EPIDEMIOLOGICAL MODELS OF INFECTIOUS DISEASES FOR CLINICAL AND
PUBLIC HEALTH DECISION SUPPORT

By
JACOB DANIEL BALL

A DISSERTATION PRESENTED TO THE GRADUATE SCHOOL
OF THE UNIVERSITY OF FLORIDA IN PARTIAL FULFILLMENT
OF THE REQUIREMENTS FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY
UNIVERSITY OF FLORIDA
2018

© 2018 Jacob Daniel Ball

To everyone I have ever been lucky enough to learn from.

ACKNOWLEDGMENTS
This dissertation would not be possible if it were not for my fantastic PhD
committee. Drs. Chen, Cummings, Prosperi, Kenah and Yang have provided me with
incredible mentorship as an epidemiologist and scientist. In particular, Dr. Cummings
stepped up and took me on as a student during a tough time in my academic trajectory,
and Dr. Chen made sure I met all of my programmatic milestones. I am proud to call all
of my committee members my colleagues and friends.
I would not be the scientist I am today without the guidance from Dr. Juliet R.C.
Pulliam during the first two years of my doctoral studies, and for taking a chance on me.
She taught me the value of “convincing yourself” of the robustness of results, and that
learning things by pen and paper before taking shortcuts is the only way to truly learn
something. She led me on a journey of academic, professional, and personal selfdiscovery, and I am forever thankful that I can call her a mentor and friend.
I would like to thank the UF Haiti Laboratory and the Christianville Foundation in
Haiti for their work to provide quality medical care and diagnostic services to school
children in Haiti. Without their tireless work, Chapter 2 would not have been possible.
Specifically, I would like to thank Drs. J. Glenn Morris, Jr., Maha El Badry, Sarah White,
Valery Madsen Beau de Rochars, and John Lednicky for their work in coordinating data
collection, processing blood samples, and performing diagnostic tests for the data in this
study. Dr. Taina Telisma, Ms. Sonese Chavannes and Marie Gina Anilis played
essential roles in the data collection process. I thank the government of Haiti for
permitting us to perform this important work.
I am very thankful for Kyra Grantz, Chuck Vukotich and the rest of the Social
Mixing and Respiratory Transmission in Schools study staff for facilitating data access
4

and for being so generous with their time. I would like to acknowledge the U.S. Centers
for Disease Control and Prevention for funding the study, and to the schools and school
children for participating in the study. Without them, Chapter 3 would not have been
possible.
Chapter 4 would not have been possible without the mentorship of Dr. Caitlin
Rivers, who is an inspiration and a great friend, and without the financial support of the
Science, Mathematics and Research for Transformation Scholarship program funded by
the U.S. Department of Defense. I am thankful for my colleagues at Army Public Health
Center for their support, and for the military recruits whose data were used in this
dissertation for their service.
Lastly, I would like to thank my friends and family for their overwhelming support
and love throughout my journey to the doctorate. None of this would have been possible
without you, and I am incredibly grateful.

5

TABLE OF CONTENTS
page
ACKNOWLEDGMENTS .................................................................................................. 4
LIST OF TABLES ............................................................................................................ 9
LIST OF FIGURES ........................................................................................................ 10
ABSTRACT ................................................................................................................... 11
CHAPTER
1

INTRODUCTION .................................................................................................... 13
Public Health Surveillance: The Observation Process ............................................ 13
Models for Clinical Decision Support ...................................................................... 15
Models for Public Health Decision Support ............................................................. 16
Model Validation, Comparison and Selection ......................................................... 18
Overview of the Dissertation ................................................................................... 20

2

ALGORITHMS TO PREDICT ARBOVIRAL INFECTIONS USING CLINICAL
AND DEMOGRAPHIC INFORMATION DURING CO-INCIDENT OUTBREAKS
OF DENGUE, CHIKUNGUNYA AND ZIKA............................................................. 22
Background............................................................................................................. 22
Materials and Methods............................................................................................ 23
Data .................................................................................................................. 23
Analysis ............................................................................................................ 24
Results .................................................................................................................... 26
Study Sample Characteristics .......................................................................... 26
Clinical Symptoms by Pathogen ....................................................................... 27
Multivariate Regression Results ....................................................................... 27
CHIKV Predictive Models ........................................................................... 30
DENV-1 Predictive Models......................................................................... 31
DENV-4 Predictive Models......................................................................... 31
Discussion .............................................................................................................. 40
Stepwise Regression for Variable Selection ..................................................... 40
Full Scope Modeling of CHIKV, DENV-1 and DENV-4 To Aid Differential
Diagnosis ...................................................................................................... 41
Performance of the Predictive Models for CHIKV ............................................. 42
Limitations ........................................................................................................ 43

3

ESTIMATING THE CONTRIBUTION OF PRIOR INFECTION WITH SPECIFIC
RESPIRATORY VIRUSES ON WITHIN-SEASON VIRAL INFECTION
HAZARDS............................................................................................................... 45

6

Background............................................................................................................. 45
Immunological Mechanisms ............................................................................. 45
Respiratory Diseases ....................................................................................... 46
Materials and Methods............................................................................................ 48
Surveillance System ......................................................................................... 49
Data Setup ....................................................................................................... 49
Analysis ............................................................................................................ 50
Results .................................................................................................................... 52
Pathogens ........................................................................................................ 52
Demographics .................................................................................................. 52
IRRE and Univariate Hazard Estimates for Prior ILI, Prior Infections and
Demographic Variables ................................................................................. 56
Influenza B (Flu B) Outcome ............................................................................ 56
Influenza A (Flu A) Outcome ............................................................................ 57
Human Rhinovirus (HRV) Outcome ................................................................. 57
Coronavirus (CoV) Outcome ............................................................................ 58
Multivariate, Mixed Effects Model ..................................................................... 58
Influenza B (Flu B) outcome....................................................................... 58
Influenza A (Flu A) outcome....................................................................... 58
Human rhinovirus (HRV) outcome ............................................................. 61
Coronavirus (CoV) outcome....................................................................... 61
Discussion .............................................................................................................. 61
Any Swab Hazard Estimates ............................................................................ 63
4

THE ROLE OF BENZATHINE PENICILIN G AT PREDICTING AND
PREVENTING ALL-CAUSE ACUTE RESPIRATORY DISEASE IN MILITARY
RECRUITS ............................................................................................................. 68
Background............................................................................................................. 68
Materials and Methods............................................................................................ 71
Data .................................................................................................................. 71
Analysis ............................................................................................................ 71
Results .................................................................................................................... 73
Prediction ......................................................................................................... 73
Cross-validation (22.5 years) ..................................................................... 73
External Validation ..................................................................................... 76
Inference on BPG Effectiveness ....................................................................... 78
Discussion .............................................................................................................. 80

5

CONCLUDING THOUGHTS AND FUTURE DIRECTIONS.................................... 85
Clinical Decision Support ........................................................................................ 85
Public Health Surveillance ...................................................................................... 87
Public Health Intervention Evaluation ..................................................................... 88
Concluding Thoughts .............................................................................................. 89

LIST OF REFERENCES ............................................................................................... 90

7

BIOGRAPHICAL SKETCH ............................................................................................ 97

8

LIST OF TABLES
Table

page

2-1

Demographics by pathogen ................................................................................ 29

2-2

Prevalence of symptoms by pathogen................................................................ 30

2-3

Multivariate stepwise logistic regression for each outcome on full dataset ......... 32

2-4

Variable importance measures from random forest models on full data set ....... 34

2-5

Mean and Standard Deviation of Sensitivity, Specificity and AUROC in
Validation for CHIKV Models with 0.50 Threshold .............................................. 35

2-6

Mean and Standard Deviation of Sensitivity, Specificity and AUROC in
Validation for DENV-1 Models with 0.09 Threshold ............................................ 36

2-7

Mean and standard deviation of sensitivity, specificity and AUROC in
validation for DENV-4 models with 0.09 threshold.............................................. 37

2-8

Pathogen outcome by cluster from k-means clustering of symptoms with k=6 ... 38

3-1

Demographics of Study Population By Infection Status at End of Surveillance
Period ................................................................................................................. 53

3-2

PCR-Confirmed Infection by Swab Number ....................................................... 54

3-3

IRR estimate and univariate Cox regression for each pathogen outcome .......... 59

3-4

Multivariate, Mixed Effects Cox Regression for Each Pathogen Outcome ......... 62

4-1

Comparing Prediction Accuracy for 5-Fold Cross-Validation by Mean
Absolute Error for Random Forest and Poisson Regression .............................. 76

4-2

Variable Importance (% Increase Mean Squared Error when left out) for
Random Forest Model (k-fold cross-validation) Using Trainee Class Size ......... 77

4-3

Comparison of variable importance between the cross-validation set and the
external validation set from RF models .............................................................. 78

4-4

Incidence Rate Ratios for Independent Variables in the Poisson Regression
Model on the Training Data with Population Offset (22.5 years)......................... 80

9

LIST OF FIGURES
Figure

page

2-1

ROC Curve for CHIKV Outcome with 0.50 Threshold ........................................ 35

2-2

ROC Curves for DENV-1 Outcome with 0.09 Threshold .................................... 36

2-3

ROC Curves for DENV-4 Outcome with 0.09 Threshold .................................... 37

2-4

k-means clustering of symptoms shown by patients, with k=6 ........................... 39

3-1

Heat map of swab timing, order and co-detection status for Flu B ..................... 54

3-2

Heat map of swab timing, order and co-detection status for Flu A ..................... 55

3-3

Heat map of swab timing, order and co-detection status for HRV ...................... 55

3-4

Heat map of swab timing, order and co-detection status for CoV ....................... 56

4-1

Time series of ARD cases from 1991 - 2017 at Fort Sill, Fort Leonard Wood,
Fort Benning, and Fort Jackson.......................................................................... 74

4-2

Predicted and Observed Values from the 5-Fold Cross-Validation..................... 75

4-3

Predicted and Observed ARD Case Counts in External Validation Set .............. 79

10

Abstract of Dissertation Presented to the Graduate School
of the University of Florida in Partial Fulfillment of the
Requirements for the Degree of Doctor of Philosophy
EPIDEMIOLOGICAL MODELS OF INFECTIOUS DISEASES FOR CLINICAL AND
PUBLIC HEALTH DECISION SUPPORT
By
Jacob Daniel Ball
May 2018
Chair: Xinguang Chen
Major: Epidemiology
Data collected by clinicians and infectious disease surveillance systems, when
modeled appropriately, can be used for a variety of decision support purposes, including
to aid patient diagnostics and treatment; to identify at-risk subpopulations in order to
guide targeted surveillance efforts; and to evaluate interventions. This dissertation
consists of three examples of fitting epidemiological models to surveillance data to
provide guidance to clinicians and public health professionals to treat and survey and
control infectious diseases.
Chapter 2 fit and validated a suite of regression and machine learning models to
clinical symptom and demographic data from febrile school children in Haiti to predict
arbovirus infection. We were able to correctly predict chikungunya virus infection with
72% sensitivity and 63% specificity, based on the presence of arthralgia and grade of
the patient. Results from this study can streamline screening practices, as well as guide
prescribing pain management medications in areas with co-incident epidemics of
dengue, chikungunya and Zika.
Chapter 3 used a survival analysis framework to quantify the extent that prior
infection, both in general and with specific respiratory viruses, influences the risk of
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subsequent infection with multiple different respiratory viruses in school children during
the same influenza season. Results from this study showed that any prior infection was
significantly, positively associated with subsequent infection, indicating that surveillance
efforts should focus on people who previously had a respiratory infection.
Chapter 4 fit and validated machine learning and regression models to 26 years
of weekly counts of all-cause acute respiratory disease among Army trainees in order to
evaluate the effectiveness of a high-dose antibiotic prophylactic shot at preventing
illness. We found that the antibiotic prophylaxis was significantly protective against
disease, but less so than the adenovirus vaccine. The prophylaxis was associated with
a 32% reduction in incidence. While these results suggest that the prophylaxis is
beneficial at reducing all-cause acute respiratory disease, further studies are needed to
examine dosing and distribution.
Fitting and validating epidemiological models to infectious disease data are
essential in elucidating the underlying mechanisms and determinants of infection
outcomes, and to guide clinical treatment and public health policy.
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CHAPTER 1
INTRODUCTION
Public Health Surveillance: The Observation Process
One fundamental role of public health systems regarding infectious diseases is to
perform disease surveillance and to implement evidence-based interventions to limit
spread at the population level. One major role of the infectious disease epidemiologist
has traditionally been to collect data and then apply statistical models to identify risk
factors that are statistically significantly associated with infection or mortality from such
infection. A primary application of this is to identify subpopulations for targeted
interventions, in order to improve health outcomes among those at highest risk of illness
or death.
Most infectious disease surveillance is passive, meaning that in order for a case
to be detected, the ill patient must present to a medical facility where the medical
provider must have the order the proper diagnostic tests for the suspected etiologic
agent, and that test must then yield a positive result. Then, the laboratory that
performed the test or medical provider must report the positive case to the proper health
authorities who would enter the case into a database.
Surveillance can be thought of as an “observation process” for epidemiological
data. The performance of a surveillance system at capturing health information can be
affected by many patient-level factors, including social, biological and behavioral. For
example, different pathogens have different rates of asymptomatic or subclinical
infections whereby a patient is infected but does not experience clinical disease, or
does experience clinical disease but not to the extent that could prompt him/her to seek
medical care. Additionally, health-seeking behavior is known to vary by socioeconomic
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status, health insurance status and other demographic characteristics. If infected
individuals do not seek care, then cases are not captured in surveillance systems, and
the true burden of disease is underestimated. Furthermore, the “metadata” that are
captured when a case is not detected are missing, such as gender, age, race, and other
demographic and behavioral characteristics. These covariates are essential in the
descriptive epidemiological framework, as they are the factors associated with either
increased or decreased risk of infection. If there were differential associations between
demographic, social or biological variables and symptomatic infection outcomes and
health seeking, then estimates of the risk factors could be biased, rather than simply
error-prone.
Increasingly, and drawing from methods in biostatistics, disease ecology,
quantitative population biology, computer engineering and more, epidemiology is
transitioning from more of a descriptive discipline to an analytic one in which the goal is
to understand the underlying biological and social processes that govern disease
emergence and epidemic dynamics(1). Applying these methods to infectious disease
surveillance data may help elucidate the mechanisms that drive transmission, and
identify opportunities to control outbreaks.
Rather than collecting data and then fitting statistical models, the analytic
approach consists of building models and then fitting them to data. The goal of this is to
evaluate which model is best able to explain the real-world processes that produced the
observed data. Dynamic and other non-linear models, including machine learning
models, are used to explore emergent properties of the systems that produce the
observed data(2,3). For example, with this approach, it is possible to examine higher
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order interactions among the components (e.g. variables) of the system and quantify the
effects of unmeasured covariates on the outcome of interest(1).
Models for Clinical Decision Support
Clinicians are responsible for the timely diagnosis and treatment of their patients’
medical needs. When a patient appears in a doctor’s office or outpatient clinic with
symptoms, the provider must accurately record those signs and symptoms in the
medical record and make differential diagnoses, or “best guesses” as to the underlying
cause of the illness. The provider then begins treatment based on the suspected illness,
while he or she waits for a confirmatory diagnosis via tests such as enzyme-linked
immunoabsorbent assays (ELISAs) or polymerase chain reaction (PCR).
Common risk factors, which have been identified by epidemiological and
biostatistical models, are frequently used by clinicians during differential diagnosis, and
can advise the provider on what confirmatory diagnostic tests to order. Precision
medicine, or medical care that utilizes a patient’s genetic or molecular profile to design
optimal treatment regimens, is gaining traction. While these two areas are important in
the clinical decision-making process, the former is subjected to the ecological fallacy,
while the latter is expensive and time consuming, which makes it impractical in an
outpatient scenario.
In many circumstances, multiple pathogens can have overlapping symptoms,
which can lead to incorrect differential diagnoses and thus inappropriate treatment.
Depending on the pathogen of interest, these tests can take hours or even days if sent
off to a laboratory, and they may or may not arrive at a conclusive result. In some
circumstances, providing incorrect treatment from the onset may result in disease
progression, or possibly unintended side effects from the incorrect treatment. Predictive
15

