [0, 469] 0 [0, 1030] 

Neighboring county's ICU 

beds 
      

Mean (SD) 85.9 (112) 8.39 (14.2) 20.3 (32.4) 

Median [Min, Max] 54.4 [4.38, 670] 3.71 [0, 164] 8.00 [0, 303] 
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Table 2.2: Details of clustering timing, observed deaths, and expected deaths. 

 

Cluster Lower or higher mortality Time frame 
Observed 

deaths 

Expected 

deaths 

1 Lower March 2 - April 6 903 2011.97 

2 Lower March 2 - April 6 311 915.71 

3 Higher March 2 - March 30 2286 1474.85 

4 Higher March 2 - March 30 291 91.34 

5 Lower March 2 - April 13 25 149.03 

6 Higher March 16 - March 23 114 26.64 

7 Higher March 16 - April 6 151 55.97 

8 Higher March 9 - March 23 76 20.39 
 

 

 

Table 2.3: Negative binomial model (log link) results. 

 

Variable Estimate exp(Estimate) p-value 

Temperature (1 week lag) -0.249 0.7796 < 0.0001 

Relative Humidity (1 week lag) -0.02 0.9802 0.0339 

Population Density 0.205 1.2275 < 0.0001 

Proportion 65+ 0.022 1.0222 0.0275 

Proportion Black 0.205 1.2275 < 0.0001 

Proportion Hispanic 0.152 1.1642 < 0.0001 

Proportion Food Insecure -0.162 0.8504 < 0.0001 

Base County's ICU Beds 0.106 1.1118 < 0.0001 

Neighboring County's ICU Beds -0.002 0.9980 0.8264 
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CHAPTER 3 

COMMUNITY DRIVERS OF TUBERCULOSIS DIAGNOSTIC DELAY IN KAMPALA, 

UGANDA: A RETROSPECTIVE COHORT STUDY2 

  

                                                 
2 Mercaldo, R.A., Whalen, C.C., Kakaire, R., Nakkonde, D., Handel, A., Sekandi, J.N. Submitted to BMC Infectious 

Diseases, 2/9/2021 

 



 

20 

 

 

Abstract 

 Recent approaches to TB control have focused on identifying and treating active cases to 

halt further transmission. Patients with TB symptoms often delay to seek care, get appropriate 

diagnosis, and initiate effective treatment. These delays are partly influenced by whom the 

patients contact within their community network. We aimed to evaluate the community drivers 

of diagnostic delay in an urban setting in Uganda.  

 In this study we analyze data from a retrospective cohort of 194 TB patients in Kampala, 

Uganda. We characterized the patterns of contacts made by patients seeking care for TB 

symptoms. The main outcome of interest was total community contact delay, defined as the time 

patients spent seeking care before visiting a provider capable of diagnosing TB.  

 Visits to health providers without access to appropriate diagnostic services accounted for 

56% of contacts made by cohort members, and were significantly associated with community 

contact delay, as were symptoms common to other prevalent illnesses, such as bone and joint 

pain. Education programs aimed at primary care providers, as well as other community members, 

may benefit case identification, by informing them of rarer symptoms of TB, potential for 

coinfections of TB and other prevalent diseases, and the availability of diagnostic services.  

Introduction 

 Tuberculosis is one of the top ten leading causes of death worldwide, and the leading 

cause of death by a single infectious agent in 2019 [41]. While TB prevalence studies indicate 

that infected individuals may transmit tuberculosis bacilli before symptom onset [42], the 

majority of transmission occurs between the debut of symptoms and treatment initiation [43]. 
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Contagiousness, as measured by bacillary numbers on sputum smears, increases with treatment 

delays [44]. In the absence of a broadly effective vaccine, control measures rely on shortening 

this transmission period through early diagnosis and treatment of active pulmonary disease 

[43,45].   

Globally, the ideal of prompt identification and treatment of TB is not yet a realized 

norm; in many settings there is a fraction of patients who only receive diagnosis and treatment 

after a prolonged delay [46]. An extensive body of literature is dedicated to studies of delays at 

both the patient and healthcare system levels, in a variety of incidence or socio-economic 

settings. These studies have reported numerous risk factors for delay, including comorbidities 

[47,48], low access to healthcare [49–51], initial visits to low-level healthcare facilities with 

inadequate diagnostic abilities [52–54], age and sex [48,55], and beliefs or misunderstandings 

about the disease [56–58]. These factors affect delay in one or more stages by increasing the 

duration of time spent 1) experiencing symptoms without seeking care, 2) searching for qualified 

practitioners, or 3) awaiting diagnosis following a visit to a qualified provider or facility.  

Categories of diagnostic delay have been summarized as either health system delay or 

patient delay [59]. Here, health system delay refers to the time from first contacting a qualified 

TB provider to final diagnosis and treatment, and may be related to numerous factors including 

sex of the patient [43,60] or symptom profiles [61–63]. Patient delay refers to both the 

individual’s delay in seeking care and the time spent contacting unqualified providers or social 

contacts. While many studies have combined these patient delay portions of the diagnostic 

pathway for analysis, they are two distinct periods in which behavior and other drivers of delay 

likely differ. In our present study, we divide patient delay into its two component periods. Care-

seeking delay was defined as a participant’s symptomatic time prior to seeking care. We defined 
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community contact delay as the time spent actively seeking care in the community. Within this 

latter period, an individual may seek advice or help from any member of their community. This 

could include social contacts such as family or workmates, hereby termed social contacts, non-

TB providers such as primary-level health providers or herbal or religious healers.  

We maintained the definition of healthcare delay as the time from a participant’s first contact 

with a qualified TB provider to the point of final diagnosis. The different types of periods are 

summarized and illustrated in Figure 3.1. 

 

Figure 3.1: Conceptual Framework, with study definitions and an example of a realized 

diagnostic pathway. 

 

Previously, we conducted a retrospective cohort study (Diagnostic I) to quantify 

diagnostic delay in Kampala, Uganda, focusing on TB patients as members of a broader 

community of social contacts and health providers [45]. We examined patterns in delays to 

diagnosis among TB patients in urban health clinics, quantifying care-seeking delays and 

collecting detailed information regarding the social and provider contacts that participants make 

upon initiation of care-seeking. In a follow up study, Diagnostic II, we have extended findings of 
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the first study to examine additional factors contributing specifically to delay in the community. 

While other studies have focused on factors associated with decisions to seek care [64,65] or on 

health system delays [43,51,61,66], the present study examines factors associated with increased 

or decreased delay in the community-contact portion of the diagnostic pathway.   

Methods 

We analyzed data from Diagnostic II, the second of two retrospective cohort studies 

conducted in Kampala, Uganda. This second study expanded on the methods of Diagnostic I, 

described previously [45].   

Ethical considerations  

Written informed consent was obtained from all eligible participants. The study was 

approved by institutional review boards at the University of Georgia, Makerere University 

School of Public Health, and the Uganda National Council for Science and Technology. 