models that combine demographic with clinical and laboratory data have been used to
alert medical providers of possible clinical complications and progression of chronic
kidney disease(4), mortality from heart failure(5), diagnosing influenza infection(6), and
more. The results from these types of studies can provide clinicians and epidemiologists
with tools to improve diagnosis and treatment for individual patients, and improve
surveillance and estimates of disease burden at the population level.
Models for Public Health Decision Support
Epidemiological models can provide a variety of information that can be used to
inform public health policy during epidemics. For example, models can assist decision
makers in estimating the number of people that will be infected in the next week, the
timing of an epidemic peak, the maximum peak size, and the cumulative incidence.
Models can be used to estimate the effects of interventions both on short-term disease
outcomes (e.g. incidence) and longer-term dynamics (e.g. endemicity). However, there
are a number of issues at the interface of modeling and public health practice that must
be addressed in order to ensure the effective utilization of models in guiding public
health decisions(7).
All models have underlying assumptions that must be effectively communicated
to policymakers because they directly influence projections and other estimates that the
models produce(7). For example, data from experimental animal models are frequently
used to assume individual trajectories and time-course of infections in mathematical
models. These values are then used to parameterize population-level models, which
tend to assume that humans and the animal in question experience the same
underlying susceptibility to disease, the same immunological response kinetics, and that
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key components of transmission (i.e. duration of infectiousness and generation
intervals) are the same(8).
Whereas mathematical models can be purely mechanistic and based not on data
but on assumptions of the biological and social phenomena responsible for disease
transmission, statistical models are fit to data generated in the real world by an
imperfectly understood observation or generating process. This could mean that
assumptions from the statistical model may be violated. Furthermore, the data collected
are often incomplete in that observations are missing (either at random or
systematically) or important variables on the true causal pathway are not properly
captured (either due to difficulties or cost in the data collection process, or because
elements on the causal pathway have not been discovered yet). As a result, the models
could produce error-prone estimates or entirely spurious associations between an
intervention and the outcome of interest, which could translate into suboptimal
interventions or policies. Communicating these assumptions and the proper
interpretation of model estimates with policymakers is vital to ensuring that the science
behind evidence-based policies is clear.
Public health responses to outbreaks are reactionary and need to have
immediate effects, but are also desired to have long-term impacts. The uncertainty in
model projections increases with the forecasting window, even if all of the underlying
model assumptions are appropriate. The initial conditions (parameterization) of the
model often are no longer accurate on longer time scales(7). In fact, public health
responses can be a cause of this infidelity in prediction, since policies and interventions
can change behavior that can result in decreased transmission, and the effectiveness of
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interventions is proportional to its acceptability and utilization in the population. For
example, during the West African Ebola outbreak, as more Ebola Treatment Units
opened up and contact tracing and surveillance improved, cases were discovered
earlier on and moved to appropriate medical facilities which resulted in fewer hospitalacquired cases(9). Additionally, an intervention for safe burial practices for deceased
Ebola virus disease patients resulted in a decrease in transmission, but uptake of the
intervention was first met with resistance from community members. Epidemiological
models showed that the timing, pervasiveness and effectiveness of these interventions
could have had variable impacts on the Ebola outbreak trajectory(9).
In practice, multiple, competing models that make various underlying
assumptions are used and then formally compared in order to select the one that
performed the best.
Model Validation, Comparison and Selection
In order to contextualize and interpret estimates of the effects of covariates on
the outcome of interest, it is important to assess the validity of the statistical model that
generates those estimates. A model that suggests use of an intervention is associated
with a 200 percent reduction in mortality from a disease has positive implications. But, if
that model can only explain a very small fraction of the variance in the data, or if the
model has poor sensitivity and specificity, then researchers and policymakers should be
cautious in making inferences from the results. Models should be tested for internal
validity, and then compared against competing models in order to ensure that proper
inferences are made. In this section, we review three ways to internally validate models,
and then discuss ways to compare and select from competing models.
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Perhaps the most common way to quantify the internal validity of a model is to
split the data into training and testing sets. The training set is a randomly selected
subset of the original data, and is used to build the model, while the test set consists of
the remaining observations from the original data. The model is then used to predict the
outcome of interest for the observations in the testing set based on their covariates’
values(10). The percent of times that the model correctly discriminates between
observations with and without the outcome of interest are referred to as the sensitivity
and specificity, respectively. There is often a tradeoff between sensitivity and specificity
in model performance. This procedure can be repeated many times and then the
metrics for model performance can be averaged over all runs.
Another way to validate a model is to create a test dataset by sampling
observations with replacement (bootstrapping) from the original data so that the test set
has, on average, the same properties as the complete, original dataset. The model is
then trained on the bootstrapped sample and tested on the observations not selected by
the bootstrap procedure(11,12). This procedure can similarly be repeated many times,
and performance metrics can be averaged over all runs.
A third model validation technique is k-fold cross-validation. In this approach, the
original dataset is partitioned into k folds or segments. The model is then trained on k-1
folds and tested on the kth. The training and testing then is repeated k times until each
fold is the test set. Prediction statistics are calculated for each test fold, and then
averaged over in order to estimate the overall performance of the model(13,14).
Many different methods are used to select the best model from a set of
competing models. First is the principle of parsimony. In situations where multiple
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models fit the data similarly well based on the prediction statistics generated by
validation, the simplest model is usually considered the best. “Simple” in this case refers
to the number of parameters that are estimated by the model, or the model structure
itself. For example, if a linear model fits the data as well as a polynomial-based model,
the linear model should be selected for ease in interpretation. Comparing models’
likelihoods, which can be thought of as the probability of a model given the data, is one
way to compare two competing models. As a rule of thumb, the model with the
maximum likelihood (or minimal negative log likelihood) should be selected. A formal
test to compare models is the likelihood ratio test, which utilizes the likelihood functions
of the respective models, and includes a penalty term that is a function of the number of
parameters or the number of observations used in the models(15). Another formal test
to select between competing models is to perform a Student’s t-test with adjusted
degrees of freedom(16). In this approach, performance metrics (e.g. mean absolute
error or mean squared error) from multiple validation runs are averaged within each
model and then formally tested across models in a difference of means framework.
Overview of the Dissertation
This dissertation consists of four additional chapters. Chapter 2 fits regression
and machine learning models to clinical and demographic data from febrile school-aged
children in Haiti to predict which, if any, arbovirus they are infected by. It also examines
symptom clusters in relation to diagnostic outcomes to characterize the spectrum of
clinical illness associated with the respective infections. The results of this study can be
used to assist clinicians in differentially diagnosing patients during co-incident epidemics
of multiple arboviruses. This work was completed in collaboration with Valery Madsen
Beau de Rochars, Maha A. El Badry, Taina Telisma, Sarah K. White, Sonese
20

Chavannes, Marie Gina Anilis, John Lednicky, J. Glenn Morris, Derek A.T. Cummings,
Eben Kenah, Xinguang Chen, Mattia Prosperi and Yang Yang.
Chapter 3 examines within-season epidemiology of respiratory viruses in a
cohort of school children from Alleghany County, PA. Specifically, it utilizes Cox
proportional hazards models to estimate the effects of prior infection with specific
respiratory viruses on the hazard of infection with other viruses during the same
respiratory disease season. The results of this study can be used for improved
surveillance during respiratory disease season in order to prevent severe clinical
disease. This work was completed in collaboration with the SMART Schools Study
investigators and study staff, including but not limited to Shanta Zimmer, Jonathan
Read, Charles Vukotich, Mary Lou Schweizer, Kyra Grantz, and Derek A.T. Cummings.
Chapter 4 utilizes regression and machine learning methods to estimate the
predictive ability and effectiveness of an antibiotic prophylaxis shot on the burden of allcause acute respiratory disease in military recruits. The results of this study can be
used to help Army Medicine to ensure the medical readiness of the US Army and thus
contribute to biosecurity. This work was completed with Alfonza Brown at Army Public
Health Center, Caitlin Rivers and Johns Hopkins University Center for Health Security,
as well as Derek A.T. Cummings, Xinguang Chen, Mattia Prosperi, Eben Kenah and
Yang Yang at the University of Florida.
The dissertation ends with a Conclusion chapter that summarizes the results of
each of the studies, discusses the public health impact of the work, and provides
insights into possible future directions.
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CHAPTER 2
ALGORITHMS TO PREDICT ARBOVIRAL INFECTIONS USING CLINICAL AND
DEMOGRAPHIC INFORMATION DURING CO-INCIDENT OUTBREAKS OF DENGUE,
CHIKUNGUNYA AND ZIKA
Background
The past few decades have been characterized by the emergence and
geographic expansion of arboviruses, including dengue viruses (DENV), chikungunya
virus (CHIKV)(17), and more recently, Zika virus (ZIKV) (18). DENV is the most
prevalent arbovirus globally, and has four serotypes (DENV-1, -2, -3 and -4). Infection
with one serotype of DENV provides lifelong immunity against reinfection with that
serotype. The first infection with DENV is usually subclinical or mild, but severe clinical
complications including dengue shock syndrome can develop during subsequent with
different serotypes. DENV is hyperendemic throughout the Americas, including in Haiti,
meaning that multiple serotypes are co-circulating in the population. CHIKV arrived in
Haiti in 2014 with a major outbreak (19), while ZIKV arrived one year later in 2015(20).
Serological evidence and surveillance data suggest that there are concurrent outbreaks
of these three pathogens in Haiti and other American countries (21,22).
All three pathogens are associated with similar symptoms during acute
infection(23), which poses a problem for differential diagnosis and thus care for patients,
as well as for public health surveillance(24). Many afflicted areas are resource-limited
and are unable to perform diagnostic testing within an actionable time period for all
patients who present with symptoms associated with arboviral infections, or are unable
to perform diagnostic tests altogether. In such circumstances, data on demographic and
clinical factors may provide additional information for differential diagnosis, treatment
options and monitoring programs for possible complications. Furthermore, if a clinician
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misdiagnoses and treats a febrile patient as infected with CHIKV, but who actually has
DENV, then this could increase the chances of the patient developing hemorrhagic or
other DENV clinical complications(25,26). Thus, it is important for clinicians to be able to
distinguish between suspected arboviral infections at point of care, without having to
wait for confirmatory lab results.
Braga and colleagues evaluated multiple possible case definitions for ZIKV and
developed their own predictive model to diagnose ZIKV in concurrent ZIKV-CHIKVDENV epidemics(27). Their model creates a weighted symptom score that uses the
presence of a maculopapular rash, a low-grade fever, itching and conjunctival
hyperemia, and the absence of anorexia and petechiae to predict ZIKV infection. While
beneficial in the diagnosis of ZIKV, their model was not built to differentiate between
CHIKV and DENV infections among those that tested negative for ZIKV. Here, we
utilized both regression and machine-learning techniques to test the hypothesis that
clinical symptoms, along with patient demographic characteristics, can be used to
predict and distinguish between PCR-confirmed arboviral infections in a cohort of
children in Haiti.
Materials and Methods
Data
Data from this study come from a cohort of children and affiliates of that cohort,
which is part of a clinical surveillance system established by the University of Florida
near Gressier, Haiti. Details of the cohort, including participant recruitment and clinical
data collection have been reported elsewhere (28). A total of 268 school children who
presented to the Christianville School clinic in the Gressier region of Haiti and reported
experiencing a fever prior to the clinic visit from May 2014 to February 2015 had whole
23

blood samples drawn, which were then tested for DENV 1-4, CHIKV and ZIKV via
reverse transcriptase polymerase chain reaction (rt-PCR).
The Haitian National Institutional Review Board and the Institutional Review
Board at the University of Florida approved all study protocols. Written informed consent
and assent was obtained from the children and their parents or guardians, respectively.
Analysis
Data cleaning and analysis were carried out in R version 3.2.1 (R Core Team
2014). Descriptive statistics and univariate tests were computed for the study
population’s demographic characteristics and presentation of clinical symptoms by
infection status.
Forward and backwards stepwise logistic regression models were employed for
each pathogen-specific outcome in order to narrow down the list of candidate predictors
for use in the three modeling approaches, including logistic regression, classification
trees and random forests. The final model was selected when adding or removing
additional variables would not lower the Akaike’s Information Criterion (AIC). Only the
selected variables that provided information (i.e. had non-zero, non-infinity point
estimates and associated confidence intervals) were included in subsequent analysis.
Classification trees and random forest models were employed using the rpart(29)
and randomForest(30) packages, respectively to classify individuals into those having a
virologically confirmed infection of each virus using clinical and demographic data.
Random forests are ensembles of classification trees. Classification trees are
hierarchical partitions of the bootstrapped sample data, based on random subsets of
covariates; this allows for the identification of the most highly discriminative variables in
the covariate set (31). Bootstrapped samples of the data are used to build and train the
24