Study design, setting, and population  

We conducted a retrospective cohort study among TB patients from January to November 

2017.  Participants were recruited at two public TB clinics located in Lubaga Division, and 

within 5-10 km of Kampala, Uganda’s capital city. The clinics are part of the government-funded 

public health system run by the Kampala Capital City Authority. Primary health care services, 

diagnosis and treatment of TB and other health conditions are provided free of charge. The 

estimated catchment population of the public clinics in Lubaga division is 400,000 persons. 

Additional health facility census information for the study area in 2017 is available from the 

United States Agency for International Development [67]. Eligible patients were consenting 

adults, eighteen years or older, who had been diagnosed with active pulmonary tuberculosis and 

who had initiated treatment within three months of the interview date. Participants were recruited 
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at variable times after diagnosis and were interviewed to collect retrospective information on 

time of seeking care before diagnosis; this approach was previously deemed a suitable alternative 

to prospective cohort studies [68]. 

Data collection and management  

Data were collected in face-to-face interviews by trained interviewers using a structured 

questionnaire (available via our Github repository). The questionnaire was developed by a team 

of physicians, with expertise in TB, and epidemiologists. The original questionnaire used in our 

first study, Diagnostic I, was tested in a pilot study for accuracy, comprehension, and consistency 

of responses, with satisfactory results [45]. For Diagnostic II, the questionnaire was expanded to 

include items about participant knowledge about TB symptoms, experiences with and concerns 

about TB symptoms, prompts to seek care, and costs of reaching or obtaining health care. These 

variables were additions to the original items on HIV status, time of TB diagnosis, time of onset 

of symptoms, and duration of symptoms, as well as the detailed information about contacts made 

while seeking care. The complete list of variables is included as supplemental material.  

Data were collected using standardized teleforms and scanned into a database using optical 

scanning software (TeleForms®). We preprocessed the raw data and engineered summary or 

comprehensive factors relevant to the analysis when applicable. All numeric variables were 

centered and scaled. All code and additional details are available via our Github repository. 

Descriptive analysis 

We calculated community contact delay as the time from first seeking care to first 

contacting a qualified TB provider. Qualified TB providers included government hospitals, 

government health centers, private hospitals, or other locations with TB diagnostic services.  
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For the analysis of these community delays, contacts were divided into two categories: social 

contacts and non-TB providers. Social contacts included spouses, parents, children, siblings, 

other relatives, coworkers, friends, and neighbors. Non-TB providers included herbal healers, 

drug stores, private clinics, or village health workers. The time contributed to a patient’s pathway 

was decomposed into steps between contacts, and each window of time was considered related to 

the most recent contact. In this way, the total community contact delay could be divided into the 

times specific to visits to contacts in each category. We calculated additional measures including 

the number and fraction of community network contacts in each category, as well as the total 

number of contacts and the total amount of time spent visiting contacts.  

The outcome of interest was total community contact delay. As visits to non-TB 

providers were significant in the Diagnostic I study [45], a secondary analysis was included to 

explore factors associated with the number of community contact delay days contributed by 

visits to non-TB providers. 

Statistical analysis  

We fit linear regression models with each predictor individually, to investigate bivariate 

associations with community contact delay. Similarly, we fit bivariate regression models for each 

predictor for our secondary analysis, investigating the contribution of time spent contacting non-

TB providers to overall community contact delay. 

Two final linear models were fit with Least Absolute Shrinkage and Selection Operator 

(LASSO) regularization and 10-fold cross validation—one each for the outcomes of (1) 

community contact delay and (2) the contribution of non-TB provider visits to community 

contact delay. The distribution of the residuals for full linear models with all predictors showed 

some skewness. Neither a log-transformation of the outcome nor use of Poisson distribution 
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models improved the minor skew, and linear regression was maintained for the final LASSO 

models. All analyses were conducted in R software (version 3.6.1) [33]. 

Results 

Table 1 reports the characteristics of the Diagnostic II study population. Of the 194 study 

participants in Diagnostic II, 177 (91.2%) were new TB patients, while only 17 (8.8%) were 

retreatment cases. The mean age of participants was 32 years (sd: 11.7 years), and 62.4% were 

male. There were 63 (32.5%) HIV positive participants and 129 (66.5%) who were HIV negative 

(Table 1). 

Patterns of community contact delay 

The Diagnostic II population spent a total of 9014.69 days in the community contact 

period, with a median 33 days (IQR: 14-66.75) spent by each patient. The 194 participants 

reported visiting 895 contacts during this period. Of these, 397 (44.4%) were social contacts, 

while 498 (55.6%) were non-TB providers. Patients made a median 5 contacts within their 

community before reaching a qualified provider. Though the Diagnostic II cohort made 

approximately 25% more contacts with non-TB providers, the actual time contributed to overall 

community contact delay by visits to such providers (4625.56 days), was similar to that 

contributed by visits to social contacts (4378.13 days) (Figure 3.2).  
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Figure 3.2 Community Contact Delay. Time (in days) contributed to community contact delay 

by visits to social contacts or primary-level, non-TB providers in the II study. Each point 

represents one patient, with median and IQR shown. 

 

Model results – community contact delay 

Bivariate regression models of community contact delay were fit for all available 

predictors. As there were 49 predictors, the table of all results is too large to include in text and is 

available as supplemental material. Table 3.32 reports the results for the twelve significant 

variables (p < 0.05). A 10% increase in the proportion of contacts made to non-TB providers 

(rather than social contacts) was associated with an additional 1.2 days of delay in the 

community. Receiving cough medication was associated with over 39.3 days of additional delay 

(p = 0.001), while each additional receipt of cough medication was associated with 11.4 days of 

delay (p = 0.0005). Suspicion that the illness was TB was associated with 16.4 fewer days of 

delay (p = 0.0143). Specific symptom knowledge or experiences were also associated with 

decreased delay: knowing that appetite loss or weight loss is a symptom of TB (18.4 fewer delay 

days, p = 0.0197), knowing that coughing blood or chest pain is a symptom of TB (14.2 fewer 

delay days, 0.0306), or seeking evaluation for TB due to night sweats or fever (15.2 fewer delay 
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days, 0.0217)).  Conversely, experiencing or feeling concern over bone or joint pain symptoms, 

or seeking care for bone or joint pain symptoms, was associated with increased delay (21.3 delay 

days and 39.3 delay days, respectively, p = 0.0032, p = 0.0118). 

In a final linear model with LASSO regularization and 10-fold cross-validation, fourteen 

variables were selected and are reported in Table 3.3. Experiencing or feeling concern about 

bone or joint pain was associated with 16.8 additional delay days. Seeking care for coughing 

blood or chest pain was also associated with an increase of 0.7 delay days, though the participant 

knowing these are symptoms of TB was associated with decreased delay (2.7 days). Evaluation 

for TB due to night sweats or fever was associated with 7.8 fewer delay days, while finding no 

relief from self-medicating was associated with 3.4 fewer delay days. Receiving cough 

medication was associated with 21.5 additional days of delay. Notably, a 10% increase in the 

proportion of contacts in the non-TB provider category was associated with only 0.58 additional 

days of delay in the final model.  

Model results – contribution of visits to non-TB providers to community contact delay.  

As visits to contacts in the non-TB provider category was found significant in our 

original study, Diagnostic I [45], we also analyzed factors associated with the time visits to these 

contacts contributed to overall community contact delay in the present study. In bivariate 

analysis (Table 3.4), receipt of cough medication was associated with 23.3 days of delay 

following visits to these providers, (p = 0.0016). Each time medication was received was 

associated with 8.9 delay days (p = 0.0001). Increases in total cost of reaching care (in terms of 

Ugandan shillings, centered and scaled) was significantly associated with increased delay (6.56 

days, p = 0.0036). Symptom knowledge was associated with decreased delay: 10.8 fewer days 

for knowing appetite loss or weight loss is a symptom of TB (p = 0.0481) and 9.7 fewer days for 
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knowing coughing blood or chest pain was a symptom of TB (p = 0.0313). Seeking care for bone 

or joint pain was associated with 37.4 additional delay days (p = 0.0004), while being evaluated 

for TB due to bone or joint pain was associated with 21.3 additional days of delay following 

visits to non-TB providers (p = 0.0148). 

In a final linear model with LASSO regularization and 10-fold cross-validation, sixteen 

variables were selected and are reported in Table 3.5. A number of these factors are related to 

symptoms: experiencing or being concerned about cough-related symptoms or malaise were 

associated with 3.6 and 4 fewer days of delay, respectively, following visits to non-TB providers. 

Seeking care for bone and joint pain was associated with 22 additional delay days, while seeking 

care for cough symptoms was associated with 0.7 additional days. Symptom knowledge and the 

participant’s suspicion that the illness was TB were once more associated with decreasing delays, 

and receipt of cough medication again associated with increasing delays (Table 3.5). 

Discussion 

In this exploratory analysis of the Diagnostic II retrospective cohort data, we found that 

tuberculosis patients sought care from their community contacts for a median of 33 days before 

contacting a health care professional at a government-designated TB service clinic. In total, the 

194 participants spent 9,015 cumulative days actively seeking care, indicating that substantial 

delay occurs during the community contact portion of the diagnostic pathway.  

Ideally, patients should seek care from specialized TB providers upon recognizing 

symptoms. In the Diagnostic I study, we suggested that patients, possibly unaware of the cause 

of their illness, may first seek care through another care provider or social contact who then 

refers them to the appropriate diagnostic location. In the present study, we found that patients 

made a median 5 such contacts before reaching a qualified provider.  
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Previous studies have shown that patients cycle through repeated visits to lower-level, 

primary, health providers [43,66,69], and our Diagnostic I study shows a significant portion of 

diagnostic delay, within the community contact portion of the pathway, was spent in visits to 

non-TB providers. We have recommended interventions targeting non-TB providers to reduce 

these delays [45]. In the present study, we show that, while the actual delay time due to non-TB 

providers was similar to that of social contacts, patients made 25% more visits to non-TB 

providers.  

In a secondary analysis, we focused on the time contributed to overall community contact 

delay by visits to non-TB providers within the Diagnostic II population. We found that a 

symptom attributable to other prevalent febrile diseases, bone and joint pain, was significantly 

associated with the time spent in visits to non-TB providers. Further, bone and joint pain 

symptoms, as well as cough-related symptoms, were selected in a linear model with LASSO 

regularization. With these results, similar to those found in other studies [43,61], we maintain the 

recommendation that non-TB providers complete continuing education emphasizing TB 

screening, even in such cases when malaria, typhoid, or other febrile illnesses are suspected. 

Additionally, they should be encouraged to refer patients to proper diagnostic locations or 

recommend them for follow-up, possibly through active case finding.  

We acknowledge that coinfection of TB and other illnesses that cause fever, such as HIV 

or malaria, is certainly a possibility. The present study is not able to identify such cases, or the 

cause of symptoms common to other diseases (such as bone and joint pain in malaria). Further 

research on the prevalence of coinfection and associated symptom profiles would improve 

education efforts. 



 

31 

We assumed that each contact in a patient’s diagnostic pathway was a separate, non-

overlapping event, and so our calculated community contact delay may be overestimated. 

Additionally,  

our data collection relied on patient-reported details, such as the length of time they 

experienced symptoms or the time between contacts, and as such is subject to recall bias. We 

recruited participants who had been diagnosed with TB within only three months of their 

interview, to decrease bias in this area.  

While many studies have analyzed data on patient delays to diagnosis, our analysis 

focuses on a unique period in the diagnostic pathway—the time spent seeking care and 

contacting members of the community until a final diagnosis is reached. Recommendations for 

shortening delay at this stage may differ from those made to shorten care-seeking delays (when 

symptomatic patients have not yet begun to seek care). Community-based TB programs often 

focus on recognition of common TB symptoms—chronic cough, weight loss, night sweats, and 

fever—and encourage those with symptoms to visit health facilities or otherwise seek care. Our 

results suggest that further delays, once the patient is engaged in seeking care, may depend on 

interactions in the community and, particularly, with lower-level healthcare providers. Education 

efforts targeted for specific audiences (non-TB providers versus social contacts or the patients 

themselves) might focus on rarer symptoms of TB, or the wisdom of visiting TB diagnostic 

locations despite recognizing symptoms more common to other prevalent diseases. Some models 

of creating mass awareness about TB have been proposed and used elsewhere [70]. To facilitate 

appropriate actions that shorten community contact delays, improved point of care (POC) 

diagnostic TB tests that are delivered at the most decentralized levels of care where the patients 

make the initial contact with the non-TB provider health system, as well as within the 
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community, are needed [71]. The use of POC at community level would minimize any barriers 

or further delays in case detection that are introduced during the referral process to TB service 

centers.  

In conclusion, the Diagnostic II cohort spent 9015 days seeking care, indicating a 

substantial portion of diagnostic delay occurs while TB patients contact members of their 

community. Seeking care from primary-level providers is associated with increased delay in the 

community, and symptoms common to prevalent febrile illnesses significantly increases the time 

spent visiting such providers. Improving point of care (POC) diagnostics within local 

communities and continuing education for primary-level providers may benefit case 

identification and decrease overall diagnostic delays. 

. 
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Table 3.1: Baseline characteristics of participants in the Diagnostic II study. 