random forest model, while the remaining observations act as an out-of-sample
validation set to evaluate the model’s prediction accuracy. Each tree “votes” on a
classification for each observation, and the forest chooses the classification that has the
most votes over all trees (31–33). In order to minimize bias in selecting variables to split
on, each level of categorical variables selected from the stepwise regression were fed
into the decision tree and random forest models as binary variables(34).
A total of five random forest models of 5,000 classification trees were employed
where all covariates from the stepwise regression were tried at each split on the full
data set. The first four models predicted PCR-confirmed infection with each DENV-1,
DENV-4, CHIKV and ZIKV. The fifth model used any PCR-confirmed DENV infection
(DENV-1 or DENV-4) as the outcome. Variable importance was measured by
calculating the percent increase in mean squared error (MSE) for the model
performance if that variable were to be removed from the model.
A threshold analysis was then employed whereby the probability threshold for
classification of cases was lowered from 50% to 9% in order to improve the likelihood of
positive classification of cases, and thus the predictive performance of the models. At
times, it is more pertinent for public health surveillance and clinical practice to sacrifice
specificity for higher sensitivity.
Then, models were validated by training them on a randomly selected 66% of the
data set, and then validated against the remaining 34% using the forecast package (35).
This procedure was repeated 100 times for each pathogen, so that each type of model
for the same pathogen was trained and tested on the same data sets. Receiver
operating curves (ROC) were generated for the average of the 100 replicates for each
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model type for each pathogen outcome. Predictive statistics including area under the
receiver operating curve (AUROC), sensitivity and specificity were generated.
Lastly, K-means clustering with K=2 through K=7 was applied to the data, in
order to better observe how clinical symptoms cluster with the presence and absence of
each different pathogen. The variables included were binary, so that centroid values
closer to 1 indicate that individuals who were classified into that cluster, more often than
not had that symptom.
Results
Study Sample Characteristics
Population demographic characteristics by infection status are presented in
Table 2-1. DENV subtypes 2 and 3 were not identified in the samples by rt-PCR. The
mean age of the population was 7.8 years old (SD = 4.5 years). 54% of the 26 patients
infected with DENV-1 were between 5 and 9 years old, while approximately 15% were
under 5 years of age. 54% of the DENV-1 patients were male, and 80% were from the
Lassalle school. Nearly 39% of these patients were in primary school, compared to 35%
in kindergarten and 14% in secondary school.
Of the 35 DENV-4 patients, 46% were male, with 34% and 31% in the 0-4 years
and 5-9 years age categories, respectively. 66% and 26% of these patients were from
Lassalle and Tiboukan schools, respectively. Kindergarteners represented 40% of the
DENV-4 patient population, compared to 31% in primary school and 26% in secondary
school.
Among the 82 CHIKV patients, 48% were male and 15% were under five years
old. 44% were aged 5-9 years, while 28% and 13% were aged 10-14 and 15+ years,
respectively. 86% of CHIK patients were from Lassalle, while 11% were from Tiboukan
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schools. 25% were in kindergarten, compared to over 50% in primary school and 23%
in secondary school.
50% of the eight ZIKV-positive patients were male, with 38% of patients under 5
years, and another 38% between 5 and 9 years old. 75% of the patients came from the
Lassalle schools, while the remaining 25% came from Tiboukan. 50% of the patients
were in kindergarten, while 25% were each in primary and secondary schools.
Clinical Symptoms by Pathogen
The proportion of positive cases of each pathogen with specific symptoms is
presented in Table 2-2. Of note, 65% and 59% of the patients who tested positive for
CHIKV reported experiencing arthralgia and myalgia, respectively. Three (37.5%) of the
eight ZIKV cases reported experiencing arthralgia compared to four (14.3%) DENV-1
patients and zero DENV-4 patients. CHIKV patients experienced higher rates of various
types of pain compared to patients infected with the other pathogens. The one
departure from this trend was abdomen pain where 32% and 40% of the DENV-1 and
DENV-4 patients experienced abdomen pain, respectively, compared to 24% and 25%
of the CHIKV and ZIKV patients in the cohort.
Multivariate Regression Results
Table 2-3 shows the results from the multivariate stepwise logistic regression.
The blacked out cells indicate variables that were not selected in the final model. Of
note, no one variable was included in every model, and sex and school were not
included in any model. Increased age was significantly associated with odds of DENV-1
infection, with individuals aged 15 years and older having 5.5 times increased odds of
PCR-confirmed infection compared to individuals aged 0-4 years old (95%CI: 1.13,
27.05), after controlling for all other covariates. Oppositely, individuals aged 15 years
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and older had significantly lower odds of DENV-4 infection compared to 0-4 year olds
(OR=0.05, 95%CI: 0.002, 0.59). Age was not significantly associated with odds of ZIKV
infection, and it was not selected for inclusion in the any-DENV model or the CHIKV
model.
Grade was significantly associated with CHIKV infection and DENV-4 infection,
with secondary school students having a 4.41 (95%CI: 1.55, 12.76) and 20.54 (95%CI:
2.74, 195.55) times higher odds of infection compared to kindergarteners, respectively.
Headache was a significant risk factor for any-DENV (OR=2.38, 95%CI: 1.24, 4.55), but
protective against CHIKV (OR=0.40, 95%CI: 0.15, 0.96). Oppositely, arthralgia was
significantly protective against any-DENV (OR=0.30, 95%CI: 0.06, 0.99), but a
significant risk factor for CHIKV (OR=21.59, 95%CI: 6.76, 87.19).
The variables selected from the stepwise regression were then used in decision
tree and random forest models for all of the pathogens on the full data set. Of note, all
random forest models had 0% sensitivity except for the CHIKV random forest, which
had 65% sensitivity and 94% specificity (data not shown). Variable importance
measures were extracted from the random forest models, and are presented in Table 24. Arthralgia was the most important symptom in the CHIKV random forest, with an
associated mean percent increase in mean squared error of 140.5%, followed by
inferior member pain which was associated with 48.7% increase in MSE.
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Table 2-1. Demographics by pathogen
Variable

DENV-1
(N=26)

DENV-4
(N=35)

CHIKV
(N=82)

ZIKV
(N=8)

Overall
Population
(N=268)

14 (53.8%)
11 (42.3%)
1 (3.8%)

16 (45.7%)
19 (54.3%)
0 (0.0%)

39 (47.5%)
43 (52.4%)
0 (0.0%)

4 (50.0%)
4 (50.0%)
0 (0.0%)

136
128
4

4 (15.4%)
14 (53.8%)
3 (11.5%)
4 (15.4%)
1 (3.8%)

12 (34.3%)
11 (31.4%)
9 (25.7%)
3 (8.6%)
0 (0.0%)

12 (14.6%)
36 (43.9%)
23 (28.0%)
11 (13.4%)
0 (0.0%)

3 (37.5%)
3 (37.5%)
0 (0.0%)
2 (25.0%)
0 (0.0%)

82
102
54
26
4

21 (80.1%)
1 (3.8%)
3 (11.5%)
0 (0.0%)
1 (3.8%)

23 (65.7%)
0 (0.0%)
9 (25.7%)
2 (5.7%)
1 (2.9%)

71 (86.6%)
0 (0.0%)
9 (11.0%)
2 (2.4%)
0 (0.0%)

6 (75.0%)
0 (0.0%)
2 (25.0%)
0 (0.0%)
0 (0.0%)

181
13
49
13
2

9 (34.6%)
10 (38.5%)
4 (14.2%)
3 (11.5%)

14 (40.0%)
11 (31.4%)
9 (25.7%)
1 (2.9%)

21 (25.6%)
41 (50.0%)
20 (24.3%)
0 (0.0%)

4 (50.0%)
2 (25.0%)
2 (25.0%)
0 (0.0%)

105
95
41
31

Sex
Male
Female
Unknown
Age Group
0-4 yrs
5-9 yrs
10-14 yrs
15+ yrs
Unknown
School
Lassalle
Jean Jean
Tiboukan
Ticouzen
Unknown
Grade
Kinder
Primary
Secondary
Unknown

Note: pathogens treated independently, so those coinfected are counted twice
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Table 2-2. Prevalence of symptoms by pathogen
DENV-1
DENV-4
(N=26)
(N=35)
Temperature (Celsius)
38.2 (1.2)
37.5 (0.9)
(mean (sd))
Headache
9 (34.6%)
14 (40.0%)
Myalgia
6 (23.1%)
1 (2.9%)
Neck pain
1 (3.8%)
0 (0.0%)
Phalanges pain
1 (3.8%)
0 (0.0%)
Elbow pain
1 (3.8%)
0 (0.0%)
Wrist pain
1 (3.8%)
0 (0.0%)
Inferior member pain
3 (11.5%)
0 (0.0%)
Knee pain
1 (3.8%)
0 (0.0%)
Ankle pain
1 (3.8%)
0 (0.0%)
Abdomen pain
9 (34.6%)
17 (48.6%)
Arthralgia
4 (15.4%)
0 (0.0%)

CHIKV
(N=82)

ZIKV (N=8)

37.6 (1.0)

37.3 (0.9)

30 (36.6%)
48 (58.5%)
8 (9.8%)
3 (3.7%)
13 (15.9%)
23 (28.0%)
37 (45.5%)
27 (32.9%)
18 (22.0%)
20 (24.4%)
53 (64.6%)

2 (25.0%)
3 (37.5%)
1 (12.5%)
1 (12.5%)
2 (25.0%)
2 (25.0%)
3 (37.5%)
3 (37.5%)
1 (12.5%)
2 (25.0%)
3 (37.5%)

Note: Pathogens treated independently, so those co-infected are counted twice

All variables in the DENV-1 random forest were associated with decreases in
MSE, suggesting that these variables were not important predictors of DENV-1
infection. Attending secondary school and being aged 15 and older were the two most
important variables in the DENV-4 model with 36.2% and 31.3% increases in MSE,
respectively. The any-DENV model only included two variables, both of which had
relatively low importance scores; headache was associated with a 7.6% increase in
MSE, while arthralgia was associated with an 11.2% increase in MSE.
Temperature was associated with an 11.7% increase in MSE in the ZIKV model,
and represented the most important predictor, followed by phalanges pain (6.5%
increase MSE).
CHIKV Predictive Models
A 0.5 threshold was used for the models of RT-PCR-confirmed CHIKV infection.
The ROC curves for the three different CHIKV models are shown in Figure 2-1, and the
average sensitivity, specificity and AUROC are reported in Table 2-5. The logistic
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regression model had the exact same sensitivity as the random forest model, and its
specificity was only 1% lower. The sensitivity for the decision tree model was a full 10%
lower than those for the logistic regression and random forest models. The AUCs for the
logistic regression, classification tree and random forest models were 0.86, 0.82 and
0.86 respectively for this outcome.
DENV-1 Predictive Models
A threshold of 0.09 was used for the models of RT-PCR-confirmed DENV-1
infection. The decision tree model was unable to distinguish between positive and
negative infection status. The logistic regression model performed with 71% sensitivity
(SD=0.06), 36% specificity (SD=0.05), and had an AUROC of 68% (SD=0.08). In
comparison, the random forest model only performed with 59% sensitivity (SD=0.09),
and 54% specificity (SD=0.02) with an AUROC of 64% (SD=0.10)%. The ROC curves
for DENV-1 are shown in Figure 2-2, and the summary results for DENV-1 prediction
metrics are presented in Table 2-6.
DENV-4 Predictive Models
Similar to the DENV-1 model, the DENV-4 models used a threshold of 0.09 in
order to classify cases, and the decision tree model was unable to correctly classify any
cases. The logistic regression DENV-4 model performed with 70% sensitivity
(SD=0.06), and 44% specificity (SD=0.05), with an AUROC of 0.70 (SD=0.06). The
random forest model performed marginally worse, with 68% sensitivity (SD=0.06), 48%
specificity (SD=0.03), and an AUROC of 0.68 (SD=0.06) (Figure 2-3 and Table 2-7).
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Table 2-3. Multivariate stepwise logistic regression for each outcome on full dataset
CHIKV
DENV-1
DENV-4
Any-DENV
Variable
OR 95% CI
OR 95% CI
OR
95% CI
OR 95% CI OR
Age
0-4 yrs
REF REF
REF REF
REF
5-9 yrs
3.58 (1.18, 13.42) 0.58 (0.12, 2.17)
0.85
10-14 yrs
1.16 (0.21, 5.61)
0.34 (0.04, 2.00)
15+ yrs
5.49 (1.13, 27.05) 0.05 (0.003, 0.59)
3.2
School
Lassalle
Jean Jean
Tiboukan
Ticouzen
Unknown School
Grade
Kinder REF REF
REF REF
Primary 2.05 (0.88, 4.79)
2.65 (0.65, 14.07)
Secondary 4.41 (1.55, 12.76)
20.54 (2.74, 194.55)
Unknown Grade
0.42 (0.02, 2.69)
Sex
Male
Female
Unknown Sex
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ZIKV
95% CI
REF
(0.11, 7.27)
(0.34, 30.98)

Table 2-3. Continued
Variable
Clinical

OR
headache

0.4

CHIKV
95% CI

DENV-1
OR
95% CI

DENV-4
OR
95% CI

(0.15,
0.96)

Any-DENV
OR
95% CI

2.38

ZIKV
OR
95% CI

(1.24,
4.55)

myalgia
neck pain
phalanges pain

0.04

(0.00,
0.58)

7.43

(0.74,
110.86)

0.13

(0.01,
1.25)

INF

(0, INF)

INF

knee pain
elbow pain

0
0

(0, INF)
(0, INF)

INF

(0, INF)

abdominal pain
inferior member pain
arthralgia pain
temperature

1.82
4.09
21.59
0.63

(0.71,
24.80)
(6.76,
87.19)
(0.41,
0.94)