 

   (n = 194) 

Sex    

 Female  72 (37.1%) 

 Male  121 (62.4%) 

 Missing  1 (0.5%) 

Age (Years)   

 Mean (SD)  32.0 (11.7) 

 Median [Min, Max]  28 [18, 82] 

 Missing  2 (1%) 

Marital Status   

 Currently married  69 (35.6%) 

 Not married  125 (64.4%) 

Monthly Income (UGX*)   

 Mean (SD)  294,000 (481,000) 

 Median [Min, Max]  200,000 [0,  5,000,000] 

TB Episode   

 New case  177 (91.2%) 

 Retreatment  17 (8.8%) 

HIV Status   

 Negative  129 (66.5%) 

  Positive  63 (32.5%) 

 Unknown  2 (1%) 

*UGX, Ugandan Shillings. In the study year, 2017, the conversion 

rate for 1 US dollar was 3616.24 UGX. 
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Table 3.2: Results of bivariate linear regression for significant (p < 0.05) predictors in models 

of community contact delay 

 

Variable Estimate Std. Error Pr(>|t|) 

Proportion of contacts in non-TB provider category (10% 

increments)* 
1.197 3.198 0.0002 

Number of times cough medication received 11.351 3.202 0.0005 

Total cost for care** 10.873 3.219 0.0009 

Suspected illness was TB  -16.363 6.616 0.0143 

Received cough medication  40.610 10.465 0.0001 

Cough disrupted daytime activity 17.978 6.598 0.0070 

Knows appetite loss or weight loss is symptom of TB -18.447 7.844 0.0197 

Knows coughing blood or chest pain is symptom of TB -14.233 6.532 0.0306 

Experienced, or was concerned about, bone or joint pain 21.316 7.129 0.0032 

Sought care for bone or joint pain 39.271 15.454 0.0118 

Evaluated for TB due to bone or joint pain 25.671 12.636 0.0436 

Evaluated for TB due to night sweats or fever  -15.150 6.547 0.0217 

*Coefficient should be read as the increase in delay days associated with each increase of 0.1 in the proportion of 

contacts that belong in the non-TB provider category 

**UGX, Ugandan Shillings. In the study year, 2017, the conversion rate for 1 US dollar was 3616.24 UGX. 

 

 

 

 

 

 

 

 

 

 



 

35 

Table 3.3: Results of linear regression (with LASSO regularization) models of community 

contact delay 

 

Model R2:   0.29 

Variable Estimate 

Experienced, or was concerned about, bone or joint pain 16.755 

Sought care for coughing blood or chest pain 0.659 

Evaluation for TB due to night sweats or fever -7.808 

No relief from self-medication prompted care-seeking -3.368 

TV/Radio advertisement prompted care-seeking 5.223 

Knows coughing blood or chest pain is a symptom of TB -2.730 

Knows appetite loss or weight loss is a symptom of TB -4.945 

Received cough medication 21.485 

Cough disrupted daytime activity 3.880 

Suspected illness was TB -8.955 

Bought supplements -0.516 

Diagnosis location - outside Rubaga -0.293 

Proportion of contacts in non-TB provider category (10% increments)* 5.763 

Total cost of reaching care** 4.448 

*Coefficient should be read as the increase in delay days associated with each increase of 0.1 in the 

proportion of contacts that belong in the non-TB provider category 

**UGX, Ugandan Shillings. In the study year, 2017, the conversion rate for 1 US dollar was 3616.24 UGX. 
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Table 3.4: Results of bivariate linear regression for significant (p < 0.05) predictors in models 

of contribution of non-TB provider visits to community contact delay 

 

Variable Estimate Std. Error Pr(>|t|) 

Number of times cough medication received 8.851 2.197 0.0001 

Total cost for care* 6.559 2.228 0.0036 

Suspected illness was TB -9.888 4.657 0.0350 

Received cough medication 23.326 7.278 0.0016 

Knows appetite loss or weight loss is symptom of TB  -10.768 5.413 0.0481 

Knows coughing blood or chest pain is symptom of TB -9.739 4.490 0.0313 

Sought care for bone or joint pain 37.377 10.457 0.0004 

Evaluated for TB due to bone or joint pain 21.248 8.643 0.0148 

*UGX, Ugandan Shillings. In the study year, 2017, the conversion rate for 1 US dollar was 3616.24 UGX. 
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Table 3.5: Results of linear regression (with LASSO regularization) models of 

contribution of non-TB provider visits to community contact delay 

 

Model R2:   0.27 

Variable Estimate 

Experienced, or was concerned about, coughing blood or chest pain -3.628 

Experienced, or was concerned about, malaise -3.964 

Sought care for bone or joint pain 21.984 

Sought care for coughing blood or chest pain 0.733 

Evaluation for TB due to night sweats or fever -0.528 

Knows coughing blood or chest pain is a symptom of TB -3.322 

Knows appetite loss or weight loss is a symptom of TB -0.779 

Received cough medication 5.033 

Suspected illness was TB -4.101 

Someone other than participant expressed concern about symptoms -1.182 

Bought supplements -4.512 

Age (years) 0.044 

Marital status - currently married/cohabiting -0.064 

TB episode - first episode -0.052 

Total cost of reaching care* 7.850 

*UGX, Ugandan Shillings. In the study year, 2017, the conversion rate for 1 US dollar was 3616.24 UGX. 
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CHAPTER 4 

EVALUATION OF ALTERNATIVE ENDPOINTS FOR ZIKV VACCINE EFFICACY 

TRIALS3 

  

                                                 
3 Mercaldo, R.A., and Bellan, S.E. Vaccine. 2019; 37(15):2099-2105.  

 Reprinted here with permission of the publisher. 
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Abstract 

Zika virus (ZIKV) infection during pregnancy is associated with microcephaly and other 

birth defects, collectively termed Congenital Zika Syndrome (CZS). During the epidemic in 

2015-2016, ZIKV spread through the Americas and quickly joined the list of other known 

teratogenic pathogens, TORCH. Multiple ZIKV vaccines have been developed for protection of 

pregnant women and women of childbearing age. However, ZIKV infection incidence has since 

waned substantially, and adverse birth outcomes are rare outcomes of infection. Studying a 

vaccine’s protective efficacy against CZS in a large phase III clinical trial may be infeasible in 

such times of low incidence. Should trials be initiated, researchers may resort to alternative 

clinical endpoints. 

In this study, we simulate a variety of vaccine clinical trial scenarios to evaluate the 

feasibility of the CZS endpoint in vaccine studies and compare CZS to other potential outcomes: 

ZIKV infection detected through weekly, biweekly, or monthly testing and laboratory-

confirmed, symptomatic Zika Virus Disease. We compare the sample size required for 80% 

statistical power to detect vaccine efficacy and trial duration for each scenario. Our results show 

the feasibility of CZS clinical endpoints depends on the timing of simulated clinical trials in the 

course of a seasonal epidemic, due to CZS risk varying with trimester of infection. This result 

highlights additional considerations needed when designing vaccine efficacy trials of protection 

against teratogenic pathogens.  
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Introduction 

Zika virus (ZIKV) was first isolated in Uganda in 1947 and associated with human illness 

in 1953 [72]. Sporadic outbreaks followed until 2015, when the virus was identified in Brazil and 

linked to an alarming increase in the incidence of microcephaly and other adverse birth outcomes 

[72–75]. Researchers began to list ZIKV with other infectious teratogens, exposures that harm a 

developing embryo or fetus, which include pathogens known by the acronym TORCH—

Toxoplasmosis, other agents, Rubella, Cytomegalovirus, and Herpes Simplex [76]. 

ZIKV spread to over fifty countries and territories after its introduction to the Americas 

[77]. During that time, its teratogenic effects led the World Health Organization (WHO) to 

declare a Public Health Emergency of International Concern and call for the development of 

vaccines to protect pregnant women and women of childbearing age [78]. WHO removed the 

emergency designation in November 2016, but ZIKV remains a significant threat during 

pregnancy, with an extensive list of potential adverse birth outcomes collectively termed 

Congenital Zika Syndrome (CZS) [79]. In response, multiple ZIKV vaccines were developed and 

entered early phase clinical trials. Before these vaccines are made available to the public, large 

phase III trials must be completed to evaluate their efficacy, the reduction in risk in the 

vaccinated compared to the unvaccinated [80]. 

As a phase III clinical trial’s power to detect vaccine efficacy depends in part on the 

number of cases observed, a successful trial will depend on the extent of ZIKV transmission in 

the study area. While ZIKV incidence has fortunately waned substantially since the initial 

outbreak, this poses challenges to the successful identification of a safe and efficacious vaccine. 

The Zika Modeling and Projections for Vaccination Trials collaboration recommended 

increasing the number of study sites in various geographical regions, along with recruiting larger 
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numbers of participants and extending the duration of trial participant follow-up to adequately 

power a vaccine efficacy trial [81]. Furthermore, though WHO called for vaccines that protect 

pregnant women and women of childbearing age, CZS is a rare outcome of ZIKV infection and 

may not be a feasible clinical trial endpoint in a time of low incidence [82]. Other possible 

endpoints are ZIKV infection and symptomatic Zika Virus Disease, both of which occur at 

higher frequency and would allow recruitment from a larger population of both men and women. 

Choosing either infection or symptomatic disease as primary endpoints in a ZIKV 

vaccine trial can only be justified, however, if protection against them reasonably predicts 

protection against more severe complications, like CZS, that are the greatest health burdens 

associated with the virus [82]. This is challenging for symptomatic disease endpoints, as disease 

has not yet been associated with higher viral load or increased risk of maternal-fetal transmission 

[83]. Conversely, vaccines that prevent maternal infection may be expected to prevent 

subsequent maternal-fetal transmission, and research suggests that complete sterilizing immunity 

may be required to protect against CZS [84]. In practice, testing for ZIKV infection relies on 

viral RNA detection [82,85,86], and the tests used have a lower limit of detection that may be 

above the viral load necessary for maternal-fetal transmissions [84,87]. In this scenario, trials can 

show efficacy against detectable viral load, when infection may still have occurred and 

sterilizing immunity was not produced. For simplicity, we continue to refer to this clinical 

endpoint as infection-based, though we recognize that it may be impossible to show actual 

sterilizing immunity. 

It is clear that the choice of clinical endpoint has far-reaching consequences for the 

feasibility of a ZIKV vaccine trial and the ultimate conclusions about the vaccine’s protective 

efficacy against the most severe outcomes of infection. These consequences include immediate 
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effects on trial participant recruitment and statistical power to detect vaccine efficacy. We 

simulate a variety of clinical trial scenarios in the present study, to identify important patterns to 

consider when evaluating the feasibility of the following ZIKV clinical endpoints: ZIKV 

infection detected through weekly, biweekly, or monthly testing, laboratory-confirmed Zika 

Virus Disease, and CZS. 

Methods 

We simulated ZIKV vaccine efficacy trials to explore three main clinical endpoints: 

infection, symptomatic disease, and CZS. Within infection-based endpoints, we additionally 

varied the time between laboratory tests. In all cases, simulations were completed in four steps. 

First, we obtained observed ZIKV incidence data for six countries and scaled the data to meet a 

generic 1% cumulative annual incidence rate while maintaining the seasonal pattern observed. 

Second, we simulated trial populations of various sizes within those regions, and assigned 

weekly risk according to seasonal patterns, layering individual heterogeneity in infection risk on 

top of these patterns. Third, we modeled time until infection, time until symptom onset, and time 

until loss of detectable viral RNA in blood samples for a range of assumed vaccine efficacies in 

trials with ZIKV infection and symptomatic Zika Virus Disease endpoints. For CZS endpoint 

trials, we additionally generated CZS outcomes diagnosed at birth (see Table 4.1 for simulation 

parameters). Finally, we analyzed simulated trial data to assess the statistical power of each trial 

scenario, and compared sample size and trial duration for trials achieving 80% power. We used 

R version 3.4.2 for all simulations and analyses [33]. 

Scaling weekly country-level incidence rates 

The Pan American Health Organization publishes periodic updates on ZIKV cases in 

Latin America and the Caribbean. These updates include tables of cumulative case counts and 
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are often accompanied by graphs of the ZIKV epidemic curve in each country [77]. There are 

notable errors in the case count tables, which are fortunately not reflected in the graphs of 

epidemic curves [88]. Rather than use the tabular data and risk including these errors in our 

simulation, we obtained the graph data of weekly incidence in multiple countries in 2016 and 

2017 that was previously digitized by the Andersen Lab at the Scripps Research Institute [88]. 

For this study, we obtained the digitized data for eight countries previously identified as having 

sufficient infrastructure for a large clinical trial [81]. Of these, six countries had eighty-two 

weeks of observed incidence data at the time of our study: Colombia, Costa Rica, Ecuador, 

Mexico, Panama, and Peru. The two remaining countries were excluded for having missing 

observations (Brazil) or many weeks with 0 cases (Dominican Republic), which made the data 

unscalable. We scaled the digitized incidence data to meet a generic national yearly cumulative 

incidence rate, maintaining the seasonal pattern of Zika transmission in our simulation (Fig. 4.1).  

 

Figure 4.1. Scaled person-week infection rates for the six countries included in the study. 
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A generic cumulative incidence rate of 1% of the population per year was chosen, not to 

reflect actual epidemic values but to better illustrate qualitative patterns between trial endpoints. 

To imitate realistic trial site selection, we additionally modeled a selection process so that four 

countries would ultimately be chosen, and that selection would be based upon monitored ZIKV 

infection incidence. To simulate this process, we randomly selected four of the six countries at 

the beginning of each simulation iteration. To examine how incidence at the start of a trial 

affected feasibility, we set trial start dates independently within each of the four countries 

according to three possible starting rules: (1) when that country first reached a weekly ZIKV 

infection rate of 25 cases per 100,000 persons in the scaled data, (2) when it reached a weekly 

rate of 50 cases per 100,000 persons, or (3) one week following the peak of a local epidemic in 

the first 40 weeks (approximately half) of the scaled data. 