0
0

(0, INF)
(0, INF)

(1.14,
2.47)
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0.05

(0, 1.72)

INF

(0, INF)

10.97

(1.29,
79.05)

0.44

(0.15,
1.06)

(0.81,
4.22)

0.3
1.67

(0.49,
4084)

(0, INF)

ankle pain
wrist pain

35.58

(0.06,
0.99)

Table 2-4. Variable importance measures from random forest models on full data set
AnyCHIKV
DENV-1
DENV-4
DENV
ZIKV
% Inc
% Inc
% Inc
% Inc
% Inc
Variable
MSE
MSE
MSE
MSE
MSE
Age
0-4 yrs
-1.14
1.98
5-9 yrs
21.32
2.69
10-14 yrs
4.68
8.5
15+ yrs
31.27
-4.73
School
Lassalle
Jean Jean
Tiboukan
Ticouzen
Unknown School
Grade
Kinder
15.36
13.19
Primary
9.76
19.46
Secondary
12.52
36.22
Unknown Grade
40.43
17.5
Sex
Male
Female
Unknown Sex
Clinical
headache
0.15
7.63
myalgia
neck pain
0.12
phalanges pain
-25.34
-25
ankle pain
6.51
wrist pain
40.38
-9.21
knee pain
-20.3
elbow pain
7.11
-20.38
abdominal pain
-4.39
inferior member pain
48.65
4.92
arthralgia pain
140.48
23.65
11.18
temperature
35.46
-5.6
11.74
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Figure 2-1. ROC Curve for CHIKV Outcome with 0.50 Threshold

Table 2-5. Mean and Standard Deviation of Sensitivity, Specificity and AUROC in
Validation for CHIKV Models with 0.50 Threshold
CHIKV Models
Model, Mean (SD)
Sensitivity Specificity AUROC
0.72
0.62
0.86
Logistic Regression (0.04)
(0.03)
(0.04)
0.62
0.63
0.82
Decision Tree
(0.07)
(0.05)
(0.05)
0.72
0.63
0.86
Random Forest
(0.04)
(0.02)
(0.04)
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Figure 2-2. ROC Curves for DENV-1 Outcome with 0.09 Threshold

Table 2-6. Mean and Standard Deviation of Sensitivity, Specificity and AUROC in
Validation for DENV-1 Models with 0.09 Threshold
Model, Mean (SD)
Logistic
Regression
Decision Tree
Random Forest

DENV-1 Models
Sensitivity Specificity AUROC
0.71
0.36
0.68
(0.06)
(0.05)
(0.08)
NA
NA
NA
0.59
0.54
0.64
(0.09)
(0.02)
(0.10)
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Figure 2-3. ROC Curves for DENV-4 Outcome with 0.09 Threshold

Table 2-7. Mean and standard deviation of sensitivity, specificity and AUROC in
validation for DENV-4 models with 0.09 threshold
DENV-4 Models
Model, Mean (SD) Sensitivity Specificity AUROC
Logistic
0.70
0.44
0.70
Regression
(0.06)
(0.05)
(0.06)
Decision Tree
NA
NA
NA
0.68
0.48
0.68
Random Forest
(0.06)
(0.03)
(0.06)

Results from the k-means cluster analysis for all symptoms with k=6 are shown in
Figure 2-4, and the cluster assignments by participant infection status are presented in
Table 2-8. Each colored line represents a cluster, with the Y-axis representing the mean
value of the symptoms among participants grouped in that cluster. The black cluster
(cluster 1) has all symptoms except phalanges pain, but nearly 100% of study
participants in this cluster exhibited arthralgia, myalgia, headache, ankle pain and
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inferior member pain (Figure 2-4). All 10 patients in cluster 1 tested positive for CHIKV
(Table 2-8), though that only represents approximately 1/8 of all CHIKV cases. 20
additional CHIKV cases were put into the red cluster (cluster 2), along with five “no
infection” patients and three DENV-1 cases. Myalgia and arthralgia were prevalent in
cluster 2 (~80% each), but to a lesser extent than cluster 1, and approximately one fifth
of patients in cluster 2 experienced inferior member pain and abdominal pain.
Clusters 3, 4 and 6 contained a few patients from multiple disease outcome
categories, with none dominating the cluster. The purple cluster (cluster 5), however,
was made up of 106 “no infections”, which is 40% of the total study sample, plus 27
DENV-4 cases, 23 CHIKV cases and at least one in the remaining disease outcome
categories. This cluster was characterized by nearly all of the cluster members
experiencing each headaches and abdominal pain, and almost entirely absent of every
other symptom.

Table 2-8. Pathogen outcome by cluster from k-means clustering of symptoms with k=6
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
(black)
(red)
(blue)
(green)
(purple)
(orange)
No Infection

0

5

3

2

106

7

ZIKV- Only
CHIKV- Only
CHIKV-ZIKV
Coinfection
DENV-4- Only
DENV-4-ZIKV
Coinfection
DENV-1-Only

0
10

0
20

0
8

0
12

2
23

0
4

0

0

1

2

2

0

0

0

0

0

27

7

0

0

0

0

1

0

0

3

1

1

17

4
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Figure 2-4. k-means clustering of symptoms shown by patients, with k=6
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Discussion
The correct diagnosis of CHIKV and other arboviruses are vital to ensuring
patient safety and proper medical follow-up. In particular, it is important to distinguish
between CHIKV and other arboviruses, because treatment of a DENV patient with the
pain killer used to treat CHIKV could result in severe clinical complications(26). In this
study, we fit and validated regression and machine learning models to clinical symptom
and demographic data to predict PCR-confirmed arboviral infections among 262 unique
febrile school children in Haiti. We further examined how patients with the various
arboviral infection outcomes clustered based on their clinical symptoms.
Stepwise Regression for Variable Selection
In order to build parsimonious predictive models, we used forward and
backwards stepwise logistic regression, and selected the final covariates to include
based on AIC. Sex and school were not selected for inclusion in any of the models. This
school-related result is in contrast to prior studies that have found vector-borne
diseases to cluster in relatively small spatial scales(36–39). This finding could be due to
the small sample size of the data, as well as how the data were aggregated at the end
of the season.
Arthralgia and attending secondary school were the two statistically significant
risk factors for CHIKV infection with ORs of 21.6 and 4.4, respectively. Arthralgia is a
well-established clinical sign of CHIKV infection(24,40). Additional common clinical
sequelae of CHIKV infection include joint pains such as in the elbows, wrists, knees and
fingers(40), though none of these were found to be significant associated with the odds
of CHIKV infection in this study.

40

Interestingly, age was significantly associated with increased odds of DENV-1
infection, but decreased odds of DENV-4 infection. Students aged 15 years and older
had a 5.5 times increased risk of DENV-1 infection compared to students aged 0-4
years, while the same age category exhibited a 95% decreased odds of DENV-4
compared to the same reference group. Primary infection with one strain of DENV is
typically subclinical or asymptomatic and provides lifelong immunity against that
serotype. However, subsequent infection by a second serotype has been associated
with increased risk of developing severe dengue disease(41). Older individuals are
likely to have had multiple DENV infections, and thus an increased chance of severe
clinical illness resulting in health-seeking behavior. The DENV-4 finding is in contrast to
this, but may be the result of the relatively small sample size (N=35).
In the any-DENV stepwise regression model, headache was found to be a
significant risk factor (OR=2.38), while arthralgia was a borderline significant protective
factor (OR=0.30) for infection. Severe headache is a known risk factor for DENV
infection, while arthralgia is less common(24,42).
Full Scope Modeling of CHIKV, DENV-1 and DENV-4 To Aid Differential Diagnosis
The CHIKV models were able to accurately predict RT-PCR-confirmed infection
with 72% sensitivity and 63% specificity at 0.5 thresholds. Arthralgia proved to be the
most important predictor of PCR-confirmed CHIKV infection, with a 140.5% increase in
MSE. Inferior member pain and wrist pain were associated with 48.7% and 40.4%
increase in MSE, respectively, which are consistent with established clinical signs of
CHIKV(40).
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Performance of the Predictive Models for CHIKV
The logistic regression, decision tree and random forest model for the CHIKV,
DENV-1 and DENV-4 outcomes were then trained on 100 samples of 66% of the
original data set and validated against the remaining 34%. Interestingly, the logistic
regression model performed on par with, or better than the random forest model for all
three pathogen outcomes. For CHIKV, both models had an average 72% sensitivity,
and specificity in the low 60%. Furthermore, the logistic regression models employed on
the DENV-1 and DENV-4 outcomes with a 0.09 probability threshold out-performed the
random forest models by 4% and 2%, for DENV-1 and DENV-4, respectively. This
suggests that non-linear “black box” models may not be needed to adequately predict
arbovirus infection status from clinical symptoms.
By further examining the association between clinical symptoms and disease
status through kmeans clustering, we found that CHIKV cases were spread out across
the six clusters, but that it specifically dominated clusters 1 (black) and 2 (red). The
black cluster contained patients that experienced high rates of myalgia, arthralgia,
inferior member pain, ankle pain and headache, and none of who had phalanges pain.
The red cluster had high rates of arthralgia and myalgia (approximately 80%), with
relatively low rates of abdominal pain, headache and inferior member pain. These two
clusters could represent a more-severe and less-severe clinical presentation of CHIKV
infection, respectively. The purple cluster (cluster 5) contained over 40% of all
observations and was dominated by patients classified as “no infections”. This cluster
experienced very high rates of abdominal pain and headaches, in the absence of almost
every other symptom. It is possible that this result could reflect that those febrile
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patients had a gastrointestinal illness or were infected by another pathogen that was not
tested here.
It is very important to be able to distinguish between CHIKV infections and nonCHIKV infections, since the pain relief drug of choice for CHIKV, if given to a patient
with DENV, could result in an increased likelihood of hemorrhagic symptoms(25). We
were similarly able to successfully predict DENV-1 and DENV-4 infection, which could
further improve accuracy of differential diagnoses and prescribing of proper pain relief
drugs. DENV infection could result in potentially life-threatening clinical illness such as
dengue shock syndrome. DENV patients should be carefully monitored on the short
term in order to prevent severe outcomes and mortality. CHIKV and ZIKV patients need
longer-term follow-up for chronic sequelae such as arthritis for CHIKV and GuillainBarre syndrome for ZIKV. Women of childbearing age should in also be monitored due
to the association between ZIKV infected-pregnant women and microcephaly in their
offspring.
Limitations
This study is subject to a number of limitations. First, the data used in this study
come from 268 school-aged children in the Gressier region of Haiti. Care should be
used when generalizing the results to other areas. Second, data used in this analysis
were collected through a syndromic surveillance program whereby febrile children who
presented to a clinic had blood drawn and tested for arboviral infections. The probability
of case detection was, in part, dependent on the prevalence, transmission rate and
within-host replication rate of each of the arboviruses. Additionally, the potential crossreactivity of the PCR assays could have resulted in misclassification or false positives.
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Furthermore, the clinical symptom data used in this analysis were not collected in
a questionnaire format. Rather, upon presenting to the clinic, whichever symptoms
patients volunteered were recorded by the attending clinician. Thus, it is possible that
less severe or (perceived severe) symptoms were not provided by the patient and thus
incorrectly marked as “absent” in the medical records. Additionally, known clinical signs
and symptoms of CHIKV, ZIKV, and DENV were not collected.
Due to the relatively small sample sizes, full-scale modeling analysis could not be
conducted for ZIKV and DENV. Last, the data are from one region of Haiti. Thus, care
should be taken when generalizing these findings to other age groups, and to other
areas affected by coincident epidemics of CHIKV, DENV and ZIKV. This study should
be repeated using additional seasons of data, from geographically diverse areas and in
both child and adult populations.
Despite these limitations, this study was able to distinguish between individuals
with and without each CHIKV, DENV-1 and DENV-4 infections, suggesting that there
may be clinical signatures unique enough to these pathogens, and that predictive
models could be useful in aiding clinicians in differential diagnosis of arboviruses among
patients with acute febrile illness. However, there is still a marked need for improved
field diagnostic capacity such as rapid diagnostic tests, particularly in rural and
underserved contexts.
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CHAPTER 3
ESTIMATING THE CONTRIBUTION OF PRIOR INFECTION WITH SPECIFIC
RESPIRATORY VIRUSES ON WITHIN-SEASON VIRAL INFECTION HAZARDS
Background
Pathogen abundance and co-circulation can depend on competitive or facilitative
interactions between pathogens. Competition between pathogens may be mediated by
immune responses in hosts(43). Immune-mediated interactions may also be facilitative,
where infection by one pathogen reduces immune responses that may fend off other
pathogens, thus reducing the hurdle for subsequent pathogens to mount a productive
infection. Pathogen-induced mortality can regulate the number of infectious hosts
(44,45). Pathogen-induced morbidity can also reduce interactions that can lead to
acquisition of new pathogens.
Immunological Mechanisms
The immune response kinetics is relevant to population-level transmission
dynamics due to its effect on the duration of infectiousness, the likelihood of seeking
care/treatment, the magnitude of infectiousness, and other key parameters used in
transmission models(46,47). The adaptive immune response can alter host
susceptibility to future infections from the same pathogen, as well as from antigenically
similar pathogens (cross-protection). Conversely, immune enhancement can occur, as
is the case with dengue virus, where infection with one serotype provides lifelong
immunity against that serotype, but subsequent infection from a different serotype can
result in more severe clinical disease(48). Furthermore, the adaptive immune response
can take a variable amount of time post-infection to develop. This acquired immunity
can both influence pathogen competition by decreasing the susceptibility of the host to
re-infection with the same or antigenically-similar pathogen, thus allowing antigenically45