Simulating trial populations 

Each participant’s weekly ZIKV infection risk was modeled as the product of the 

country-level weekly incidence rate and an individual-level risk factor. Individual-level infection 

risk factors were drawn from the lognormal distribution (log mean = 0, log sd = 1) to simulate 

heterogeneity in infection risk that was non-negative. We assumed independence in infection 

risk, as trial populations are likely to be a small proportion of each country’s total population if 

participants are recruited from many countries. Though only six countries were used in this 

study, recruiting from a large number of total countries is recommended for ZIKV vaccine trials 

[82]. 

In each simulation, we varied the start time of the trial according to one of three possible 

starting rules, discussed above. Each trial participant was then randomized to either the control or 

vaccination arm. We considered vaccine efficacies of 50%, 70%, and 90%, and assumed an 
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immune ramp-up period lasting one month before achieving the assumed efficacy. Efficacy was 

simulated as a reduction in each vaccinated individual’s overall weekly risk. We simulated a 

point recruitment process such that all individuals were randomized and, if applicable, 

vaccinated at the trial start date. 

Generating clinical outcomes 

We generated time until infection for each participant using the exponential distribution, 

so that a participant’s risk of infection in a given week was independent of previous weeks. We 

assumed viral RNA would be detectable in blood two days after infection. We then used reported 

estimates for the mean time to viral clearance to model an RNA detection interval using the 

flexible Weibull distribution [89,90]. The detection interval described the time from first positive 

samples until the virus could no longer be detected in blood. 

For trials with ZIKV infection as the primary endpoint, we created a set of laboratory 

testing days that began at the start of the trial and occurred weekly, biweekly, or monthly 

thereafter. Cases were identified when these predetermined testing days fell within an 

individual’s RNA detection interval. In simulated trials with laboratory-confirmed ZVD as the 

primary endpoint, we determined which infected individuals would develop disease based on the 

approximate 20–25% symptomatic rate [82]. A median incubation period of 5.9 days was used to 

generate time to symptom onset [89]. Viral RNA was assumed to be detectable upon symptom 

onset. The duration of detection time in samples was generated as above. Rather than record all 

ZVD outcomes as events, cases were identified when weekly testing dates fell within a 

symptomatic individual’s detection interval. Weekly testing was used as it was assumed not all 

individuals would report to a study clinic immediately, but may be expected to do so within a 

short timeframe given an intense surveillance protocol as suggested by WHO [82]. For those 
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cases identified by this protocol, we recorded time until symptom onset as time until infection 

plus the incubation period. 

For trial simulations in which CZS was the primary endpoint, we assumed an entirely 

female study population. Furthermore, we focused on populations of women who self-identify as 

trying to conceive (TTC). Women who first attempt to conceive have a 30% probability of 

conception within a menstrual cycle, and this probability decreases to approximately 5% in 

women who have not conceived by the end of the first year [91]. In the CZS endpoint scenarios, 

all the women in the trial were given an initial 21.3% probability of conception in the first month 

of the trial. This probability was calculated as the mean of the first six months of exponentially 

decaying conception probability, to account for women entering the trial with different histories 

of conception attempts, and decreased every four weeks of the trial. Time until pregnancy was 

drawn from the exponential distribution. We set CZS risk according to trimester of ZIKV 

infection: infection in the first trimester only (15%), infection in multiple trimesters, including 

the first (21%), or infection in the second or third trimesters only (2.27%) [5]. The CZS outcome 

was considered binomial, as either present or absent at birth, and so was generated from the 

binomial distribution. 

In sensitivity analyses, we included women regardless of desire to conceive. Given the 

contraceptive use rate of 73% in Latin America [92], we used the complement of this rate as the 

assumed proportion of trial participants who were TTC. While this most likely overestimates the 

proportion of women who are sexually active and actually attempting to conceive, none of these 

trials achieved adequate statistical power in simulations and were not examined further. 
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We varied trial population sizes from 200 to 30,000 individuals for non-CZS endpoints 

and from 200 to 120,000 individuals for CZS endpoints. We simulated 250 runs for each 

scenario (i.e. set of parameters). 

Analysis 

All trial designs were assumed to be group sequential up to four interim analyses before a 

final analysis. Time-to-infection and time-to-symptoms were the outcomes of interest for ZIKV 

infection and Zika Virus Disease scenarios, respectively. We analyzed these trials with Cox 

proportional hazards models. We analyzed simulated CZS trial data using a logistic regression 

model with CZS diagnosis present at birth as the endpoint. We calculated statistical power as the 

proportion of scenario iterations in which the vaccine efficacy p-value was less than the 

significance level of 0.05. Mean trial duration was calculated for all trials with power of 80% or 

more. 

Results 

CZS-based clinical endpoints 

For trials of vaccine efficacy against CZS outcomes, the relationship between size of the 

recruited population and power varied with the timing of the trial in the course of the epidemic 

(Table 4.2, Fig. 4.2). Of the three starting rules, those trials following rule 1 began when a 

country reached a weekly rate of 25 cases per 100,000 persons and achieved 80% statistical 

power at the lowest sample size. Interestingly, trials begun a week after the peak of an epidemic 

(rule 3) required an intermediate sample size, while those trials beginning when a country 

reached a higher weekly infection rate of 50 cases per 100,000 persons (rule 2) required the 

largest sample sizes to reach 80% power (Table 4.2, Fig.4. 2).  
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Figure 4.2: Statistical power to detect vaccine efficacy by number of recruited participants for 

seven different clinical trial scenarios and three levels of assumed vaccine efficacy.  

 

For all starting rules, increasing assumed vaccine efficacy from 70% to 90% resulted in 

lower participant numbers. No trial in the 50% assumed efficacy scenarios achieved adequate 

power with sample sizes of up to 120,000 participants. 

To better understand the effect of starting conditions on sample size for trials with CZS-

based endpoints, we plotted the number of infections that occurred before completion of the 

month-long ramp-up period, after which the vaccine was considered protective (Fig. 4.3, top). 

These infections are removed in the simulation to accurately compare the vaccine and control 

groups. High infection rates in the first month of the trial appear to lead to more infections being 

excluded from the remainder of the trial analysis. Subsequently, as women are more likely to 
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conceive at the beginning of the trial, the number of first-trimester infections is also lower (Fig. 

4.3, bottom). Trial simulations following starting rule 2 appear to have more infections removed 

during the pre-immunity period, and so also have fewer first-trimester infections recorded. 

 

 
Figure 4.3. Number of infections occurring in the first four weeks of simulated trials, before 

the vaccine was assumed to become protective, and number of infections during the first 

trimester of pregnancy. 