different strains or other pathogens to more-successfully compete (44,49), as well as
influence the probability of case detection either through enhancement, or through
cross-protection.
In addition, the heightened innate immune response that follows seasonal
rhinovirus infection has been suggested to have a protective effect against infection for
a short period after recovery (refractory period)(50). This temporary immunity against
further infection may impact the success of other pathogens at infecting the host. A
better understanding of how specific infections influence risk of subsequent infection is
needed in order to improve surveillance efforts and interventions.
Respiratory Diseases
Many viral pathogens can cause respiratory illness including fever, cough, sore
throat runny or stuffy nose, myalgia (muscle aches), fatigue, and headache. Together,
this complex of symptoms is often termed influenza-like-illness (ILI). Viruses such as
influenza virus types A and B (Flu A and Flu B), respiratory syncytial virus types A and
B (RSVA and RSVB), human rhinoviruses (HRV), human coronaviruses (CoV), human
metapneumovirus (HMPV) and parainfluenza viruses (PIV) are associated with ILI(51).
Despite causing similar clinical illness, these viruses are genetically distinct. Flu
A and Flu B constitute two different genera of the Paramyxoviridae family and have
different evolutionary histories(52). While PIV is also a member of Paramyxoviridae, it is
in a separate genus from Flu A and Flu B, and its genome only codes for 6 proteins(53),
compared to the 11 in the Flu A and B genome(54). HRV is a member of the
Picornaviridae family, while HMPV and RSV (both A and B) are members of
Pneumoviridae and CoV is a member of Coronaviridae. One would expect more
antigenic similarity among viruses within the same genera and families (e.g. Flu A and
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Flu B), which could result in possible antibody-mediated cross-protection or in
enhancement. Conversely, there is more antigenic dissimilarity between viruses of
different families, which may be expected to only result in non-specific, waning immunity
during the refractory period following infection, and not result in antibody-mediated
cross-protection or enhancement. All of these viruses can exhibit overlapping
seasonality and thus may be co-circulating during respiratory disease season. As a
result, their ecologies may be intertwined due to complex host immune responses and
competition dynamics(55,56).
Not much is known about the within-season ecology and epidemiology of cocirculating respiratory viruses. One study showed that A/H3N2 infection was a
protective factor against subsequent infection by A/H1N1 during the same influenza
season(57). Ben Cowling and colleagues similarly found that infection by seasonal
influenza was protective against laboratory-confirmed pandemic A/H1N1 infection(58).
Additionally, a time series analysis showed that Flu A subtypes H3N2 and H1N1
produce cross-immunity against Flu B (59). Conversely, respiratory virus infections—in
particular influenza virus and RSV infections—have been shown to be associated with
secondary infections such as bacterial pneumonia, suggesting that pathogenesis from
the initial infection could increase susceptibility to infection with a second pathogen (60–
62).
The US Centers for Disease Control and Prevention (CDC) estimates that there
are between 9.2 and 35.6 million annual influenza infections in the United States
annually, resulting in between 140,000 and 710,000 annual hospitalizations, and
between 12,000 and 56,000 annual deaths(63). Additionally, a survey of 4,000
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households nationwide estimated the economic impact of non-influenza viral respiratory
infections to be approximately $40 billion per year(64). To improve the public health
response to the threat of respiratory diseases, forecasting challenges for influenza and
ILI have been developed by the US Centers for Disease Control and Prevention (CDC)
and other agencies in order with the goal of predicting the timing of the start of the
epidemic, the timing and magnitude of the epidemic peak, and the cumulative number
of cases. A better understanding of the relationship between within-season infection
history and infection risk for specific viruses could not only provide insight into targeted
surveillance strategies and interventions, but also has the potential to improve
forecasting efforts.
In this study, we describe the occurrence of respiratory illness and its etiology in
a cohort of school-aged children in Allegheny County, Pennsylvania, US. We fit survival
models to PCR-confirmed viral respiratory infections in order to quantify how prior ILI
events and prior infections with specific respiratory viruses influence the hazards of
infection for other respiratory viruses in the same respiratory disease season.
Materials and Methods
The data used in this analysis come from the Social Mixing and Respiratory
Transmission (SMART) Schools Study, which examined influenza-like-illness (ILI)associated absenteeism in nine schools, including grades K-12, from two school
districts between December 2012 and April 2013. Kindergarten had both half-day
students (KH) and full day students (K). 3,021 students in the two school districts were
included in an absenteeism-based ILI surveillance program unless they specifically
opted out. Further details on the surveillance system are described below.
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The analyses described below were performed first for “any swab”—that is, any
swab that was taken from an ILI case, regardless of PCR outcomes—and then for the
four virus infection outcomes with the most PCR-confirmed infections: Flu B, Flu A, HRV
and CoV.
Surveillance System
Surveillance began on December 16, 2012 for students in the BHE, BHHS, CECI and ME schools (a few days prior to the winter holiday break), and on January 3, 2013
in the BME, FSE, MK, SCE and WVE schools. For all schools, the end of the
surveillance period was defined as April 25, 2013.
When a child was absent from school, his or her parents were contacted to
ascertain if they met the case definition for ILI: fever of at least 37.8°C and either cough
or sore throat. If so, upon the child’s return to school, he or she assented to have a
nasal swab taken and was asked when they first experienced symptoms. A polymerase
chain reaction (PCR) multiplex assay was then used to characterize which virus or
viruses were the etiologic agent(s) associated with the ILI [eSensor XT-8 instrument
RVP-RUO panel (Luminex, Austin, TX)]. The PCR multiplex was capable of detecting
infection with 15 different respiratory viruses, including influenza virus A (“Flu A”),
influenza virus B (“Flu B”), parainfluenza virus (PIV), respiratory syncytial virus A (RSVA), respiratory syncytial virus B (RSV-B), human coronaviruses (HCOV), human
metapneumovirus (HMPV), adenoviruses (Adeno) and human rhinoviruses (HRV).
Data Setup
We conducted separate survival analyses for where detection of Flu B, Flu A,
HRV and CoV were the outcomes of interest. Time-varying covariates were used to
indicate previously having had a swab, and infection with viruses besides the pathogen
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that defined the outcome (defined as detection of a pathogen by PCR in a swab
obtained upon illness). The date the swab was taken was used to define the time that
these covariates changed status. All students started with time-varying covariate status
indicating no prior infection for all covariates. Start time for all students was the start of
the surveillance period. For students who did not have any PCR-confirmed infections,
the end of the surveillance period was denoted as the stop time and the student was
considered right censored. If a pathogen other than the one of interest was detected in
a student’s swab, the stop time was noted as the time the swab was taken, and a new
risk period began for that student with the time-varying covariate status updated. If the
pathogen of interest was detected in a patient’s swab, the stop time was noted as the
date the swab was taken.
When more than one pathogen was detected in a single swab, the event was
considered a true “tie”. That is, the time-varying covariate status for both pathogens
changed at the date of swab. If one of the co-detected pathogens was the outcome of
interest, no person-time with prior infection with the other co-detected pathogen was
counted.
The non-time-varying covariates attributed to each student were his/her selfreported gender, grade and school.
Analysis
The “any swab” models were done to examine the hazard of experiencing ILI and
providing a nasal swab given that the participant had a prior swab taken, regardless of
specific prior infections, and prior pathogen-specific ILI. The three infections with the
most cases that also had at least one “second swab” were chosen for further analysis in
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order to both maximize statistical power, and avoid potential bias in searching only for
positive interactions.
Incidence rate ratio estimates were calculated for prior infection with each
pathogen on each outcome by Equation 2-1.
IRR E = (Etvc=1 /Ttvc=1 )/(Etvc=0 /Ttvc=0 )

(2-1)

IRRE denotes the IRR estimate under an exponential waiting time assumption,
Etvc=1 and Ttvc=1 are the number of events and the sum of all person-time with timevarying covariate status equal to one regardless of infection outcome, respectively.
Similarly, Etvc=0 and Ttvc=0 are the number of events with time-varying covariate status
equal to zero and the sum of all person-time at risk of an event with time-varying
covariate status equal to zero, respectively. 95% confidence intervals (CIs) were
generated using the method described by Rothman et al (65).
Univariate Cox proportional hazards models were run using covariates including:
time-varying binary variables indicating having had a swab due to prior ILI regardless of
outcome, prior infection with each specific respiratory virus, gender, school and grade.
Multivariate mixed effects Cox models were then used with school and grade as random
effects terms, with gender and prior infection variables as fixed effects in order to
estimate hazard ratios (HRs) and 95% CIs for each outcome. School and grade were
treated as random effects because they were “nuisance” variables in regards to the goal
of the present study.
All data cleaning and analysis were performed in R using the survival (66) and
coxme (67) packages.
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Results
Pathogens
There were a total of 341 swabs taken over the course of the surveillance period.
266 students had at least one PCR-confirmed viral infection (Table 3-1). A total of 29
students had a second PCR-confirmed infection during the surveillance period, with 12
of those representing confirmed FluB infections.
Demographics
Study population demographics by PCR-confirmed infection status are presented
in Table 3-1. There were a total of 266 PCR-confirmed infections during the
surveillance period, with 151 (57%) of those infections occurring in males. Males
represented 56% of the total cohort.
41 (15.4%) confirmed respiratory infections occurred in each the BME and WVE
schools, and 32 (12.0%) occurred in the ME school. In contrast, BME, WVE, and ME
represented 10.7%, 8.0% and 7.7% of the total cohort, respectively.
70% of PCR-confirmed infections occurred in primary school children (grades 14). 51 (19.2%) PCR-confirmed infections were observed in each first and second grade
students, while first and second graders made up only 11.5% and 12.3% of the noninfected student population, respectively. Kindergarteners (KH and K) made up 8.7% of
the PCR infected students, but over 12% of the total cohort. Similarly, while fifth graders
made up 7.5% of the infected student population, they represented over 16% of the
cohort.
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Table 3-1. Demographics of Study Population By Infection Status at End of Surveillance
Period
One or More PCR-Positive Infection
All Cohort Members
(N=266)
(N=3021)
N (%)
N (%)
Gender
Male
151 (56.8%)
1572 (52.0%)
Female
115 (43.2%)
1449 (47.9%)
School
BHE
25 (9.4%)
310 (10.3%)
BHHS
12 (4.5%)
258 (8.5%)
BME
41 (15.4%)
302 (10.0%)
ME
32 (12.0%)
218 (7.2%)
CIS
30 (11.3%)
569 (18.8%)
SCE
40 (15.0%)
451 (14.9%)
FSE
24 (9.0%)
300 (9.9%)
MK
21 (7.9%)
387 (12.8%)
WVE
41 (15.4%)
226 (7.5%)
Grade
KG
1 (0.4%)
40 (1.3%)
K
22 (8.3%)
322 (10.7%)
1
51 (19.2%)
368 (12.2%)
2
51 (19.2%)
389 (12.8%)
3
43 (16.2%)
405 (13.4%)
4
41 (15.4%)
404 (13.4%)
5
20 (7.5%)
456 (15.1%)
6
19 (7.1%)
293 (9.7%)
7
3 (1.1%)
47 (1.6%)
8
3 (1.1%)
38 (1.3%)
9
5 (1.9%)
89 (2.9%)
10
3 (1.1%)
90 (3.0%)
11
4 (1.5%)
67 (2.2%)
12
0 (0.0%)
12 (0.4%)

The breakdown of pathogen detection by swab number is presented in Table 3-2.
Of the 341 unique infections, 127 (37%) of them were positive for Flu B. Of those, 12 of
the cases occurred on the second infection. Flu A made up 57 (17%) of the total PCRconfirmed infections, but all of them were the students’ first swabs. 61 (18%) of all PCRconfirmed infections were CoV, with 6 of them (10% of all CoV infections) occurring in a
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student’s second swab. Similarly, HRV made up 15% of all infections (52 positive
swabs), with 6 of them occurring in a student’s second swab.
Figures 3-1, 3-2, 3-3 and 3-4 are heat maps that show the daily number of swabs
that were positive for each type of pathogen by number of swab and co-detection
events.
Table 3-2. PCR-Confirmed Infection by Swab Number
Swab/Infection Number
Pathogen
First
Second
Flu A
57
0
Flu B
115
12
RSV A
22
2
RSV B
4
2
CoV
55
6
Adenovirus
6
0
HMPV
3
0
HRV
46
6
PIV
4
1
Total
312
29

Total Positive Swabs
57
127
24
6
61
6
3
52
5
341

Figure 3-1. Heat map of swab timing, order and co-detection status for Flu B
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Figure 3-2. Heat map of swab timing, order and co-detection status for Flu A

Figure 3-3. Heat map of swab timing, order and co-detection status for HRV
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Figure 3-4. Heat map of swab timing, order and co-detection status for CoV
IRRE and Univariate Hazard Estimates for Prior ILI, Prior Infections and
Demographic Variables
IRRE estimates from Equation 3-1 for the time-varying previous infection
covariates are presented in Table 3-3, along with univariate Cox regression results for
all covariates, for each of the outcomes of interest. There were no statistically significant
associations between gender and Flu B, Flu A, HRV or CoV infection from the
univariate Cox models. School and grade are not discussed below because they were
treated as random effects in the multivariate analysis, though HR estimates for these
covariates are present in Table 3-3.
Influenza B (Flu B) Outcome
Prior ILI was associated with a 4.3 times increased incidence of Flu B infection
(95% CI: 3.71, 4.90) from the IRRE estimation, and 2.3 (95% CI: 1.3, 4.1) times
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increased hazard of Flu B infection compared to those who did not have prior ILI from
the univariate Cox model.
Similarly, prior infection with Flu A was associated with a significantly increased
risk of Flu B infection in both the IRRE estimate (IRRE = 3.2, 95% CI: 2.4, 4.1) and the
Cox model (HR = 2.8, 95% CI: 1.2, 6.40). Prior HMPV infection was also associated
with a statistically significant increased hazard of Flu B, with an IRRE = 20.8, and HR =
20.8 (95% CI: 2.90, 148.90). HRV, RSVA and CoV infections also occurred prior to, and
were risk factors for, Flu B infection, but the associations were not statistically
significant.
Influenza A (Flu A) Outcome
Flu A was never detected as a second swab (Table 3-2). None of the prior
infection variables were significantly associated with subsequent Flu A infection in either
the IRRE calculation or in the Cox model (Table 3-3).
Human Rhinovirus (HRV) Outcome
Any prior ILI was associated with a 42.3 times increased hazard of HRV infection
from the IRR calculation, and 43.9 times increased hazard in the Cox model (95% CI:
20.87, 92.24). Prior infection with Flu A and CoV were similarly statistically significantly
associated with increased hazard of HRV infection. In the IRR calculation, prior Flu A
infection was estimated to increase the hazard of HRV infection by 2.7 times increased
hazard of HRV infection, and by 4.3 times (95% CI: 1.34, 13.84) in the Cox model.
Likewise, CoV infection was associated with a 5.6 times and 5.1 (95% CI: 1.58, 16.50)
times increased hazard of HRV infection in the IRR calculation and Cox model,
respectively.
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Coronavirus (CoV) Outcome
Prior ILI was associated with a 41.6 times increased hazard of CoV through the
IRR calculation, and a 31.2 times increased hazard in the Cox model (95% CI: 14.65,
66.47). Additionally, prior HMPV infection was associated with a 44.7 times and 70.1
times (95% CI: 9.55, 514.51) increased hazard in the calculation and model,
respectively.
Multivariate, Mixed Effects Model
Multivariate, mixed effects Cox models were then run with sex and infection
history as fixed effects, and school and grade as random effects (Table 3-4). Of note, no
prior infection had a significant protective effect against any of the three models. An
summary of model-specific results is presented below.
Influenza B (Flu B) outcome
Prior infection with Flu A remained a statistically significant risk factor for Flu B
infection (HR = 2.7, 95% CI: 1.87, 3.55) after controlling for all covariates. Prior HMPV
infection similarly remained a statistically significant risk factor for Flu B infection in the
multivariate model, but its effect size was substantially attenuated (HR = 10.1, 95% CI:
8.03, 12.07). Prior infection with CV, RSVA and HRV, as well as gender remained nonsignificantly associated with Flu B infection.
Influenza A (Flu A) outcome
None of the prior infection variables were statistically significantly associated with
the hazard of Flu A infection. Similarly, gender was not statistically significantly
associated with Flu A infection (HR = 1.02, 95%CI: 0.49, 1.55).
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Table 3-3. IRR estimate and univariate Cox regression for each pathogen outcome
Flu B