 

ZIKV infection- and symptomatic disease-based endpoints 

For trials of vaccine efficacy against ZIKV infection or symptomatic Zika Virus Disease, 

the timing of the trial in the course of the epidemic did not alter sample size requirements, and so 

data for only one starting rule was analyzed further. In all cases, trial scenarios achieved 80% 

https://www.sciencedirect.com/topics/medicine-and-dentistry/first-trimester-pregnancy
https://www.sciencedirect.com/topics/medicine-and-dentistry/first-trimester-pregnancy
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power for far fewer participants than the number required for the CZS endpoint (Table 4.2, Fig. 

4.2). For ZIKV infection, we also studied the effect of lengthening the time between routine 

testing visits, from weekly to biweekly or monthly. As expected, trial scenarios with a ZIKV 

infection endpoint identified through weekly testing were adequately powered with the fewest 

participants in all simulation scenarios. Doubling the time between routine tests to biweekly 

increased the required sample size by 26%, averaged over assumed vaccine efficacies. 

Approximately 2.4-times as many participants as in trials with weekly testing were needed when 

we increased the testing interval to monthly. For symptomatic Zika Virus Disease, sample sizes 

were 64% greater, on average, than those required for infection-based endpoints with monthly 

testing. 

The length of trials, in terms of shortest mean study duration in simulations, changed 

little between infection and disease outcomes (Table 2). Assuming that trials recruit the 

minimum sample size found in simulations, extending the time between testing or moving to the 

symptomatic Zika Virus Disease endpoint did not appear to dramatically increase the length of 

the overall study period. For example, within trial scenarios with assumed vaccine efficacy of 

70%, moving from weekly testing to biweekly testing increased the minimum sample size by 

907 participants, but only increased the mean study period by twenty days. In trials with monthly 

testing, the mean duration was six days less than in trials with biweekly testing. 

Discussion 

 CZS is the most severe outcome of ZIKV infection. As an endpoint for a ZIKV vaccine 

trial, it ensures that vaccine efficacy is shown against the most serious outcome of infection. 

While ZIKV incidence rates are low, however, CZS endpoints may not be a feasible option for 

vaccine efficacy trials. 
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Perhaps surprisingly, simulated trials with CZS endpoints in our study did achieve 

adequate statistical power to detect vaccine efficacy in some scenarios. These particular trials 

were those simulated with a start date earlier in the epidemic or a week after the peak of an 

epidemic. Sample sizes were greater at the intermediate start time, when incidence was highest. 

This result is tied to the nature of CZS risk, which varies with the trimester of infection. 

Probability of conception is greatest in the first months of regular sexual activity, and it was 

assumed women were within the first six months of conception attempts at the start of the trial. 

This indicates that the majority of trial pregnancies will begin near the trial start date. When this 

is also a period of high ZIKV transmission, infection in the first trimester and, subsequently, 

CZS outcomes are more likely. However, we assumed the vaccine would not yet be protective in 

the first four weeks of a trial, and all infections occurring in those weeks were removed from the 

final dataset. Figure 4.3 illustrates the consequences of these dynamics in our simulation. Those 

trials that began at the intermediate start time, when a country reached a 50/100,000 person-

weeks infection rate, have a greater number of infections removed during the pre-immunity 

period, and fewer first trimester infections recorded. 

Comparing the feasibility of endpoints is thus further complicated by the nature of CZS 

risk. As with other TORCH pathogens, the risk of adverse outcomes varies with trimester of 

maternal infection. For example, maternal cytomegalovirus infection is less likely to be 

transmitted to a fetus in early pregnancy but, given fetal infection, more likely to lead to 

disabilities or other symptoms at birth [93]. The complex relationships between trimester of 

infection and overall risk must be considered when selecting congenital infection outcomes as 

trial endpoints. 
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All CZS-endpoint simulations relied on several important assumptions, such as the ability 

to identify women trying to conceive, the point process with all individuals recruited and, if 

applicable, vaccinated at the start of the trial—thereby ensuring all women entered the trial at a 

period of similar ZIKV incidence—and the determination of CZS outcomes at birth. Delayed 

manifestations of other congenital syndromes, namely congenital rubella syndrome, are well 

documented [94]. Mounting evidence suggests CZS may also manifest some time after birth 

[95,96]. It would be necessary to extend follow-up time in vaccine trials to avoid missing 

delayed CZS cases. 

We focused simulations on populations of women who were not already pregnant at the 

time of recruitment. We assumed this because of the potential delay in recognizing pregnancy, as 

well as the month we assumed for immune ramp-up before the vaccine was protective. These 

factors prevent inclusion of the entire first trimester, when CZS risk is greatest. We recognize 

that recruiting women who are planning on becoming pregnant presents serious ethical concerns. 

Choosing this population for our simulation study, however, demonstrates the complex nature of 

congenital infection that should be carefully considered when designing trials of vaccine efficacy 

against teratogenic pathogens. 

We worked with eighty-two weeks of seasonal risks and assumed all pregnancies and 

infections must occur by the final week, regardless of how we varied the starting time of the trial. 

As a result, some trial scenarios ran for the entirety of the eighty-two weeks, while others ran for 

a shorter period. It can be expected that sample sizes would be greater for trials of shorter 

duration, as we artificially ended ZIKV transmission at the final week despite of any pregnancies 

that were not completed by that time. This eliminated any chance of infection for some 

pregnancies, as well as chance of multiple infections for others. Fewer pregnancies may be 
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expected in later trial weeks, however, as we assumed all women entered the trial at an average 

probability of conception, and this probability declined significantly by the end of the simulated 

trials. 

Despite these limitations, simulation results revealed a critical relationship between 

ZIKV incidence at the beginning of a trial and the feasibility of a CZS clinical endpoint. In the 

event a trial with CZS endpoints remains infeasible regardless, infection- and disease-based 

endpoints are alternatives. Trial duration varied little between the infection endpoint scenarios, 

regardless of time between laboratory tests (Table 4.2). Trials that extend the time between 

sampling, though recruiting more individuals, halve or quarter the laboratory tests required per 

participant. This decreases participant inconvenience and potentially improves protocol 

adherence. These endpoints also avoid the need for intense trial surveillance to identify mild 

disease cases, which is recommended for trials that rely on symptomatic Zika Virus Disease 

endpoints [82]. Disease endpoints also required an additional 64% increase in participant 

numbers over monthly-testing ZIKV infection trial scenarios. 

In terms of laboratory testing, we did not vary the sensitivity of tests to compare urine 

versus blood testing methods. Case identification was assumed to rely only on performing the 

test within the period of detectable RNA. We assumed that trials will follow current 

recommended laboratory protocols, which for ZIKV diagnosis currently requires paired blood 

and urine testing [82,85,86]. As the difference in the RNA detection interval between these 

sample types remains debatable, we used blood testing parameters to simplify the simulation. 

These tests have lower limits of detection that may be higher than the viral load required for 

maternal-fetal ZIKV transmission, so we recommend caution in interpreting maternal infection-

based trial results in terms of CZS risk. 
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In all simulations, we assumed the vaccine would be protective after one month. 

However, this period was kept constant in all simulations and did not vary between endpoints. 

Similarly, as we relied on an assumed annual cumulative incidence rate, the qualitative patterns 

between trial scenarios will be more robust than sample sizes or trial durations provided by the 

simulation (Table 4.2). Actual values will depend on the vaccine under study and on incidence 

during the trial period. 

In conclusion, though laboratory-confirmed symptomatic Zika Virus Disease and 

infection-based endpoints are perhaps more feasible, we found CZS clinical trial endpoints were 

possible in several simulated trials due to the relationship between CZS risk at trimester of 

infection and the timing of the trial in the course of an epidemic. This result highlights additional 

considerations needed when designing studies with pregnancy-related clinical endpoints, 

including studies involving other teratogenic pathogens. 

 

Table 4.1. Simulation parameters. 

Parameter Value Ref. 

Incubation period in days, Median (25%, 75%) 5.9 (4.6, 7.6) (85) 

Persistence of viremia in days, Mean (25%, 75%) 9.9 (5.8, 12.7) (85) 

CZS risk, 1st trimester infection 0.15 (88) 

CZS risk, 2nd/3rd trimester infection 0.0227 (88) 

CZS risk, infection during multiple trimesters, including 1st 0.21 (88) 

Contraceptive use, proportion of Latin American women  

aged 15–49 years 

73% (89) 

Recruited population size, assumed vaccine efficacy, conception 

probability, start date within scaled epidemic data 

Varied 
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Table 4.2. Minimum required sample size and study duration for trial scenarios with 80% power. 

 Assumed efficacy: 50% Assumed efficacy: 70% Assumed efficacy: 90% 

Trial scenario 

endpoint 

N Duration 

(days) 

N Duration 

(days) 

N Duration 

(days) 

Infection based 

Weekly testing 

 

8357 296 3825 287 2013 294 

Biweekly testing 

 

11,076 306 4732 307 2466 313 

Monthly testing 21,046 307 9263 301 4732 321 

 

Symptom-based 

Symptomatic  

ZVD 

35,094 316 15,608 310 7451 324 

 

CZS-based 

Start at 

25/100k pw rate 

 

– – 79,451 598 44,071 626 

Start at 

50/100k pw rate 

 

– – 110,585 507 62,468 530 

Start after peak – – 93,603 515 52,562 546 
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CHAPTER 5 

CONCLUSION 

 In the previous chapters of this dissertation, results from three independent studies have 

illustrated how the epidemiology of an infectious disease is affected by dynamics at numerous 

biological scales of organization.  

 After SARS-CoV-2 was identified as the causal organism responsible for the outbreak of 

severe, pneumonia-like, disease in China, researchers around the world made an unprecedented 

effort to better understand its transmission and disease severity. Meanwhile, economists asked 

about economic impacts of stay-at-home orders [97,98], and psychologists stressed the 

importance of human contact in mental health [99]. While seemingly separate issues, each of 

these facets of the overall COVID-19 response loop back to basic infectious disease questions 

through better understanding of human behavior: who is getting sick and where are they 

infected? Broad-scale determinants of mortality, however, are more difficult to discern when 

individual-level risk factors are more obvious. 

 In the COVID-19 study presented here, age, race, availability of medical resources, and 

even climate factors are associated with the risk of death from COVID-19, regardless of 

transmission rates.  The scales at which these factors affect the pandemic most likely include the 

entire range of biological organization: molecular processes that degrade with age or are already 

modified by race interact with ecosystem-level climatological factors. In our analysis, data is 

aggregated by county and can only be interpreted at broader scales, the narrowest of which is 

population. As an example, each county is associated with a certain population density that is 
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highly correlated with the resources available for the care of COVID-19 patients—larger 

population sizes indicate more medical establishments, hospitals, and highly-trained 

professionals, while more rural, sparsely populated counties have no hospitals and a population 

that must travel to receive care. Ecosystem-level climatological factors were also found 

significant in this analysis, with higher temperatures and relative humidity associated with 

reduced mortality.  

 Individual Tuberculosis (TB) patients in Kampala, Uganda, have diverse outcomes 

dependent on their fellow population and community members. As shown in the TB disease 

study herein, the training of the individuals with whom an individual patient primarily interacts 

is significantly associated with that patient’s treatment. The amount of time a patient remains 

untreated, while actively seeking care, increases with the proportion of his or her contacts who 

are primary-level health providers or local healers. Potential intervention efforts highlight the 

interacting nature of individuals and their community. Education efforts aimed at one 

population—the health providers—will have far reaching consequences for the entire 

community. Should these health providers begin referring patients to TB diagnostic locations 

with greater regularity, not only will individuals receive care sooner, but their infectious period 

will be shortened, reducing further transmission to his or her neighbors. 

 The interaction of scales at the individual, population, community, and ecosystem levels 

may even affect the statistical power of epidemiological studies. As illustrated in the Zika virus 

chapter of this dissertation, individual pregnancy probability, which decreases with the time 

couples have attempted pregnancy, is an important component of a clinical trial for a vaccine 

against an infectious teratogen. As a mosquito-borne disease, Zika risk increases when seasonal 

mosquito activity is high. When pregnancy occurs during this time of high risk, the probability of 
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infections in the first trimester is increased, further increasing the risk of Congenital Zika 

Syndrome, or CZS. As statistical power to detect vaccine efficacy depends on the number of 

cases observed, power could be expected to be reached far faster in this high-risk scenario. 

However, vaccines take time for full effectiveness, with any infections before the time of 

efficacy being deleted from analysis. This culminates in a surprising reality—it is better, in terms 

of resources to run a trial, to begin a trial before rates are too high. As it is not possible to exactly 

predict when rates will peak, it may even be beneficial to begin a trial after a period of high risk, 

when rates are beginning to decrease.  

 It is possible to discern a general trend from these specific studies. Not only do they 

illustrate the importance of incorporating various scales of biological organization to understand 

the etiology of disease, but that doing so impacts the practice of epidemiology and design of 

studies and trials. Researchers must be more aware of possible interacting scales when 

determining the variables they wish to collect or include in analysis, and policy should be 

suggested with a better understanding of how an individual affects his or her community, or vice 

versa. In a time of great ecosystem change due to global climate change, infectious disease 

epidemiologists must be even more aware of large-scale factors impacting disease emergence, 

while also remaining cognizant of how increased temperature may impact a single individual’s 

immunity [100]. 

 The scientific community has become more and more interdisciplinary in recent years, 

and the progress of technology has allowed for collaborations that would be impossible a mere 

decade ago [6]. With these resources and an interdisciplinary mindset, researchers will be able to 

incorporate the information of multiple scales in their studies, and be better prepared to face the 

threat of emerging pathogens. 
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