Flu A

IRR
(95% CI)

HR
(95% CI)

Previous Swab

4.31
(3.71, 4.90)

2.26
(1.25, 4.09)

Previous Flu A

3.24
(2.42, 4.06)

2.82
(1.24, 6.40)

3.15
(2.16, 4.06)
20.84
(18.87,
22.81)
1.85
(0.00, 3.82)

2.45
(0.90, 6.63)
20.79
(2.90,
148.90)
1.4
(0.20, 10.02)

1.18
(0.00, 3.15)

1.02
(0.14, 7.29)

Variables

IRR
(95%
CI)

HRV

HR
(95% CI)

CoV

IRR
(95% CI)

HR
(95% CI)

IRR
(95% CI)

HR
(95% CI)

45.66
(45.40,
45.92)
4.15
(3.46, 4.84)
1.29
(0.00, 3.29)
5.32
(4.63, 6.01)

43.87
(20.87,
92.24)
4.3
(1.34, 13.84)
1.37
(0.19, 10.07)
5.11
(1.58, 16.50)

41.62
(40.87,
42.36)
2.43
(1.03, 3.85)
1.11
(0.00, 3.09)

31.2
(14.65,
66.47)
2.57
(0.63, 10.52)
2.8
(0.37, 20.99)

44.68
(42.70,
46.66)

70.09
(9.55,514.51)

Previous
Infections

Previous Flu B
Previous CoV
Previous HMPV
Previous RSVA

5.02
(3.02, 7.02)

4.75
(0.65, 34.53)

Previous RSVB
Previous HRV
Previous Adeno
Previous PIV
Gender
Male
Female

1.13
(0.80, 1.61)
REF

1.02
(0.61,
1.71)
REF
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1.02
(0.88, 1.16)

1.47
(0.84, 2.56)

1.12
(0.67, 1.86)

REF

REF

Table 3-3. Continued
Flu B
IRR
(95% CI)

Variables

Flu A

HR
(95% CI)

IRR
(95% CI)

HRV

HR
(95% CI)

IRR
(95% CI)

CoV

HR
(95% CI)

IRR
(95% CI)

HR
(95% CI)

Grade
KG

0.63 (0.21, 1.87)

K

0.38 (0.18, 0.82)

0.64 (0.27, 1.53)

0.14 (0.02, 1.13)

1.08 (0.14, 8.53)

1

REF

REF

REF

REF

2

1.02 (0.60, 1.73)

0.74 (0.33, 1.62)

1.91 (0.82, 4.45)

0.84 (0.32, 2.17)

3

0.98 (0.58, 1.68)

0.19 (0.06, 0.67)

1.14 (0.45, 2.89)

0.60 (0.21, 1.69)

4

0.95 (0.55, 1.63)

0.38 (0.15, 1.00)

0.79 (0.29, 2.18)

0.80 (0.31, 2.09)

5

0.15 (0.06, 0.40)

0.36 (0.15, 0.85)

0.17 (0.04, 0.81)

0.39 (0.13, 1.17)

0.55 (0.16, 1.83)

1.63 (0.69, 3.85)

1.29 (0.16,
10.31)

2.25 (0.49, 10.43)

6
7

0.29 (0.04, 2.15)

0.13 (0.03, 0.57)

8
9

0.31 (0.07, 1.31)

10

0.15 (0.02, 1.12)

0.39 (0.09, 1.75)

0.40 (0.05, 3.14)
0.86 (0.18, 4.09)

0.39 (0.05, 3.10)

0.53 (0.12, 2.34)

0.57 (0.07, 4.63)

0.53 (0.07, 4.18)

REF

REF

REF

REF

BHHS

0.72 (0.17, 3.01)

0.59 (0.18, 1.97)

0.40 (0.11, 1.46)

0.51 (0.13, 1.99)

BME

5.28 (2.02, 13.80)

2.88 (1.10, 7.54)

1.70 (0.70, 4.15)

1.44 (0.51, 4.03)

11
12
School
BHE

CIS

0.54 (0.16, 1.89)

0.61 (0.23, 1.57)

0.18 (0.05, 0.66)

1.01 (0.40, 2.54)

FSE

2.08 (0.71, 6.07)

1.66 (0.57, 4.87)

1.14 (0.43, 3.02)

0.18 (0.02, 1.47)

ME

5.57 (2.08, 14.93)

0.88 (0.29, 2.69)

0.79 (0.26, 2.34)

0.81 (0.24, 2.77)

MK

1.13 (0.36, 3.58)

0.36 (0.07, 1.79)

0.55 (0.18, 1.68)

0.98 (0.34, 2.84)

SCE

3.52 (1.35, 9.20)

1.10 (0.37, 3.22)

0.47 (0.15, 1.44)

0.60 (0.19, 1.91)

WVE

8.16 (3.15, 21.13)

0.94 (0.24, 3.70)

0.37 (0.08, 1.76)

2.89 (1.12, 7.47)
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Human rhinovirus (HRV) outcome
As with the Flu B model, prior infection with Flu A remained a significant risk
factor for HRV infection in the multivariate model, though the magnitude of its effect
decreased after controlling for all covariates (HR = 3.5, 95% CI: 2.27, 4.67). Similarly,
prior CV infection remained a significant risk factor, and was associated with a 4.2 times
increased hazard of HRV infection (95% CI: 2.97, 5.43). While prior RSVA infection was
not significantly associated with HRV infection in the univariate model, after controlling
for all covariates, it became a statistically significant risk factor for HRV (HR = 4.02, 95%
CI: 2.00, 6.04).
Coronavirus (CoV) outcome
The effect of prior infection with Flu A on the hazard of CoV infection increased
from 2.6 in the univariate model to 2.8 in the multivariate model (95% CI: 1.39, 4.21).
Additionally, prior HMPV infection remained a statistically significant risk factor with a
large effect size in the multivariate model (HR = 52.3, 95% CI: 50.19, 54.31).
Discussion
This study used a survival analysis framework to examine how prior infection with
specific respiratory viruses influences the infection hazards for Flu B, HRV and CoV
during the same respiratory disease season. During the surveillance period, there were
a total of 29 students who had PCR-confirmed viral infections on two separate
occasions. 12 of the 29-second infections were Flu B, and 6 of the second infections
were each HRV and CoV.
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Table 3-4. Multivariate, Mixed Effects Cox Regression for Each Pathogen Outcome
Flu B
Fixed
HR
Effects
Previous Infections
Previous
2.71
Flu A
Previous
Flu B
Previous
1.96
CoV
Previous
10.05
HMPV
Previous
1.21
RSVA
Previous
RSVB
Previous
1
HRV
Previous
Adenovirus
Previous
PIV
Gender
Male
Female
Random
Effects
Grade
School

Flu A
95% CI

HR

HRV

95% CI

(1.87, 3.55)

CoV

HR

95% CI

HR

95% CI

3.47

(2.27, 4.67)

2.8

(1.39, 4.21)

0.88

(0.00, 2.94)

2.74

(0.70, 4.78)

4.2

(2.97, 5.43)
52.25

(50.19,
54.31)

(0.94, 2.98)
(8.03,
12.07)
(0.00, 3.20)

4.02

(2.00, 6.04)

(0.00, 3.02)

1.01

(0.66, 1.36)

1.02

(0.49, 1.55)

1.38

(0.83, 1.93)

1.15

(0.64, 1.66)

REF
Standard
Deviation
0.74

REF

REF

Variance

Variance

0.55

0.25

0.25

REF
Standard
Deviation
0.3

REF

Variance

REF
Standard
Deviation
0.5

REF

Variance

REF
Standard
Deviation
0.5

0.67

0.45

0.36

0.13

0.47

0.22

0.48

0.23
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0.09

Any Swab Hazard Estimates
Having had a prior swab, regardless of whether or not there was a PCRconfirmed infection was shown to have a statistically significant association with each
Flu B, HRV and CoV infection in univariate analysis (Table 3-3), but not in the Flu A
analysis. There was a large outbreak of Flu A in this population at the beginning of the
respiratory disease season, which is a possible explanation for why there no second
swabs tested positive for Flu A. The positive results in the Flu B, HRV and CoV models
could also be indicative that past participation in self-reporting surveillance systems may
predict future participation, rather than a true association between prior and subsequent
infection. An additional explanation could be that prior infections with specific viruses,
through antibody-mediated enhancement, were responsible for the observed
association. Oppositely, it could suggest that individuals with repeated ILI may have
chronic exposure to, or other risk factors for, viral respiratory infections. A more detailed
discussion of confounding is under Limitations.
To further examine this general association, we then ran multivariate, mixed
effects Cox models to determine if the observed association was due to confirmed
infection with specific pathogens, or an artifact of the surveillance system. While this
surveillance effect could not be eliminated, we were able to determine that having any
prior swab (and thus ILI) was predictive of future Flu B, HRV and CoV infections.
IRRE estimates for infection with Flu B and univariate Cox models suggested that
prior infection with Flu A and HMPV were significant risk factors (Table 3-3). These
results held consistent in the multivariate model (Table 3-4). Similarly, prior Flu A
infection was significantly associated with HRV and CoV infection (HR = 3.5 and 2.8,
respectively) in the corresponding multivariate models. Additionally, prior infection with
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RSVA was statistically significantly associated with HRV infection (HR = 4.02, 95% CI:
2.00, 6.04), and prior HMPV infection was statistically significantly associated with CoV
infection.
The significant association between prior Flu A infection and subsequent Flu B
infection may be indicative of adaptive immune enhancement, due to their genetic
similarities.
Limitations. This study is subject to a number of limitations. First, the data used
in this study come from surveillance in two school districts in one county during one
respiratory disease season. Care should be given in extrapolating these findings to
different populations, and if possible, should be done on surveillance data from multiple
respiratory disease seasons in order to more precisely describe the relationship
between prior infection and the within-season hazard of subsequent infection among
this high-risk demographic.
Second, surveillance system was based on absenteeism. In order for a child to
be able to miss school, an adult must be able to stay home with him/her. Thus, children
from families of high socioeconomic status who can afford a nanny or for one parent to
miss work or not work altogether are more likely to be absent given ILI symptoms than a
child from a family of lower socioeconomic status. Information on socioeconomic status
was not available, and therefore could not be included in the model. However, public
school attendance is generally based on the geographic location of the child’s home,
and that is associated with socioeconomic status. Schools were treated as random
effects in order to focus on prior infection history among the individuals rather than the
nested risk at the school-level.
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Additionally, most of the risk of influenza infection via direct contact or through
fomites within a school likely occurs at the classroom-level. Because middle and high
school students generally change classes throughout the day, while kindergarteners
and primary school students likely remain in the same class for most of the day, this
information was not included in our models. Measures of social network centrality may
be useful in quantifying the true risk of direct transmission in a school setting.
Furthermore, risk of respiratory infection exists outside of the school setting.
Households, school buses and public spaces are potential sources of infection that
were not considered in this study. While the “time-to-swab” measure inherently captured
some information on these types of exposures in the outcome and time-varying
covariates, the model did not explicitly adjust for possible household or community
exposures.
Next, information on seasonal influenza vaccination status was not available for
all students and therefore was not included in the analysis. Vaccination against
seasonal influenza has been shown to be associated with a significant increase in noninfluenza virus infections(68), which may have impacted our results.
Additionally, respiratory pathogens can be subclinical or asymptomatic, which
means cases of the various pathogens likely went undetected. Further, if prior infection
was asymptomatic or subclinical, it could have a differential effect on clinical disease for
subsequent infections compared to symptomatic prior infections. These unmeasured
confounders pose a potential problem in extrapolating these results, and represent an
avenue for future research. Asymptomatic participants, in addition to those experiencing
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symptoms, should be swabbed throughout the respiratory disease season in order to
estimate the true baseline hazard of infection.
Future studies of prospective respiratory disease surveillance in defined
populations would benefit from additional collection of swabs among persons not
exhibiting ILI throughout the entire respiratory disease season.
Persons who have sought care for a certain condition may be more likely to
subsequently seek care. Thus, it is possible that allowing study or nursing staff in this
study to take a swab could be a predictor of subsequent of allowing a second swab to
be taken later on in the surveillance period. We attempted to test for this by including
“prior swab” regardless of infection outcome as a covariate of interest in the univariate
analysis, and then testing specific pathogens in multivariate models. Indeed, having a
prior swab taken was a statistically significant risk factor for infection with each Flu B,
Flu A, HRV and CoV. By examining the infection outcome associated with those prior
swabs, we found that prior infection by specific pathogens—namely Flu A and HMPV—
may drive the observed association between prior swab and subsequent Flu B and CoV
infection. Similarly, Flu A and CoV may drive the observed association between prior ILI
and CoV infection.
Despite these limitations, our results suggest that enhanced surveillance efforts
among individuals who have already exhibited respiratory infections during the course
of the respiratory disease season may be appropriate for preventing severe clinical
disease. While this finding could be the result of many possible immunological or
surveillance-based mechanisms, this conclusion only needs to depend on an
association between prior infection status and subsequent infection risk.
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Parents, teachers, school administrators, and clinicians should use the results of
this study to take individual-based control measures to prevent subsequent respiratory
infections in children. Clinicians can discuss with parents and children the risk behaviors
associated with respiratory infections, but could also (as an extreme example) prescribe
antiviral drugs prophylactically to children who have already had one infection during the
course of the respiratory disease season. Parents could have heightened awareness of’
respiratory symptoms in children who have already had one infection, and then keep
them out of school and take them to the doctor upon first signs of subsequent illness.
Teachers and administrators can improve sanitization protocols for classrooms and
other public areas in the schools, and can provide hand sanitizers for students before
and after lunch and recess periods. They can also stress to parents the importance of
influenza vaccination, and the importance of removing a child from school if he or she is
sick.
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CHAPTER 4
THE ROLE OF BENZATHINE PENICILIN G AT PREDICTING AND PREVENTING
ALL-CAUSE ACUTE RESPIRATORY DISEASE IN MILITARY RECRUITS
Background
Acute respiratory diseases (ARD) represent a significant concern to the US
military and thus national security, as they are responsible for between 12,000 and
27,000 missed training days among recruits, annually(69). The US Army defines ARD
syndromically; soldiers must present to a medical treatment facility with: oral
temperature > 100.5 degrees Fahrenheit, recent signs or symptoms of acute respiratory
tract inflammation, and either having a limited duty profile or being removed from duty
altogether to have ARD. As a result, both viral and bacterial pathogens, as well as nonpathogenic conditions can result in ARD. Adenoviruses, influenza viruses, respiratory
syncytial viruses and human coronaviruses make up the majority of viral contributors to
ARD, while Streptococcus pneumoniae, Streptococcus pyogenes (“strep”), and
Mycoplasma pneumoniae represent some of the major bacterial etiologic agents of
ARD(70,71).
Recruits at basic combat training (BCT) have been shown to be at higher risk of
ARD compared to their civilian counterparts(70,71). In the 1960s, before the rollout of
the adenovirus vaccine, approximately 80% of trainees would contract a respiratory
infection during BCT. The majority of those infections were attributed to adenovirus
types 4 and 7(72). Of those who contracted a respiratory infection, nearly 20% were
hospitalized(4). This excess risk has been attributed to crowded barracks(73) and other
environmental challenges(74), as well as to stress from physically and psychologicallydemanding conditions(71,73,75,76).
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To address this burden, the oral adenovirus vaccine against types 4 and 7 (AdV4 and -7, referred to here as the “old vaccine”) was routinely used year-round beginning
in 1971(70). The sole manufacturer of AdV-4 and -7 ceased production in 1994 due to
low public demand for the product. The final doses were shipped in 1996, and
distributed to Army recruits only during the winter months until the stockpile was
depleted in 1999(77). As a result of the phase out, ARD rates, particularly adenovirusassociated ARD rates, increased at BCT sites(72). The increased disease burden cost
the Army an estimated $10 - $26 million in medical costs and lost training time annually.
In 2011, a live-enteric coated oral vaccines against types-4 and -7 (“new vaccine”) was
approved for use in military personnel(78). The subsequent year-round administration of
the new vaccines resulted in drastic, sustained declines in ARD at all BCT
installations(77,78).
Benzathine penicillin G (BPG, trade name “Bicillin”) is a high-dose antibiotic
injection administered to military recruits upon accession to BCT. Prophylactic use of
BPG is intended to reduce the impact of imported bacterial infections on troop health
upon entry to BCT in hopes of preventing further spread(79). Multiple studies have
suggested that BPG and other antibiotic prophylaxis have positive effects on recruit
health and ARD rates(80,81). Injection with 1.2 million units of BPG has been shown to
provide protection against infection with strep and other bacterial pathogens for up to six
weeks (79), with other studies suggesting the duration may be shorter(82). One such
study found that the duration of protection may be as low as less than two weeks in
Navy recruits(83). Generally, BPG prophylaxis is given to all Army recruits upon entry to
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the 10-week long BCT program. Additional doses are not administered to trainees after
protection wanes.
Although it has been Army policy to administer BPG to new recruits since the
1950s, there has been some variability in administration. For reasons that are not clear,
Fort Jackson has never given BPG prophylaxis. Also, multiple BPG manufacturing
problems resulted in relatively minor and localized supply shortages, and some of these
shortages were associated with increases in ARD burden. One of the most extensive
BPG shortages occurred in April – July 2016 and affected all BCT installations. Fort
Benning chose not to resume routine prophylaxis after the shortage ended, and thus
has not administered BPG since March 2016.. The variability in the use of BPG in time
relative to variability in adenovirus vaccine administration at different sites provides an
opportunity to conduct an observational study of the impact of BPG use on ARD.
Here we fit, k-fold cross-validated and externally validated random forest (RF)
and Poisson regression (PR) models to weekly counts of ARD in Army recruits at BCT
installations from January 1991 to April 2017 in order to evaluate the role of BPG
prophylaxis at reducing ARD incidence. We evaluated the relative performance of the
RF to the PR in predicting all-cause ARD, and quantified the relative importance of BPG
and other covariates in this prediction. We hypothesized that BPG availability would be
significantly associated with ARD. Specifically, we hypothesized that BPG would have a
moderately protective effect on ARD incidence, and that its effect size would be lower
than that of the new adenovirus vaccine.
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Materials and Methods
Data
As mentioned above, a trainee is said to have ARD if he or she presents to a
medical treatment facility with: oral temperature > 100.5 degrees Fahrenheit, recent
signs or symptoms of acute respiratory tract inflammation, and either having a limited
duty profile or being removed from duty altogether. Weekly counts of all-cause ARD
from January 1991 – April 2017 among recruits at the four BCT installations, recruit
population size and training type (BCT or a longer program called One Station Unit
Training—OSUT—a combined BCT-advanced individual training (AIT) program
whereby both training programs are completed in succession at the same installation
rather than completing BCT at one installation and traveling to a second installation for
AIT) were obtained from the Army ARD Surveillance Program(84). BCT installations are
required to report weekly counts of ARD to Army Public Health Center as part as part of
the ARD Surveillance Program. Data on BPG prophylaxis and adenovirus vaccine
availability (both the old and new vaccines) were extracted from the literature and crossreferenced against ARD Surveillance reports and Army memoranda.
Analysis
Data cleaning and analysis were implemented using R version 3.2.1 (R Core
Team 2014). Both a random forest (RF) model and a Poisson regression (PR) model
were used in a k-fold cross-validation framework (k = 5), with three years of data—one
from each “era” of adenovirus vaccine availability—held out for external validation. In kfold cross-validation, the data are partitioned into k subsets (“folds”) of roughly equal
size. The model is then trained on k-1 folds and used to predict values in the kth fold.
The process is iterative so that each of the folds acts as the test set and a predicted
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value is generated for every observation in the original data set. Performance was
evaluated by comparing mean absolute error (MAE) across folds within the same model
and within each fold across models(14). K=5 was selected in order to conserve
computational power, while also providing an 80/20 split between the training and
testing set in each of the iterations. The superiority of the RF relative to the PR was
calculated by
100*[1 – (MAERF / MAEPR)] ,

(4-1)

and statistical significance of these MAEs was determined through a Student’s t-test
adjusted for sample overlap(16).
RF procedures and prediction metrics were run using the randomForest(30), and
forecast(35) R packages, respectively. Random forest models are a nonlinear ensemble
of decision trees in which bootstrapped samples from the original data set are used for
model construction, while the remaining observations constitute the out-of-box sample
on which to test the model’s performance(31–33). A single decision tree in the random
forest represents a hierarchical partition of the bootstrapped data grown by considering
highly discriminative variables among randomly drawn subsets of the entire covariate
set(31). Each level of categorical variables was fed into the model as a binary variable
in order to minimize bias in selecting variables to split on(34). Mean squared error
(MSE) was used as a metric for variable importance to assess the relative predictive
ability of each covariate in the model, including BPG.
PR was used to estimate incidence rate ratios (IRRs) and corresponding
confidence intervals for BPG and each of the covariates on weekly ARD. Trainee
population size was included in this model as an offset rather than as a fixed effect in
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order to adjust for how the size of the population at risk influences the likelihood of
observing more cases.
The RF model was then re-run on the external validation set, and variable
importance measures were extracted and compared to the average importance
measures from the cross-validation. Similarly, a PR model was performed on the
external validation set. The MAEs for the RF and PR models were compared using
Equation 4-1.
We then ran PR separately on the entire training data set (used in the crossvalidation) to obtain IRR point estimates and corresponding confidence intervals for
BPG and other covariates. These IRR estimates allowed us to test the hypothesis that
BPG would have a significant protective effect on the rate of all-cause ARD, and to
compare the magnitude of the effect to that of adenovirus vaccine.
Results
Prediction
Cross-validation (22.5 years)
Figure 4-1 presents the raw time series (1991 – 2017) for the four BCT
installations, Fort Sill (top left), Fort Benning (top right), Fort Leonard Wood (bottom left)
and Fort Jackson (bottom right).
The predicted values from the random forest and Poisson regression 5-fold
cross-validation analyses are overlaid on the original time series in Figure 4-2.
Prediction accuracy for the RF and PR k-fold cross validation analyses are presented in
Table 4-1.
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Figure 4-1. Time series of ARD cases from 1991 - 2017 at Fort Sill (top left), Fort
Leonard Wood (top right), Fort Benning (bottom left), and Fort Jackson
(bottom right). The period between the red bars is the adenovirus vaccine
shortage, with the time preceding the left bar representing the “old” vaccine
era, and the “new” vaccine era to the right of the right bar. Green shading
indicates BPG prophylaxis shortage. Fort Jackson never has used BPG for
prophylaxis.
The RF model was able to explain on average 65.2% of the variance in the data
across the folds, and the estimates across each testing fold were consistent ranging
from 63.8% - 66.5%. The RF model, on average and for each individual fold, had a
lower MAE than the PR, average MAE of 6.5 (range 6.3 – 6.7), and 7.3 (range 7.1 –
7.7) for the random forest and Poisson regression models, respectively. From Equation
4-1, the average superiority of the random forest model over the Poisson regression
model was estimated at 11.6%, with a range of 10.9% - 12.1% across folds. This
difference was statistically significant (P<0.001).
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Variable importance, as measured by percent increase in mean squared error
(MSE) for each independent variable when left out of models, in each fold of the random
forest model is presented in Table 4-2. Of note, the new adenovirus vaccine was the
most important variable in all five folds, with an average of 133% increase in MSE.
Trainee class size in hundreds and the old adenovirus vaccine were the second and
third most important variables with mean % increase MSE of 83% and 75%,
respectively. The month of January and training type were the next most important
predictors, with percent increase MSE values of 39%, 35%, respectively. Exclusion of
an indicator of BPG use increased MSE by an average of 21.2%.

Figure 4-2. Predicted and Observed Values from the 5-Fold Cross-Validation
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Table 4-1. Comparing Prediction Accuracy for 5-Fold Cross-Validation by Mean
Absolute Error for Random Forest and Poisson Regression
% Variance
Explained Random
MAE Random MAE Poisson
1 - Ratio of
Forest
Forest
Regression
MAE
Fold 1
65.37
6.53
7.33
10.91
Fold 2

66.49

6.72

7.66

12.27

Fold 3

63.75

6.44

7.28

11.54

Fold 4

65.83

6.46

7.31

11.63

Fold 5

64.39

6.27

7.13

12.06

Average

65.17

6.48

7.34

11.68

External Validation
Both the PR and RF models were used to predict ARD case counts in an
external validation set consisting of three years—one from each adenovirus vaccine
“era”. Figure 4-3 overlays the predicted values from each of the two models on the
observed data. The RF model still out-performed the PR by 20.9%, with MAE values of
4.9 and 6.2 for the RF and PR, respectively (data not shown).
Table 4-3 presents the average variable importance measures for the covariates
from the cross-validated random forest model, and those from when the same random
forest model was applied to the external validation set. The five most important
variables in the cross-validation analysis were also the five most important variables in
the validation analysis: the new adenovirus vaccine availability, trainee population size,
old adenovirus vaccine availability, the month of January and training type. In both
analyses, BPG availability was ranked as the 9th most important variable.
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Table 4-2. Variable Importance (% Increase Mean Squared Error when left out) for
Random Forest Model (k-fold cross-validation) Using Trainee Class Size
Variable
Mean
SD
Minimum
Maximum
Population in hundreds

83.4

5.4

74.9

89.7

Fort Sill

22.9

2.9

20.0

26.8

Fort Leonard Wood

18.2

0.8

17.4

19.5

Fort Benning

17.9

1.3

16.4

19.3

Fort Jackson

21.8

1.2

20.0

23.4

January

39.0

3.4

33.8

42.6

February

23.0

2.1

20.9

25.7

March

14.4

4.9

9.4

21.1

April

9.3

1.6

7.4

11.4

May

15.3

3.1

11.7

19.6

June

8.2

3.4

5.2

13.6

July

10.6

1.5

9.3

12.9

August

11.4

3.3

6.6

15.2

September

4.3

3.8

0.5

10.3

October

3.0

1.2

2.0

4.8

November

8.6

4.0

3.0

13.6

December

-1.4

7.3

-8.4

9.5

BPG

20.8

1.4

19.2

22.3

Old Adenovirus Vaccine

75.3

3.2

71.7

80.1

New Adenovirus Vaccine

133.1

5.3

127.6

141.8

BCT/OSUT

35.1

2.4

32.7

38.7
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Table 4-3. Comparison of variable importance between the cross-validation set and the
external validation set from RF models
Variable
New Adenovirus
Vaccine
Trainee Population
Size in Hundreds
Old Adenovirus
Vaccine
January
Training Type
(BCT/OSUT)
February
Fort Sill
Fort Jackson
BPG Availability
Fort Leonard Wood
Fort Benning
May
March
August
July
April
November
June
September
October
December

Average % Increase MSE CV

% Increase MSE EV

133.09

131.46

83.398

82.34

75.262
38.998

71.67
40.71

35.146
23
22.926
21.794
20.806
18.226
17.928
15.274
14.39
11.404
10.56
9.258
8.566
8.16
4.262
3.002
-1.424

35.69
25.17
21.75
20.85
19.96
19.51
16.7
13.75
9.76
9.68
9.54
9.26
9
7.34
4.84
3.03
1.95

Inference on BPG Effectiveness
Poisson regression model results from the training data set used in the crossvalidation procedure are presented in Table 4-4 to obtain IRRs. BPG prophylaxis
availability was found to be significantly protective against all-cause ARD (IRR = 0.68,
95% CI: 0.67, 0.70). Similarly, both the old and new adenovirus vaccines were
significantly protective against ARD when compared to the adenovirus vaccine
shortage, with IRRs of 0.39 (95% CI: 038, 0.39) and 0.11 (95% CI: 0.10, 0.11),
respectively. Compared to Fort Jackson, Forts Benning and Leonard Wood were
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significant risk factors for ARD (IRR = 1.17, 95%CI: 1.13, 1.20, and IRR = 1.29, 95%CI:
1.26, 1.33, respectively). Fort Sill was significantly protective compared to Fort Jackson
(IRR = 0.67, 95%CI: 0.65, 0.69). BCT training was a significant risk factor compared to
OSUT.

Figure 4-3. Predicted and Observed ARD Case Counts in External Validation Set
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Table 4-4. Incidence Rate Ratios for Independent Variables in the Poisson Regression
Model on the Training Data with Population Offset (22.5 years)
Variable
IRR
95% CI
P-Value
Installation
Fort Sill 0.67
(0.65, 0.69)
<0.001
Fort Benning 1.17
(1.13, 1.20)
<0.001
Fort Leonard Wood 1.29
(1.26, 1.33)
<0.001
Fort Jackson REF
REF
REF
Month
January 0.55
(0.53, 0.57)
<0.001
February 0.81
(0.78, 0.83)
<0.001
March 1.06
(1.03, 1.08)
<0.001
April 1.07
(1.04, 1.10)
<0.001
May 1.11
(1.08, 1.14)
<0.001
June 0.93
(0.90, 0.95)
<0.001
July 1.02
(0.99, 1.04)
0.211
August 1.08
(1.06, 1.11)
<0.001
September REF
REF
REF
October 1.03
(1.00, 1.05)
0.031
November 1.11
(1.08, 1.14)
<0.001
December 1.04
(1.01, 1.07)
0.018
BPG Availability
Available 0.68
(0.67, 0.70)
<0.001
Shortage REF
REF
REF
Adenovirus Vaccine Availability
New Vaccine 0.11
(0.11, 0.11)
<0.001
Old Vaccine 0.39
(0.38, 0.39)
<0.001
Shortage REF
REF
REF
Discussion
In this study, we sought to build a predictive model for all-cause ARD and assess
how important BPG and other covariates are in its performance. Furthermore, we
hypothesized that BPG was significantly associated with all-cause ARD—specifically,
that BPG would have a significant, moderately predictive of and protective against allcause ARD. We also hypothesized that the magnitudes of its association and predictive
ability would be lower than those of the new adenovirus vaccine.
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The random forest model explained on average over 65% of the variance in the
data, and outperformed the Poisson regression model the k-fold cross validation by
11.6% (Table 4-1). In the external validation, the random forest model’s predictive
accuracy was over 20% superior to that of the Poisson regression model.
BPG, in the PR on the full dataset, was associated with a 32% reduction in ARD
cases (IRR = 0.68; 95%CI: 0.67, 0.70). In the random forest k-fold cross-validation,
BPG was found to be the 7th most important variable, with a 21 percent increase in
RMSE. This indicates that while BPG availability is not highly predictive of all-cause
ARD, it does have a significantly protective effect. This result is consistent with a
previous study which found that BPG prophylaxis was associated with a broad and
persistent protection against not only group A streptococcal infections, but ARD in
general(85).
It is well-established that the development of the new adenovirus vaccine was
associated with substantial declines in ARD(77,78). Our finding that the new adenovirus
vaccine was associated with an 89% lower incidence rate compared to when there was
no adenovirus vaccine further supports its effectiveness. The old adenovirus vaccine,
which was thought to be effective(86) but not to the same degree as the new
vaccine(77), was similarly statistically significantly protective against ARD, with a 61%
reduced IRR compared to weeks when there was no adenovirus vaccine available.
Trainee population size in hundreds was the second most important variable in
the random forest model, representing an 84% mean increase in MSE across the five
folds. This result was expected, since larger trainee class sizes means that more people
are at risk of contracting ARD. In the Poisson model, log trainee population size in
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hundreds was included as an offset in order to constrain its effect on the remaining
variables’ coefficient estimates.
Temporal covariates such as the months of January and February were also
important variables, associated with an average of 42% and 25% increase in RMSE,
respectively. However, January and February both shown to be statistically significant
protective factors (IRR = 0.53 and 0.81, respectively) on ARD. January comes after
what is usually an extended winter holiday when trainees are permitted to leave the
installation. Leaving the psychologically and physically stressful BCT environment may
result in improved temporary immune function upon their return(76). Furthermore, the
New Year could be when large numbers of new recruits first arrive at BCT. As a result,
recruits at installations with BPG prophylaxis available would be protected against the
common bacterial pathogens responsible for ARD, with protection extending into
February.
Fort Leonard Wood and Fort Benning were both found to be significant risk
factors for ARD compared to Fort Jackson (IRRs = 1.29 and 1.17 with 95% CIs of 1.26,
1.33, and 1.13, 1.20, respectively). Oppositely, Fort Sill was found to be significantly
protective against ARD (IRR = 0.67, 95% CI: 0.65, 0.69). Each base may have a
different baseline risk for the various pathogens that make up ARD due to varying
environmental conditions across sites, and the protocol for assigning new recruits to
BCT sites. Recruits from different parts of the country may have different immune
profiles and thus may be more or less susceptible to infection from pathogens
vulnerable to BPG.
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Limitations. This study is subject to a number of limitations. First, BPG
prophylaxis availability does not mean that BPG was not available or used reactively to
control an ongoing outbreak. Situations where BPG was used to control an outbreak
were not explicitly captured in the ARD Surveillance Program. Additionally, only those in
the impacted trainee class or barrack would receive the antibiotic, and not necessarily
all trainees in the installation. Similarly, adenovirus vaccine availability does not
necessarily reflect use. There could be variability in administration in the few years
between when the final adenovirus vaccine shipments and when the installations’
respective stockpiles were depleted.
Second, ARD has a syndromic case definition that encompasses viral and
bacterial respiratory pathogens. Since BPG is an antibiotic, it is only effective against
specific gram-positive bacteria, including some Streptococci and Treponema.
Meanwhile, it is thought that the majority of ARD in this population is caused by viral
pathogens(70,71). BPG effectiveness in a given week is a function of the composition of
respiratory pathogens circulating in the recruit population; this is not captured as part of
the ARD Surveillance Program. Military treatment facilities are encouraged to test for
strep in at least 60% of recruits with ARD, but true strep test compliance rates are
around 30%. We opted to use ARD rather than a strep-specific outcome due to low,
potentially differential testing compliance rates across installations over time.
Next, the only type of temporal variation taken into account was month, and not
week, season or year. Taking into account week of the year would have resulted in
estimating an additional 52 parameters, which would have been computationally
intensive and would have significantly decreased our statistical power. Year was not
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included in the analysis so that the resulting models could be then used to forecast ARD
for prospective outbreak detection. Season was not included because within-season
variation in weather patterns, as well as overall seasonal trends, should have been
captured by the finer temporal scale.
The results of this work suggest that BPG prophylaxis reduces the rate of allcause ARD by 32%. A randomized controlled trial to test the effectiveness of different
dosing regimens of this intervention at reducing ARD would provide additional data on
the modes of action and overall effectiveness.
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CHAPTER 5
CONCLUDING THOUGHTS AND FUTURE DIRECTIONS
This dissertation presented three case studies in how epidemiological models
can be fit to data to provide guidance to clinicians, public health practice agencies and
public health policymakers. Below we provide an overview of the findings and public
health importance of each of the studies, and conclude with future directions for this
research.
Clinical Decision Support
Infectious diseases continue to pose a major public health concern in developing
nations, as well as in special high-risk subgroups in the United States. Patients who visit
a medical clinic due to an illness should receive the best possible medical care,
regardless of where they live or their sociodemographic characteristics. Unfortunately,
many countries and underserved areas do not have the material or human resources to
successfully diagnose and treat every patient who seeks care in a timely fashion. One
such example is laboratory services. Samples taken from patients must be stored in
special media at specific temperatures and then sent to laboratories to run tests on
special equipment which could take days or weeks to get processed and have the
results returned. Additional resources to enable clinicians to make accurate diagnoses
at point-of-care are essential to improve individual health outcomes. Epidemiological
models that incorporate patient clinical symptoms, medical histories and demographic
information can be used to predict health outcomes with reasonable sensitivity and
specificity. These methods and the guidance they provide can be used in resourcelimited settings to help improve access to quality medical care.
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In Chapter 2, we applied regression and machine learning models to clinical
symptom and demographic data from febrile children in Haiti to predict arbovirus
infection outcomes for DENV, CHIKV and ZIKV. All three arboviruses have similar
clinical presentations, and require laboratory resources for diagnostic confirmation. Pain
management is important in treating all three pathogens, but patients with DENV
infection should not be given non-steroidal anti-inflammatory drugs (NSAID) because
they increase the likelihood of clinical complications. NSAID, however, should be used
for pain management of CHIKV infection. Our models of CHIKV had 72% sensitivity and
63% specificity, with 86% AUROC. Arthralgia was the most important clinical symptom
in predicting CHIKV infection; removing arthralgia from the RF model was associated
with a 140% increase in MSE, and was associated with a 21.6 times increased odds of
CHIKV infection in the multivariate logistic regression analysis (95%CI: 6.8, 87.2). This
result indicates that screening for arthralgia may be sufficient in classifying patients with
acute febrile illness as CHIKV-positive, and thus may be useful in deciding whether or
not to prescribe NSAID to patients.
We also explored the clinical spectrum of illness among the patients and
examined how patients clustered based on their symptomology, and whether or not
those patients were PCR-positive for one or more arboviruses. We found that CHIKV
patients clustered into two main groups: one that experienced high rates of nearly every
symptom measured, and another with very low rates of all symptoms except for
arthralgia and headache. Thus, the clinical presentation of CHIKV is highly variable, and
this should be considered when making a differential diagnosis and developing a pain
management plan.
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This study should be repeated with data from more patients in different areas of
Haiti, as well as in other regions with co-incident epidemics of DENV, CHIKV and ZIKV,
in order to have more generalizable results.
Public Health Surveillance
Epidemiological models utilize data collected by surveillance systems in order to
estimate risk factors for infection or post-infection outcomes. Individuals who are part of
subpopulations identified as “high risk” can be targeted for additional surveillance or for
interventions to alleviate some of the disproportionate risk. Syndromic-based
surveillance, such as that for ILI is restricted. Without taking samples and performing
diagnostic tests, it is impossible to know what etiologic agent is responsible for the
observed clinical disease.
In Chapter 3, we used PCR-confirmed infection data from school children that
were absent with an ILI in order to quantify the effect of prior infection with specific
viruses on the risk of subsequent infection in the same influenza season. We found that
having had a nasal swab as a result of an ILI-associated absence was statistically
significantly associated with the risk of Flu B, HRV and CoV infection. The results of this
study suggest that individuals with histories of ILI should be targeted for surveillance
and intervention activities to prevent subsequent infection.
By further examining prior infection with specific respiratory viruses, we found
that prior Flu A infection was a significant risk factor for subsequent Flu B infection.
Similarly, prior HMPV infection was a significant risk factor for subsequent Flu B
infection. These results provide evidence in support of possible immune-mediated
enhancement, and evidence against the theory of a refractory period in which there is
non-specific, ephemeral immunity following infection, respectively.
87

The analysis presented in Chapter 3 should be repeated for additional respiratory
disease seasons in order to increase statistical power, and to determine the extent to
which the order of infections matters. In the present study, there was a wave of Flu A
that occurred in the first part of the season, followed by a wave of Flu B later on. As our
results have suggested, order of infections may matter, so examining seasons with
different pathogen compositions and outbreak timings will be important.
Additionally, information on negative swabs and students who had ILI but did not
provide a swab should be considered in future models. These students represent the
overall burden of ILI experienced in the community, and this information would improve
estimates on the role of past ILI in predicting future ILI within the same respiratory
disease season.
Public Health Intervention Evaluation
Surveillance data from pre- and post- intervention implementation provide the
necessary foundation to evaluate the impact of an intervention on population-level
health metrics. Recommendations can then be made for further studies to refine the
intervention distribution in order to cost-effectively prevent morbidity and mortality.
We saw in Chapter 4 that periods of BPG availability were associated with a
statistically significant decreased incidence of ARD among military recruits, after
controlling for month, installation, training type, and adenovirus vaccine availability. We
also saw that this relationship had a lower effect size that that of either the old or new
adenovirus vaccine.
It has been shown previously that BPG’s duration of protection is approximately 4
weeks long, which is substantially shorter than the duration of BCT. Additional studies
are needed—including one using a survival analysis framework similar to Chapter 3—to
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examine how the hazard of ARD changes as a function of BPG prophylaxis, and if a
second “boosting” dose is needed to sufficiently protect recruits throughout the duration
of their training. Additionally, surveillance for antimicrobial resistance should be actively
pursued, particularly for streptococcal infections for situational awareness and to further
advise ARD control strategies moving forward.
Concluding Thoughts
Statistical and machine learning models are invaluable tools for epidemiologists
and public health practitioners as they seek to better understand the drivers of infectious
disease transmission in the populations most affected, then take action to minimize
disease burden. Clinical and surveillance data provide detailed information that, if
modeled correctly and communicated effectively to clinicians and policymakers, can
improve public health practice worldwide.
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